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ABSTRACT
In this paper we evaluate the performance of different collaborative
filtering algorithms over time, where new users, new items, and
new ratings are constantly added to the recommender dataset.

The analysis has been performed on the datasets collected with
Neptuny’s ContentWise from two IPTV providers. Both datasets
have been implicitly collected by analyzing the pay-per-view movies
purchased by the users over a period of several months. The first re-
sult of the paper outlines that item-based algorithms perform better
with respect to SVD-based ones in the early stage of the cold-start
problem. The second result shows that the accuracy of SVD-based
algorithms, when using few latent factors, decreases with the time-
evolution of the dataset. On the contrary, SVD-based algorithms,
when used with a large-enough number of latent features, increase
their accuracy with time and may outperform the item-based algo-
rithms if the dataset does not present a long-tail behavior.

Keywords
Recommender systems, collaborative filtering, cold-start, time evo-
lution

1. INTRODUCTION
Recommender systems (RS) can play an important role within

the Interactive TV domain (ITV), where the presence of huge cat-
alogs of items (e.g., movies, TV shows) dramatically reduces the
visibility of each one, potentially inhibiting users from finding in-
teresting TV contents [1]. Recommendations are done by tracking
the users’ activity and by selecting a suitable on-demand TV con-
tent for the individual viewer [29].

Personalized systems that recommend TV programs according
to the user’s preferences have been already experimented. Netflix
is an online TV provider and DVD rental service that, in 2006,
began a competition with a one million dollar prize for a RS [4].
WeOnTV is a social TV application that allows users to know what
others are viewing and to make recommendations [1]. LIVE (Live
Staging of Media Events) is a IST-FP6 project that is developing a
system for collecting feedback from IPTV users [29]. PersonalTV

is a recommendation application for user-generated video content
incorporated in Facebook [10].

Recommender algorithms recommend items similar to the ones
the user liked in the past and can be classified into two families
[16, 2, 28, 27]: content-based filtering (CBF) finds similarity be-
tween items on the basis of the items content (e.g., gender, director,
actors, plot) while collaborative filtering (CF) finds similarity be-
tween items on the basis of collaborative information about users,
i.e., they use the opinions (known as ratings) expressed by the com-
munity of ITV users. The most used RSs are based on collaborative
filtering, the biggest advantage over content-based systems being
that collaborative filtering relies only on explicit or implicit opin-
ions expressed by users while explicit content description is not
required [19].

To be able to provide recommendations, collaborative systems
must derive users’ preferences toward items, which is done through
analysis of viewers’ past interaction with the TV programs. The RS
must thus track what the user are watching, in other words it must
collect viewers’ ratings. However, collaborative filtering requires a
large number of ratings before they can make reasonable sugges-
tions.

When bootstrapping a new collaborative RS, the average number
of ratings per user and item is low and this can significantly degrade
the quality of the algorithms. This problem is called the cold-start
problem and refers to situations where there are only few ratings to
base recommendations on. Moreover, RSs evolve over time, get-
ting more users, more items, and collecting more ratings. At each
point in time we can distinguish between old (i.e., existing) and
new users, as well as between old and new items. At any given
time we face with:

• new users: when users first register with the RS very few
ratings are available to describe their profile.

• new items: when items are added to the catalog they have no
ratings.

The issue of evaluating the quality of collaborative RSs over time
has not been extensively covered in the literature. The lack of eval-
uations is largely due to the characteristics of publicly available
datasets, all of which have a substantial large density and fairly long
user profiles with respect to many real-life applications. Moreover,
few of these datasets provide the additional information about when
the ratings have been collected. When this information is missing,
the only approach available to simulate the cold-start problem re-
quires to randomly sub-sample the dataset [17].

Previous works mainly attempted to combine collaborative with
content-based recommendation approaches to address the new-item
problem [13, 21, 25, 26]. Other works focused on the design of new
collaborative filtering algorithms that, compared with state-of-the-



art algorithms, are able to improve the performance on data-sparse
domains without excessively worsening the performance when data
is plentiful [3, 17]. Few works addressed thenew userproblem
[20].

In this paper we describe two collaborative filtering algorithms
for ITV systems and we analyze their time evolution comparing the
quality of the recommendations against a non-personalized recom-
mendation method.

The evaluation has been performed on the datasets collected with
Neptuny’s ContentWise from two IPTV providershaving, respec-
tively, 200,000 and 600,000 subscribers [9]. The two datasets (TV1
and TV2, respectively) have been implicitly collected by analyzing
the pay-per-view movies purchased by the users over a period of
several months.

This paper extends previous works with the following improve-
ments:

• RSs evolve over time, always getting more users and more
items. Therefore, at each point in time the system suffers
from some cold-start issues. In this paper we do not limit
the discussion to the initial stage of a RSs, but we present a
more general testing methodology that allows us to analyze
the evolution of RSs over time.

• Many collaborative filtering algorithms adopt a computation-
ally efficient approach by first developing a model of user
ratings based on a training dataset. The model is later used
to recommend items to users. Building a model can be time
consuming, therefore the model is not updated in real-time
with every new rating. Depending on the dataset size, the
time between model updates can vary in the hours or days
range. In this paper we analyze the aging of a model, i.e., we
analyze if and how the quality of a RS is affected by using an
“old” model to recommend items to users.

• Some ITV environments exhibit a long-tail distribution, with
few items accounting for most of the ratings, while other ITV
systems present a more fair distribution of ratings among
items. The time evolution of recommender algorithms may
differ according to the tail distribution of the ratings [7]. Such
distribution change with time, according to a cyclic fashion:
during promotional periods (e.g., , Christmas) the rating dis-
tribution is pushed toward popular items. In this paper we
analyze the time evolution of the algorithms with respect to
the item popularity.

The rest of the paper is organized as follows. Section 2 describes
the two collaborative algorithms developed and tested, Section 3
formalizes the time evolution properties of a RS, Section 4 de-
scribes the testing methodology and Section 5 presents and dis-
cusses the results of the tests. Finally, Section 6 draws the conclu-
sions and lead on some possible future work.

2. TESTED ALGORITHMS
Recommender algorithms can be classified into content-based

and collaborative algorithms.
Content-based algorithms are based on the analysis of the con-

tent of items (e.g., genre, actors, directors). The algorithm proposes
items with a content similar to the content of items that the user
liked in the past.

On the other hand, collaborative algorithms suggest items to a
particular user on the basis of the other-users’ ratings (i.e., prefer-
ences). Collaborative algorithms have reached a much more inter-
est with respect to content-based algorithms, mainly because: they

are applicable in every domain [15], they promise better quality
than content-based systems [14], and they have been promoted by
the Netflix contest [4]. However, since collaborative algorithms are
based on the user ratings, they are particularly affected by thecold-
startproblem, being not able to provide accurate recommendations
at the early stages of a RS life-cycle when only few ratings have
been collected.

In the following we describe the two collaborative algorithms
tested in the evaluation of the cold-start problem: an item-based
and a dimensionality-reduction algorithm. The algorithms’ input is
a n × m user-rating matrix (URM), that we refer to asR, where
n andm are, respectively, the number of users and the number of
of items. The elementrpi represents the rating of userp on item
i. Since we deal with implicit, binary datasets collected by IPTV
operators,rpi can be either 1 or 0, according to the case userp has
watched or not itemi, respectively.

2.1 Item-based algorithm
Item-based collaborative algorithms capture the fundamental re-

lationships among items [23]. Two items are related if the com-
munity agrees about their ratings. Such relationship can be repre-
sented in am × m matrix, referred to asD, where the element
dij expresses the similarity between itemi and itemj. Note that,
potentially,D could be non-symmetric, i.e.,dij 6= dji.

Matrix D represents the model of the RS and its calculation, be-
ing computational intensive, is generally delegated to a batch pro-
cess.

When using implicit datasets, similarity metric is usually com-
puted using a frequency-based approach, as the one discussed by
Deshpande and Karypis in [11].

The elementdij of matrixD can be computed with the classical
cosine similarityamong binary vectors:

dij =
#(i, j)

√

#(i) ·
√

#(j)
(1)

where#(i, j) is the number of users that have watched both itemi

and itemj, and#(i) is the number of users that have watched item
i.

The model can been further enhanced by means of akNN (k-
nearest-neighborhood) approach. For each item (i.e., column of
D), we consider only thek most similar items (referred to as the
item’s neighborhood). ThekNN approach discards the noise of the
items poorly correlated to the target item, improving the quality of
recommendations.

At real-time, given the ratings of the target userp to recommend,
we can predict the unknown ratinĝrpi by summing up the similar-
ities between itemi and the items watched by userp (i.e., any item
j such thatrpj = 1)

r̂pi =
∑

j∈rpj=1

dji · rpj (2)

2.2 Dimensionality-reduction algorithm
Collaborative algorithms based on dimensionality–reduction te-

chniques (that we also refer to as SVD-based algorithms) describe
users and items by means of a limited set of hiddenfeatures.

Let us assume that items and users can be described by means of
l features in al-dimensional feature space. The correlation between
userp and itemi can be computed as:

r̂pi =

l
∑

e=1

ape · bie (3)



where,ape andbie are thee-th (unknown) features for userp and
item i, respectively.

There exist several techniques for computing the hidden features
that minimize a given prediction error [22]. We have based our
analysis on the singular value decomposition (SVD) (e.g., [8, 12,
18, 24]). By means of SVD, the URM can be factorized as

R̂ = U · S ·VT (4)

where,U is an× l orthonormal matrix,V is am× l orthonormal
matrix, andS is al×l diagonal matrix containing the firstl singular
values, sorted in decreasing order.

Assuming thatup represents thep-row ofU andvi thei-row of
V, the prediction̂rpi can be computed as

r̂pi = up · S · vT
i (5)

SinceU andV have orthonormal columns, we can derive thatup ·
S = rp ·V, whererp is thep-th row ofR (i.e., the profile vector
of userp). Consequently, (5) can be reformulated as

r̂pi = rp ·V · vi
T (6)

By means of (6) we are able to predict at real–time the ratings of
any items not watched by userp.

Note that, similarly to the item-based algorithm, (6) represents
a model-based approach, where the model isV. This is a great
advantage if compared, for instance, with regularized SVD where
user features need to be pre–computed (e.g., [22]). In fact, with
regularized SVD we are not able to recommend new users, since
we first need to build a model for such users.

Furthermore, regularized SVD is based on RMSE (round mean
square error) and designed to minimize it, while in the case of
implicit, binary datasets RMSE can not be computed. In addi-
tion, when pursuing recommendation tasks such as the top-N task
(e.g., [11, 15]), classical SVD can outperform regularized SVD
(e.g., [5]).

3. DATASET TIME-EVOLUTION
The dataset evolution is driven by three inputs:

old users: existing users watch exiting movies in the catalog;

new users: new users join the system (i.e., new or exiting users
watch their first movie since the RS is running);

new items: new items are added to the catalog (i.e., at least one
user watches for the first time an existing movie or a new
movie that is added to the catalog).

We refer to thedataset density, theaverage user profile length,
andthe average number of views per itemas, respectively, the per-
centage of ratings with respect to the dataset size, the average num-
ber of movies viewed by a user, and the average number of users
that have watched an item.

Thus, the first input has the effect of increasing: the dataset den-
sity, the average user profile length, and the average number of
views per item. The second input has the effect of decreasing both
the dataset density and the average user profile length, as the new
users that join the system have watched one movie. Similarly, the
third input has the effect of decreasing both the dataset density and
the average number of views per item.

The overall evolution of the dataset parameters (density, user
profile length, and number of views per item) depends on the rel-
ative rates of the three input factors. Given a generic time instant
t, let us defineI(t) as the set of active items, i.e., items that have
been rated by at least one user. Similarly, let us defineU(t) as the

Figure 1: Decomposition of the URM representing the time-
evolution of the dataset in the interval[t0, t1].

set of active users, i.e., users that have rated at least one item. If
we consider two time instantst0 andt1, with t0 < t1, the URM at
timet1 can be partitioned into the following 4 sub-matrices (Figure
1) that describe the URM time-evolution in the interval[t0, t1]:

• A(t1|t0) containing the ratings (i.e., samples) collected up
to time t1 and concerning users and items active at timet0
(i.e., old users and old items). Formally, we refer to these
users and items asU(t0) andI(t0), respectively.

• B(t1|t0) containing the ratings collected in the interval[t0, t1]
by users active at timet0 (i.e., old users) about items not ac-
tive at timet0 (i.e., new items). Formally, we refer to these
users and items asU(t0) andI(t1)\I(t0), respectively1.

• C(t1|t0) containing the ratings collected in the interval[t0, t1]
by users not active at timet0 (i.e., new users) about items ac-
tive at timet0 (i.e., old items). Formally, we refer to these
users and items asU(t1)\U(t0) andI(t0), respectively.

• D(t1|t0) containing the ratings collected in the interval[t0, t1]
and concerning users and items not active at timet0 (i.e., new
users and new items). Formally, we refer to these users and
items asU(t1)\U(t0) andI(t1)\I(t0), respectively.

Note thatA(t0|t0) is the URM at timet0, and thatB(t0|t0) =
C(t0|t0) = D(t0|t0) = ∅.

3.1 Cold-start vs random sampling
Many works in the literature (see, e.g., [17]) simulate the cold-

start phase of a recommender system by randomly sub–sampling
the set of ratings. However, we have observed that this approach
introduces a number of anomalies in the dataset:

• User profiles are split in an unnatural way. For instance, if a
user has watched all the movies of a film series, typically
these movies have been watched in the correct sequence.
Random sampling of the URM to simulate the cold-start prob-
lem may create non-realistic ordering of the movies in the
film series.

1
X\Y refers to the difference between setX and setY.
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Figure 2: TV1 dataset with random timestamps: number of rat-
ings and density of URM (a), average views per item and per
user (b), number of users and items (c).

• The rating frequency of an item is not stationary. Movies
have a peak of views (i.e., implicit ratings) during the first
days since they have been inserted in the catalog. After the
initial burst, the viewing frequency decreases with time.

As an example, in order to simulate the time evolution of a data-
set, we have sub–sampled the dataset of the first interactive TV pro-
viders, TV1, byrandomly timestampingthe implicit ratings (views).
Figure 2 shows the statistical properties of the sub-sampled dataset
over time: the number of views and the dataset density (a), the av-
erage number of views per item and per user (b), the number of
active users and of active items (c).

If we compare such random evolution with the real dataset time–
evolution shown in Figure 3, the most noticeable differences are
in the evolution of density and number of items. This happens be-
cause the TV1 dataset has a fairly large number of ratings per item.
Thus, the random sub–sampling of ratings is not able to reduce the
number of items till the dataset density has been greatly reduced.
The final effect shown in Figure 2(c) is that the random selection
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Figure 3: TV1 dataset: number of ratings and density of URM
(a), average views per item and per user (b), number of users
and items (c).

mechanism simulates a cold-start problem in which the number of
items is almost constant. However, within a real cold-start prob-
lem, the rate at which new items are added to the catalog is more
regular with time, as illustrated in Figure 3(c).

4. TESTING METHODOLOGY
In this paper we are going to investigate:

• how the algorithms learning rate evolves with time (i.e., with
increasing user profile length, increasing views per items, in-
creasing number of users and increasing number of items);

• if and how the algorithm parameters should be tuned when
the dataset evolves with time.

Typically the quality of RSs is evaluated by means of either er-
ror metrics (e.g., RMSE and MAE) or classification accuracy met-
rics (e.g., recall, precision, and fall-out) [15, 8]. Since in our case
the available ratings are binary, error metrics can not be computed.



Therefore we present the results in terms of an accuracy metric: the
recall. Recall expresses the percentage of relevant movies recom-
mended to users.

Let us define a test by means of three sets, each one composed
by pairs of user–item (referred to assamples) that identify a subset
of URM’s ratings:

• The train setM contains the samples used to train the algo-
rithm (i.e., to build the model).

• The profiles test setP contains the samples representing the
profiles of users taken into consideration during the tests.

• The test setT contains the samples used to compute the ac-
curacy metrics.

Note that items not represented by the model (i.e., with no samples
in M) and users not represented by the profiles test set (i.e., with
no samples inP) can not be tested (i.e., they can not be inT).

According to the wayM,P andT are defined, we can analyze
different aspects of the time evolution of a recommender algorithm,
as described in Table 1 and Figure 4.

• Static tests evaluate the quality of a recommender algorithm
at timet using all active items. It does not exploit the dataset
time-evolution.

• Future tests estimate the percentage of items that have been
watched by users during a∆t time windows after they were
recommended.

• Incremental tests evaluate the quality of a recommender al-
gorithm on new ratings collected during a∆t time windows
after the algorithm was trained. This test captures the capa-
bility of an ‘old’ model to provide good recommendations.
We further distinguish this capability between:

– old incremental testsevaluate the capability of an ‘old’
model to provide good recommendations to old viewers
(i.e., viewers whose old profiles have been used to build
the recommender model and who now have enriched
profiles);

– new incremental testsevaluate the capability of an ‘old’
model to provide good recommendations to new users
(i.e., users whose profiles have not been used to build
the model).

According to thek-fold methodology described in [5] and [9] the
URM is divided intok = 10 folds, where in turn one fold is used
to form setsP andT, and the other folds to form setM:

1. We first train the algorithm by means ofM.

2. For each sampletij (i.e., rating) inT, we consider the related
user profile inP (i.e., thei-th row). Thereafter we create a
modified user profile by hiding the ratingpij from such user
profile. Recommendations are then generated on the basis of
such a modified user.

3. If the hidden item (i.e., itemj) is recommended to the user
within the firstN positions we have ahit. In fact, it means
that the algorithm recommended an item that the user effec-
tively watched. In our tests we usedN = 5.

The recall is computed as the percentage of hits with respect to the
number of tests.
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Figure 5: Long-tail distribution of TV1 (solid line) and of TV2
(dashed line).

4.1 Tail distribution
Increasing the novelty of recommendations is an important key

factor for IPTV providers, who are interested in augmenting the
visibility and the sales of long-tail movies (i.e., the strategy of sell-
ing a large number of movies in relatively small quantities) since
they represent a costly investment (copyrights, hardware infrastruc-
ture, storage, etc.).

In this section we describe a way to further refine the definition
of the test setT in such a way that we are able to evaluate the ability
of RSs to recommend novel movies.

First of all, we need to analyze movies popularity. In Figure
5 movies are ranked along the vertical axis - the most popular at
the bottom - while the horizontal axis represents the cumulative
percentage of ratings accounted by the most popular items.

According to the approach described in [6], we have partitioned
the movies into three sets:short-headitems are the most-popular
movies that account for 33% of the views,long-tail items are the
less-popular movies that account for 33% of the views andmid
items are the remaining movies.

The analysis on the long-tail distribution of the TV1 dataset (solid
line) shows that the short-head is accounted by 8% of the most pop-
ular movies. Since the total number of items in the TV1 dataset
increases with time from 300 up to almost 800 movies, the TV1
short-head contains between 25 and 60 popular movies. As for
the TV2 dataset (dashed line), the short-head is accounted by 2.3%
of the most popular movies. Since the total number of items in
the TV2 dataset increases from 1300 up to 3400 movies, the TV2
short-head contains between 30 and 80 popular movies.

By comparing the TV1 and TV2 tail distributions we observe
that TV2 users tend to prefer popular movies. We will see in the
next section that this behavior pushes item-based algorithms to pro-
vide better recommendations with respect to dimensionality-reduc-
tion algorithms.

When selecting samples (ratings) for the test setT, each of the
definitions described in the previous section (static, future and in-
cremental) can be further refined by removing the short-tail movies
(i.e., the most popular) from the evaluation. This approach, labeled
as “long-tail”, is used to test the quality of the algorithms only on
those items that are less popular (i.e., the mid and the long-tail item
sets), trying to evaluate the capability of the system in recommend-
ing non-banal items, a concept known asserendipity[15].



Test M P T

Static A(t|t) A(t|t) A(t|t)
Future A(t|t) A(t|t) A(t+∆t|t)\A(t|t)
Old incremental A(t|t) A(t+∆t|t)

⋃

B(t+∆t|t) A(t+∆t|t)\A(t|t)
New incremental A(t|t) C(t+∆t|t)

⋃

D(t+∆t|t) C(t+∆t|t)

Table 1: Test: formalization of train set M, profiles test setP, and test setT.

Figure 4: Formalization of the four classes of test: static, future, old incremental and new incremental.

5. RESULTS
In this section we present and discuss the quality of the recom-

mender algorithms presented in Section 2 on two datasets that we
will refer to as TV1 and TV2, respectively. Both datasets are com-
posed by implicit, binary ratings representing which items have
been watched by each user.

For each dataset, we first report the statistical properties, then
we show the quality of the algorithms over time according to the
testing methodology explained in Section 4. The reported results
are the average recall among the 10 folds.

5.1 First dataset: TV1
In the following we evaluate the recommender algorithms on the

dataset collected in about one year of activity of TV1.
Figure 3 reports some statistical properties of the TV1 dataset

as a function of time: the number of views (i.e., ratings) and the
dataset density (a), the average number of views per item and per
user (b), the number of active users and active items (c). We can
observe that the number of ratings grow almost linearly with time,
while the URM density tends to flatten. A slightly different behav-

ior happens around day 250, where the IPTV provider had a pro-
motional campaign, with a more than linear increase of collected
ratings. We will discuss later the effects of such campaign on the
algorithm quality.

Figures 6-8(a) shows the recall of the two classes of collaborative
algorithms presented in Section 2 as a function of time:kNN item-
based (referred to ascos knn), and dimensionality-reduction-based
(referred to assvd). For thekNN algorithm, we have tested dif-
ferent values of the numberk of nearest-neighborhoods items. For
the SVD algorithm, we have tested different values of the latent-
size parameterl. For both the algorithms, we report only the tests
with the most significant results. In addition, we have also plot-
ted the recall of a trivial, basic algorithm, referred to astoprated,
that represents a reference value. Such algorithm suggests, for any
user profile, the list of the 5 most-popular items (discarding items
already rated/viewed by the user).

Figure 6(a) and 6(b) refer to full static and long-tail static tests,
respectively.

Surprisingly, we first observe that the recall for some of the al-
gorithms decreases with time before reaching a steady-state value.
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Figure 6: Tests on TV1 dataset: full static (a) and long–tail static(b).
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Figure 7: Incremental tests versus full static tests on TV1 dataset: item-based (a) and (b) SVD-based.

This result apparently is in contrast with other results stating that
the learning rate during the cold-start phase increases with the den-
sity of the dataset [15]. However, we have to consider that, although
the dataset density increases over time, the number of active items
increases as well (as opposed to a simulated evolution). Indeed, the
larger the number of items, the harder it is for an algorithm to select
items that users have effectively watched.

Figure 6 shows also that thekNN algorithm always outperforms
the SVD algorithm in the early stage of the system, when there are
few ratings and items in the dataset.

Long-tail static test shows that the more we focus on long-tail
items, the lower the quality of thekNN algorithm. On the other
hand, SVD seems to be more robust in recommending non-popular
items. Indeed, after about 4 months there is a swap betweenkNN
and SVD.

We can further note that the optimal parameters of the two algo-
rithms depend on the popularity of the items we are recommend-
ing. For instance, if we want to push up quality on long-tail items
we have to use a high number of features (e.g., 100) for the SVD
algorithm. In fact, the first features of the SVD capture the char-
acteristics of the most popular items (since they are the strongest
information in the URM), so we need more features to represent
long-tail items, i.e., long tail items are a sort of ‘noise’ in the URM.

Figures 7(a) and 7(b) shows the capability of a model built at
time t of generating correct recommendations; in fact, the test is
performed on the new ratings collected in a 30-day time window
aftert.

The figures show that both the algorithms seem to have a better
quality with new (i.e., new) users than with old users. The reason
behind this behavior is that new users tend to watch more popular

items than existing users, so popularity-biased algorithms recom-
mend such users particularly well. For instance, Figure 9(a) shows
the long-tail distribution on TV1 at timet = 280, distinguishing
between old and new users. Indeed, new users have a much more
‘blockbuster’ behavior than old users.

Finally, Figure 8(a) reports an interesting result: up to about 10%
of watched items would have been recommended in the previous 24
hours.

Note that in correspondence of the promotional campaign (around
day 250), Figures 7(a) and 8(a) show peaks of recall for any algo-
rithm, toprated included. We can explain such behavior by ana-
lyzing the dotted line in Figure 9(b) which shows that, with re-
spect to the average trend (solid line), users tend to watch more
popular items during promotional campaigns. As a consequence,
popularity-biased algorithms (e.g., cos knn and toprated) are privi-
leged.

5.2 Second dataset: TV2
In this section we analyze the quality of the recommender algo-

rithms on the dataset collected in 6 months of activity by the IPTV
provider TV2.

Figure 10 reports some statistical properties of the dataset as a
function of time. Compared to TV1, the number of active users,
active items and ratings is about one order of magnitude larger.
However, TV2 dataset is one order of magnitude sparser, and such
density is practically constant over time (in 6 months there is a
minimal increase from 0.11% to 0.17%).

Recalls reported in Figure 11 confirm thatkNN has generally a
better quality than SVD, both when evaluated on all items or on a
subset of long-tail items.
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Figure 8: Future test: % of recommended items watched in the next24 hours.
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Figure 9: Long-tail distribution of TV1. Figure (a) compares old users (solid line) - i.e., users existing at timet = 280 - versus new
users (dashed line). Figure (b) shows the long-tail on the completeset of ratings (solid line), in the initial stage (dashed line), and
during the promotional campaign (dotted line).

We can observe that the average quality of thekNN algorithms
is larger if compared to the quality obtained on TV1. This is mainly
due to the bias of users toward popular items. Accordingly, the re-
call of kNN algorithms drops when recommending long-tail items.
Again, the quality of the SVD algorithms is, on average, less sensi-
ble to the item popularity.

6. CONCLUSIONS
The tests conduced on the two datasets show the evolution over

time of two classes of collaborative recommender algorithms dur-
ing the cold-start phase of a RS, considering that new ratings are
collected, new users join the system, and new items are added to
the catalog.

The first result of the paper outlines that the item-based algo-
rithm performs better with respect to the SVD-based algorithm in
the early stage of the cold-start problem. The second result shows
that the accuracy of the SVD-based algorithm when using few la-
tent factors decreases with the time-evolution of the dataset. On the
contrary, the SVD-based algorithm, when used with a large-enough
number of latent features, increases its accuracy with the evolution
of the dataset and may outperform the item-based algorithm if the
dataset does not present a long-tail behavior.

Further, ongoing tests are meant to evaluate other aspects of the
cold-start problem, such as: differentiating the evaluation between
the existing users and the new users (with respect to a certain ref-

erence time), or comparing the quality of collaborative algorithms
with the quality of content-based algorithms.
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