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ABSTRACT
By recommending only, or mostly, items close to our supposedly
known tastes, a recommender system could lead to the narrowing
of the diversity/novelty of the recommended list, leading to the
creation of so-called filter bubbles. Authors however disagree on
the real existence of filter bubbles and, if real, on the responsibility
of algorithms in the process of their creation. This paper aims to
experimentally analyze the potential creation of such filter bubbles
by testing various collaborative filtering algorithms on their intrin-
sic propensity of changing the diversity/novelty of recommended
items, in configurations where users behave, with various intensi-
ties, in a way that could influence the evolution in diversity/novelty.
Results show that both human and algorithmic components could
have an impact on diversity/novelty, depending on the type of
algorithm.

CCS CONCEPTS
•Human-centered computing→Collaborative filtering;Em-
pirical studies in collaborative and social computing.
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1 INTRODUCTION
For years now, the main aim of recommender systems has been
to be as accurate as possible, as the evaluation of the quality of a
recommender system was made through accuracy metrics (such a
metric evaluates the relevance of the recommended items by taking
a distance between predicted evaluations and available evaluations
of users). By recommending only, or mostly, items close to our
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supposedly known tastes (as determined by the available data, which
however only represent a small part of the real tastes of a user),
a recommender system could thus lead to the narrowing of the
diversity/novelty of the recommended list, leading to the creation
of so-called filter bubbles. In their work, [11, 15, 16], some authors
have argued that the reliance on personalization and social media
can lead people to being exposed to a narrow set of viewpoints,
locking people, and preventing them from engaging with ideas
different from their own [10]. Pariser argued in [11] that filter
bubbles introduce three dynamics: first, you are alone in it, second,
the filter bubble is invisible, and third, you do not choose to enter
the bubble.

In addition to narrowing individual viewpoints, other conse-
quences of such filter bubbles include the individual’s loss of their
ability to choose how they want to live [11], the lack of "bridging"
social capital [12], a biased access to information [11, 14], the re-
duction of creativity and innovation [11], the creation of a fertile
ground for polarization and misinformed opinions [13], or even
discrimination (e.g., racial or gender discrimination) [14].

Authors however disagree on the real existence of filter bubbles
and, if real, on the responsibility of algorithms in the process of
their creation.

However, in [3], the authors analyze filtering processes on three
different levels: the individual ("individuals are to different extents
cognitively motivated to search for and add fitting bits of informa-
tion and to ignore or deny conflicting ones"), the social ("human
beings display a tendency to form friendships and other social
network structures preferably with people with whom they share
sociodemographic, behavioral, and intrapersonal characteristics"),
and the technological ("stronger automatic filtering leads to a de-
creased variety of information that is offered to individuals") levels.
In [16], Sunstein states that recommender systems contribute to
fragmentation and polarization of society. Nguyen et al. [9] found
that, by analyzing the effects of a collaborative filtering-based rec-
ommender system on users’ range of interests, the average movie
diversity decreased over time, but the effect was stronger for those
users that did not usually follow the recommendations than for
those who did it frequently. Also, in a study on the effects of a music
platform’s recommender system, Hosanagar and colleagues found
little empirical evidence for fragmentation over time [5], but rather
on an increase in the commonality between the users, showing
that the recommender system helps users explore new items and
expand their preferences.

To provide further insights on the existence of filter bubbles
as well as on their emergence process, this paper aims to experi-
mentally analyze the potential creation of such filter bubbles by
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testing various collaborative filtering algorithms on their intrin-
sic propensity of changing the diversity/novelty of recommended
items, in configurations where users behave, with various intensi-
ties, in a way that could influence the evolution in diversity/novelty.
Collaborative filtering algorithms are based on the definition of
neighborhoods, either of items or of users, to recommend items to
users.

The research question experimentally addressed by this work
could therefore be formulated as: Do collaborative filtering algo-
rithms, by themselves (i.e., by their internal functioning and without
any human interaction), lead to the narrowing of the diversity/novelty
of recommended lists?

Section 2 presents the experimental settings and methodology.
Results are shown and discussed in Section 3, while Section 4 con-
cludes the paper.

2 EXPERIMENTAL SETTINGS
All the developments were made by using the Python 3 program-
ming language.

2.1 Dataset
The data used in this paper are a MovieLens data set containing
ratings, from 1 to 5, assigned by users to movies. The full data
set includes 20,000,263 ratings assigned by 138,493 users to 27,278
movies and is provided by GroupLens [4] (see “MovieLens 20M
Dataset”).

Each tuple contains the id of the user who gave the rating, the
id of the rated movie, the rating and the timestamp, which refers to
the time the rating was given.

2.2 Algorithms
This work focuses on Collaborative Filtering (CF) algorithms, and
therefore compares 4 of such algorithms, described in this section:
an item-based CF algorithm (ICF), a user-based CF algorithm (UCF),
a CF algorithm incorporating more diversity (DivCF), and a CF
algorithm incorporating more novelty (NovCF). Two baseline al-
gorithms, an algorithm offering random recommendations (which
does not require further details), and an algorithm recommending
popular items, are also reported.

To recommend 𝑛 items to users, CF algorithms explore and com-
pare the known preferences of each user (i.e., their purchase his-
tory), on the basis that similarities of the past should still be effective
in the future [8]. In this work, these preferences are saved in a so-
called adjacency matrix, A, where each row corresponds to a user
𝑢 and each column to an item 𝑖 . An element 𝑎𝑢𝑖 of the matrix takes
a value of 1 if user 𝑢 watched movie 𝑖 (no matter the rating), and 0
otherwise.

2.2.1 Item-based CF algorithm (ICF). An item-based CF algorithm
is based on the existing similarities between the items. These sim-
ilarities could be computed through different measures: Pearson
correlation, cosine similarity, etc. [7, 8]. In this work, the cosine
similarity between each pair of items 𝑖 , 𝑗 is used [1], computed by

sim(𝑖, 𝑗) = Cos(𝑖, 𝑗) =
∑
𝑢∈𝑈𝑖 𝑗

𝑎𝑢𝑖𝑎𝑢 𝑗√∑
𝑢∈𝑈𝑖

𝑎2
𝑢𝑖

√∑
𝑢∈𝑈 𝑗

𝑎2
𝑢 𝑗

, (1)

where𝑈𝑖 𝑗 is the set of users who consumed both items 𝑖 and 𝑗 ,𝑈𝑖

(𝑈 𝑗 ) is the set of users who consumed item 𝑖 ( 𝑗 ).
These similarities are then used to identify the 𝑘-nearest neigh-

bors of each item 𝑖 , which correspond to the𝑘 itemswith the highest
similarity scores with item 𝑖 .

The list of 𝑛 items recommended to user 𝑢 is chosen among the
items not yet consumed by user 𝑢 and contains the 𝑛 items closest
to the set of items already consumed by user 𝑢.

2.2.2 User-based CF algorithm (UCF). A user-based CF algorithm is
based on the existing similarities between the users. The similarity
between each pair of users 𝑢, 𝑣 is computed here by

sim(𝑢, 𝑣) = Cos(𝑢, 𝑣) =
∑
𝑖∈𝐼𝑢𝑣 𝑎𝑢𝑖𝑎𝑣𝑖√∑

𝑖∈𝐼𝑢 𝑎
2
𝑢𝑖

√∑
𝑖∈𝐼𝑣 𝑎

2
𝑣𝑖

, (2)

where 𝐼𝑢𝑣 is the set of items consumed by both users 𝑢 and 𝑣 , 𝐼𝑢
(𝐼𝑣 ) is the set of items consumed by user 𝑢 (𝑣).

Based on the similarities between each pair of users, the algo-
rithm identifies the 𝑘-nearest neighbors of each user, and the list
of recommendations is further built for each user 𝑢 by adding the
items not yet consumed by user 𝑢 and mostly consumed by the
𝑘-nearest neighbors of user 𝑢, each nearest neighbor contribution
being weighted by his similarity with user 𝑢.

2.2.3 CF algorithm incorporating more diversity (DivCF). This third
algorithm refers to the CF algorithm developed by [2], designed to
incorporate more diversity into the recommendations offered to
users.

Firstly, the algorithm creates a temporary list of 5 ∗ 𝑛 items
that could be recommended to the user, based on the classical UCF
presented above. The first element of this temporary list is added
to the list of recommendations for the user. Then, items are added
one by one to the list of recommendations by choosing the item
offering the largest diversity with the items already included in
the list of recommendations. The diversity between 𝑚 items is
measured as follows, where sim(𝑖 𝑗 , 𝑖𝑘 ) corresponds to the cosine
similarity between items 𝑗 and 𝑘 ,

𝐷𝑖𝑣 (𝑖1, ..., 𝑖𝑚) =
∑

𝑗=1..𝑚−1
∑
𝑘=𝑗+1..𝑚 (1 − sim(𝑖 𝑗 , 𝑖𝑘 ))
𝑚
2 (𝑚 − 1) (3)

The algorithm stops when the number of items in the list of
recommendations reaches 𝑛.

2.2.4 CF algorithm incorporatingmore novelty (NovCF). In the same
way as the previous algorithm (focused on diversity), the fourth
one aims at incorporating more novelty, instead of diversity. Such
as the previous algorithm, it creates a temporary list of 5 ∗ 𝑛 items
by using the UCF. Then, 𝑛 items are selected from this temporary
list to constitute the list of recommendations by choosing the most
novel items. The novelty of an item 𝑗 , 𝑁𝑜𝑣 ( 𝑗), ranges between 0
and 1, and is computed by Equation (4), where 𝑝𝑜𝑝 (𝑖 𝑗 ) is the degree
of popularity of item 𝑖 𝑗 . In this work, 𝑝𝑜𝑝 (𝑖 𝑗 ) corresponds to the
number of users who consumed item 𝑖 𝑗 divided by the total number
of users in the database [6].

𝑁𝑜𝑣 ( 𝑗) = 1 − 𝑝𝑜𝑝 (𝑖 𝑗 ) (4)



Filter bubbles created by collaborative filtering algorithms themselves, fact or fiction? WI-IAT ’21 Companion, December 14–17, 2021, ESSENDON, VIC, Australia

2.2.5 Algorithm recommending popular items. This algorithm rec-
ommends popular items to users. Again, the popularity relates to
the number of views of an item: the more an item is viewed, the
more it is considered as popular. Firstly, the algorithm counts the
number of views of each item. Then, the items are ordered by grow-
ing popularity, the most popular items being recommended to all
the users.

2.3 Metrics
In order to evaluate and compare the recommendations established
by the recommender algorithms described in Section 2.2, we use
two metrics closely related to the potential enclosure of users in
their dominant preferences: a diversity and a novelty score. Both
scores are computed within the list of recommendations offered by
an algorithm for a user, and are further averaged over the users to
obtain an aggregated novelty/diversity score.

Diversity. Equation (3) is used to measure the diversity between
all items included in a list of recommendations.

Novelty. The novelty of the 𝑛 items included in a list of recom-
mendations is computed by Equation (5), where, again, 𝑝𝑜𝑝 (𝑖 𝑗 ) is
set to the degree of popularity of item 𝑗 , which corresponds to the
number of users who consumed item 𝑗 during the period studied
divided by the number of users within the database.

𝑁𝑜𝑣𝑒𝑙𝑡𝑦 (𝑖1, ..., 𝑖𝑛) =
∑

𝑗=1..𝑛 (1 − 𝑝𝑜𝑝 (𝑖 𝑗 ))
𝑛

(5)

2.4 Methodology and scenarios
2.4.1 Data preprocessing. To experimentally analyze the potential
gradual creation of filter bubbles, the data set is split into subsets,
based on timestamps. More precisely, the data set is first ordered on
a chronological timestamp basis (see Figure 1, Step 1), and then split
into 𝑥 subsets (different values of 𝑥 , the number of time periods,
were tested – see later) (see Figure 1, Step 2). Moreover, to analyze
the evolution of the recommendations offered to each user, the data
related to users who are not present in all subsets is removed (see
Figure 1, Step 3).

Finally, an adjacency matrix (where columns represent the items
and rows the users) is built for the first subset so that algorithms
can be applied to recommend items to users (see Figure 1, Step 4).

This adjacency matrix evolves over the following time periods,
depending on the users’ behavior in the acceptation of recom-
mended items (see Subsection 2.4.3 for details about the various
explored scenarios). Indeed, after each recommendation period,
each item that a user will watch will be added as "seen/watched" in
his purchase history considered as basis of the next period, leading
to changing the corresponding element of the adjacency matrix
from 0 to 1. Then, at the next recommendation period, new recom-
mendations are suggested based on this new adjacency matrix, and
so on.

Choice of the number of time periods. First remember that each
user must be present in all subsets (i.e., all time periods) to be able
to analyze the evolution of the suggested recommendations over
time periods. Keeping in mind that we need to have enough users
for a robust analysis, we decided to divide our data set into 5 subsets
/ time periods. Indeed, the values of 5, 10 and 20 were tested but

the number of users present on each period with 10 or 20 time
periods was insufficient for the relevance of the analysis. With 5
time periods, the same set of 335 different users is present in each
subset / time period.

Choice of the number of recommendations. We tested the values
of 10, 20 and 100. As expected, the diversity and the novelty within
the recommendations are known to be higher (or stable for the algo-
rithm suggesting random recommendations) with a higher number
of recommendations. It is however important to consider that users
do not consult necessarily all the suggested recommendations, as
shown in the literature, where the number of recommendations
often do not exceed 20 (see, e.g., [2, 9]). We therefore fix the number
of recommendations at 20 items, based on the literature.

2.4.2 Human and algorithmic components. As the items recom-
mended by any system depend on both the purchase history of
users and the paradigm of the algorithm, it is important to distin-
guish the human component from the algorithmic component in
those processes.

The human component is related to the own choices of the user,
independently of potential suggested recommendations. In our data
set, each subset contains items that users have consumed in a time
period. The adjacency matrix therefore evolves due to this human
component, by periodically (i.e., for each subset) completing the
matrix with all the data associated to the next time period (therefore
completing the purchase history of each user with the newly (i.e.,
regarding the previous period) watched movies).

On the other hand, the algorithmic component is related to the
behavior of users when facing suggested recommendations, as users
can watch all or some of the movies recommended by the algorithm.

Various behaviors of users were analyzed in this work, as detailed
in the next subsection.

2.4.3 Scenarios. To compare different potential users’ behaviors, 5
scenarios were analyzed:

• The first scenario (S1) incorporates both the human and
the algorithmic components with an acceptation of 100% of
the recommendations regarding the algorithmic component.
This percentage may be considered as "too optimistic" com-
pared to reality, but it will be used as a maximum threshold
of the influence of algorithms.

• The second scenario (S2) also deals with both the human and
the algorithmic components but, each recommendation has
a probability 𝑝 to be considered as "accepted/watched" by
the user. Several values of 𝑝 could be tested, but it is not the
focus of our study. Therefore, we put the value of 𝑝 to 25%,
as this value represents better the reality of the number of
movies users really watch among the recommendations [17].
It means that each recommendation is accepted according
to a probability of 25%.

• The third scenario (S3) only includes the human compo-
nent, therefore allowing us to analyze the effect of human
choices on the recommendations without any influence of
any algorithm.

• The final two scenarios only incorporate the algorithmic
component, by considering that users only watch recom-
mended movies, where the probability of acceptation of each
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Figure 1: Data preprocessing.

recommendation is 100% for the fourth scenario (S4), and
25% for the fifth one (S5).

3 RESULTS AND DISCUSSION
This section first analyzes the global evolution of the diversity and
the novelty within the recommendations through time for each
considered algorithm, and then analyzes the impact of the human
and algorithmic components on the recommender systems.

Figure 2: Diversity scores (averaged on the scenarios) for
each algorithm, over the time periods.

3.1 Temporal evolution of the metrics
Three algorithms (i.e., random, DivCF and NovCF) have a signif-
icantly higher level of diversity already in the first time period,

Figure 3: Novelty scores (averaged on the scenarios) for each
algorithm, over the time periods.

compared to the three others (i.e., ICF, UCF and popular) (see Fig-
ure 2). As expected, the algorithm showing the highest diversity
(but the lowest personalization), no matter the time period (1 to 5)
or the scenario (S1 to S5), is the one recommending random items.
The two following (i.e., in terms of high diversity) algorithms are Di-
vCF and NovCF. For these three recommender systems presenting
a higher diversity since the first time period, the level of diversity
is rather stable through time.

However, the other three algorithms (i.e., ICF, UCF, popular
recommendations) have a smaller level of diversity at period 1,
but this level increases through time (see Figure 2), no matter the
scenario applied. Despite this increase, it is important to note that
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the level of diversity within the recommendations is still smaller
for those recommender systems than the one offered by the other
three algorithms, even at the last period (see Figure 2). Moreover,
the degree of increase is smaller through time for the algorithms
where we observe an increase through time.

Regarding the novelty, except that the start level of this metric
(i.e., in the first period) is higher than the start level of diversity, sim-
ilar conclusions apply (see Figure 3): the level of novelty increases
through time for UCF and ICF and is rather stable for DivCF, NovCF
and random recommendations. Note that the level of novelty starts
to increase only after the third period for the algorithm recommend-
ing popular items.

3.2 Analysis of the human and algorithmic
components

We now focus on the analysis of the responsibility of the users and
algorithms on the level of diversity/novelty within the suggested
recommendations, by analyzing the different scenarios of users’
behaviors. Note that the results obtained with novelty are very
similar to the ones obtained by diversity, and are therefore further
highlighted in the sequel only if different.

3.2.1 The algorithmic component may increase the diversity. Two
algorithms present a quite similar behavior faced to the users’ be-
haviors: ICF and UCF. For those algorithms, the diversity grows
more significantly when S1 or S4 are applied compared to the other
scenarios of users’ behavior (see Figure 4 for ICF and Figure 5 for
UCF).

As a reminder, S1 integrates the algorithmic and the human com-
ponents while S4 integrates only the algorithmic component. But,
the common point of S1 and S4 is that we consider, through the algo-
rithmic component, that users watch all the movies recommended.
It highlights the importance of the algorithmic component for those
algorithms because a higher diversity is provided within the rec-
ommendations when users watch all the recommended movies (i.e.,
in S1 and S4) compared to when each recommendation is watched
with only a probability of 25% (i.e., in S2 and S5). To support the
importance of the algorithmic component on the increase of di-
versity for UCF and ICF, we may notice that the worst scenario is
when users refuse all of the recommendations and thus, watch only
movies of their choices (i.e., in S3). So, the higher is the number of
recommendations consumed by the users, the higher will be the
diversity in the future.

Even if S1 and S4 present a higher level of diversity (for UCF
and ICF) compared to other scenarios, we can distinguish them.
Indeed, Figures 4 and 5 show that S1 offers the best overall level of
diversity. This result may induce that the human component, only
paired with the algorithmic one, may generate a higher diversity.

To sum up, if the algorithm is based on the purchase histories
(as is the case of UCF and ICF), the users contribute more than the
recommender systems to enclose them in their prevailing preferences.
Indeed, we can see that following all the recommendations sug-
gested by those algorithms seems to increase the diversity within
the list of recommendations. However, we may nuance this state-
ment by adding that users who accept all the recommendations
may still increase the diversity within the recommendations by
consuming other movies in addition to the recommended ones.

Figure 4: Diversity within the recommendations of ICF for
each scenario, over the time periods.

Figure 5: Diversity within the recommendations of UCF for
each scenario, over the time periods.

3.2.2 The human component may increase the diversity. The other
studied algorithms lead however to different conclusions.

Popular recommendations. For the algorithm recommending pop-
ular items, we can clearly identify a distinction between the scenar-
ios with and without the human component (see Table 1, where the
level of diversity within the suggested recommendations is repre-
sented for each scenario and time period). As mentioned earlier, we
see that the diversity grows through time no matter the scenario
of users’ behavior applied. However, there is a greater increase
for the first three scenarios, which include the human component,
compared to the last two scenarios. So, for this algorithm, users play
a role in the establishment of more diverse lists of recommendations
by watching movies not recommended to them in addition to or
instead of the recommended ones.

DivCF and NovCF. Regarding now DivCF and NovCF, by looking
closer to each scenario, we can identify a slight increase of the
diversity through time for some scenarios or a slight decrease for
others (see Table 2 for DivCF and Table 3 for NovCF). Such as
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Table 1: Diversity within the recommendations of the algo-
rithm recommending popular items.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Period 1 0.1739 0.1739 0.1739 0.1739 0.1739
Period 2 0.2813 0.2813 0.2812 0.2100 0.2100
Period 3 0.3577 0.3575 0.3571 0.2821 0.2821
Period 4 0.4186 0.4186 0.4186 0.3792 0.3792
Period 5 0.4404 0.4403 0.4403 0.3992 0.3992

the algorithm recommending popular items, those two algorithms
provide better results, in terms of evolution of the diversity, when
the human component is present (i.e., S1, S2 and S3). So, it highlights
the importance of the human component. In other words, diversity
is lower when algorithms hinder users from accessing to items by
themselves (i.e., S4, S5). This statement is further enhanced by the
fact that the scenario including only the human component (i.e.,
S3) is always better than the one including only a pure algorithmic
component (i.e., S4).

Moreover, we can explore deeper the role of the algorithmic
component for those algorithms by comparing the probability of
acceptation of the recommendations (i.e., S1 versus S2, and S4 ver-
sus S5). For those two algorithms (i.e., DivCF and NovCF), we can
see in Tables 2 and 3 that the diversity is higher when recommen-
dations are consumed with a probability of 25% compared to a total
acceptation of the recommendations (i.e., S2 is better than S1, and
S5 is better than S4). It demonstrates that it is important not to give
too much weight to the algorithmic component.

Finally, we may notice that the best scenario for DivCF and
NovCF, in terms of diversity, is S2 (see Tables 2 and 3), which
means that the human component is essential but, the presence of
the algorithmic component sparingly also increases the diversity. So,
we can conclude that algorithms incorporating naturally a higher
diversity or novelty (i.e., DivCF and NovCF) provide more diverse
recommendations when users watch movies not recommended to
them in addition to a part of the recommended ones.

Table 2: Diversity within the recommendations of the Di-
vCF.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Period 1 0.6880 0.6880 0.6880 0.6880 0.6880
Period 2 0.7194 0.7162 0.7099 0.6835 0.6940
Period 3 0.7257 0.7337 0.7222 0.6768 0.6940
Period 4 0.7227 0.7391 0.7244 0.6663 0.6960
Period 5 0.7138 0.7382 0.7251 0.6629 0.6898

3.3 Discussion
It is important to note that, no matter the scenario applied, DivCF
and NovCF always offer a higher diversity (in absolute terms) com-
pared to UCF, ICF and the algorithm recommending popular items.
More precisely, our results show that S4 is one of the best scenarios,
in terms of evolution of the diversity, for ICF and UCF while it is
the worst one for DivCF and NovCF. However, Figure 6 shows that
the level of diversity is still higher for DivCF and NovCF than for

Table 3: Diversity within the recommendations of the
NovCF.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Period 1 0.6911 0.6911 0.6911 0.6911 0.6911
Period 2 0.7145 0.7086 0.6999 0.6862 0.6970
Period 3 0.7166 0.7251 0.7083 0.6582 0.6979
Period 4 0.7045 0.7265 0.7071 0.6578 0.7001
Period 5 0.7056 0.7247 0.7063 0.6592 0.6928

UCF and ICF, even if the level of diversity in period 5 for ICF is
close to the level of diversity of the other two algorithms. So, it
proves that, even in the worst scenario, DivCF and NovCF offer
more diverse lists of recommendations to the users.

Figure 6: Diversity in scenario 4 for each recommender sys-
tem.

Another finding concerns the combination of the algorithmic
and the human components. For all algorithms, we identified that
the best overall scenario is one including the human component
and the algorithmic component (with an acceptance probability of
25% or 100% depending on the algorithm). So, we could conclude
that both of the components are necessary to increase the diversity.

Table 4 sums up the main points of our analysis by highlighting,
for each algorithm, the main factor promoting diversity within the
recommendations. It also presents the additional factor (if there is
one) that, coupled to the first one, keep on increasing the diversity.

4 CONCLUSIONS AND FUTURE RESEARCH
Our answer to our research question (Do collaborative filtering algo-
rithms, by themselves (i.e., by their internal functioning and without
any human interaction), lead to the narrowing of the diversity/novelty
of recommended lists?) is clearly "No".

Indeed, results show that, without any external interaction, none
of the studied CF algorithms progressively leads to the narrow-
ing of diversity/novelty in the recommended list, and therefore to
the creation of any filter bubble, even if such CF algorithms are
designed to offer recommendations that increasingly stick to the
profile of users. It therefore seems that a collaborative filtering
world where algorithms decide by themselves to lock us in a filter
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Table 4: Main points from the analysis of the results.

Algorithm Evolution of
diversity

through time

Main factor promoting diversity Additional factor promoting diversity

ICF and UCF Positive Acceptation of all the recommendations The users watch movies not recommended in
addition to the recommended ones

DivCF and NovCF Stable The users watch movies not recommended to
them

Acceptation of a part of the recommendations

Popular recommendations Positive The users watch movies not recommended to
them in addition to or instead of the

recommended ones

/

Random recommendations Stable / /

bubble is unlikely. More precisely, in the case of CF algorithms a
priori designed to be biased through more diversity/novelty (such
as DivCF or NovCF), the human component is important to still im-
prove diversity/novelty over time. Moreover, if the CF algorithm is
a classical one (such as UCF or ICF), the algorithmic component still
helps to increase the diversity/novelty over time (i.e., users should
accept part of the recommendations, with a probability of at least
25% to improve diversity/novelty). In other words, in this case, the
algorithmic component is more open-minded than users themselves.
Finally, regardless of the type of CF algorithm, best results (in terms
of an increase in diversity/novelty) are always obtained by a hybrid
strategy (i.e., including both human and algorithmic components)
rather than a pure human strategy or a pure algorithmic strategy.

To confirm these preliminary insights, future work will include
a similar study on a data set with more users, which could be
divided in more than 5 time periods, and testing other types of algo-
rithms than CF ones. The apparent stabilization of diversity/novelty
through time could also be analyzed more deeply. It could also be
interesting to apply our study on another data set and compare the
results.

Moreover, future work could focus on the analysis of another
way to compute the diversity. Indeed, in our analysis, the computa-
tion of the diversity is based on similarities, which are calculated
through the users’ ratings. This measure of diversity, most often
used in the literature, could then introduce a bias in our analysis
since the algorithms base also their recommendations on the past
users’ ratings. Therefore, it would be interesting to compare our
results with another measure of diversity, for example, based on the
categories of the movies or on the tags associated with the movies.
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