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Abstract. Recently, Personal Video Recorders (PVRs) are gaining

success among web applications. In this paper we give some pre-

liminary results on a framework for identifying communities on the

basis of the explicit usage of a PVR. Users programming their recor-

dings are clustered and aggregated together and social interactions

among users come out from the grouping of common interests, for

sake of recommendation purposes. Items recorded by similars users

(within a certain measure) are ordered for recommending unseen

broadcasted programs. We exploit these interactions in the Facebook

social network, with an application where direct communications be-

tween users contribute to our knowledge gathering. A detailed analy-

sis of one-year observations is given, along with some considerations

about the implicit user profiling, showing that it is possible to iden-

tify groups of users with similar interests, despite the lack of explicit

information about their likes or dislikes.

1 Introduction and Motivation

In the last years, we have been seeing to an always increasing con-

vergence trend between traditional media, such as the Television, and

the Internet, which resulted in a huge amount of available contents to

the end-user. Common examples of such a phenomena are identifi-

able in services such as IP-TV, VideoOnDemand or YouTube, which

have undergone a noticeable diffusion due to the high bandwidth

availability granted by the last generation of Internet connection tech-

nologies.

In such a context, the need of being able to access a large amount

of multimedia contents, without requiring the user to be constantly

in front of the media device, has enabled the emergence of a new ge-

neration of Personal Video Recorders (PVRs) [1]. Differently from

a common video recorder, a PVR is basically a software package al-

lowing users to record audio and video contents by properly setting

their time intervals (e.g., MythTV2, SageTV3, MediaPortal4). This

feature, though, comes commonly without the possibility to involve

the user in a more interesting and enjoyable experience, like other

web applications do, for example, by implementing user personali-

zation through a recommender system, and, thus, by suggesting the

user contents specifically tailored to her interest [8].

However, the intrinsic high dynamism of the PVR context, where

contents may be registered and viewed by users with a daily fre-

quency, presents a series of difficulties to the direct application of

common recommendations algorithms. Aware of the known unreli-

ability of Electronic Programming Guides (EPGs), we rely only on

users’ ability in precisely determine the timings of each recording.
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As we do not have a reliable source of information to know that there

is a specific movie on a specific channel, we only know that several

recordings have been set within a certain range of timings on that

channel. In this perspective, we can not deal with predefined discrete

and permanent objects. Instead, we use events characterized by a spe-

cific temporal validity - the users’ recordings - to extract information

about which events are being recorded, on a bottom-up approach to

determine the discrete events.

Our goal in this paper is to provide a social dimension to the very

dynamic PVR-services domain, which is typically focused on the

single user. By using events discretization combined with a collabo-

rative filtering (e.g., [8]) approach to make good predictions of user’s

recordings, we aim to aggregate users with similar interests with the

purpose of improving their overall multimedia experience. Our ap-

proach is based on the analysis of real data generated by the Faucet

PVR system 5, integrated in a web-based podcasting service named

VCast. Faucet allows users to record favorite TV and Radio (Italian)

programs, that can be further downloaded into their devices (e.g.,

iPod, PC, notebook).

The user can set up her own programming and see or download

her recordings by the use of a simple web interface. Bringing the

ability to record and group into a single feed public and private chan-

nels (such as radio and TV recorded programs), Faucet PVR offers

a single framework for creating and aggregating personal podcast

compilations. This system produces a very rich and dynamic data

set, populated by real users expressing their preferences through the

recorded programs. If such a collaborative filtering approach is able

to make good predictions of the recordings, it could be immediately

applied in a recommender system tool for implementing user perso-

nalization. We start here from our previous analysis given in [3], in

which a detailed description of the events’ definition is given.

This paper is organized as follows. Section 2 gives a brief intro-

duction on how to extract social behavioral patterns from the explicit

usage of a PVR application. Next, it is explained (Section 3) how

these information can be used for aggregating items and exploited

(Section 4) for recommendation purposes. Section 5 presents some

early results of our analysis. Finally, Section 6 traces the route for

our future works in this subject.

2 Context

The goal of a recommendation system in the PVR context is to sug-

gest a customized set of transmissions to the users [9]. However, data

coming from the Faucet PVR are not immediately usable to iden-

tify permanent and discrete events (i.e., transmissions), but assume

the form of unstructured information, which has to be properly pro-

cessed. In particular, let T be the set of transmissions during a day

and ti be a specific transmission broadcasted on channel cti , starting

5 http://www.vcast.it/faucetpvr, Last Visited 10 Feb. 2010
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at time bti and ending at time eti . Then, ti can be directly used in

the recommendation engine and this property holds ∀t ∈ T .
On the contrary, data collected by the Faucet system (i.e., users’

recordings) differ from ti in the sense that they are a setR of several

different recordings ri with a temporal validity, each referring to a

specific content. However, recordings with different properties (e.g.,

start time, end time, title and so on) may refer to the same content:

ri #= rj even if ri, rj refer to the same transmission. Clearly, this

property does not hold with discrete and well defined events such as

the transmissions: ∀t ∈ T, ti #= tj .

Respect to other works in this domain (e.g., [6]) we have to face

the periodicity of a recommendable item. This means that, for exam-

ple, given a weekly broadcasted program, we can not recommend the

next-week event to the user, since the programmed recording explic-

itly contains this information.

A noticeable property characterizing the context in which we ope-

rate is the lack of a well defined programming for recorded contents.

Despite several EPG sources do exist, we can not consider them reli-

able enough to be used to extract the input information of the recom-

mender engine. Thus, we opted for a different approach: exploiting

the so-called wisdom of the crowd, we rely on users’ knowledge to

define: what contents are broadcasted on the major (Italian) TVs and

radios, where (the channel) and when (the timings).

The task of defining the parameters related to every recorded trans-

mission, such as channel, title, timings and periodicity, is therefore

demanded to single users. Since it is their interest to make sure that

the information inserted in the Faucet PVR are as much precise as

possible, we can consider such data reliable enough to be used in

the recommendation process. As result of this users activity, we can

obtain a series of recordings, defined as follows:

ri =< uri , cri , tlri , bri , eri , pri >

where uri is the user who set the recording, cri is the channel, tlri is

the title, bri and eri are the the starting and ending time respectively,

and pri is the periodicity.

One of the main tasks of the proposed framework is the disco-

very of events from the amount of unstructured data obtained through

the recordings. A discrete event can be defined as the representative

of a broadcasted transmission, obtained as the result of the aggre-

gation of several different recordings. More formally, given the set

R of recordings r1, . . . , rn, we cluster every recording possessing

the same attributes for channel and periodicity but similar timings,

i.e., ∀ri, rj ∈ R so that cri = crj ∧ pri = prj ∧ |bri − brj | >
db ∧ |eri − erj | > de, where db, de are the clustering diameters for

the starting and end times respectively. The result is a series of clus-

ters, whose centroid is chosen as representative. Finally, through the

aggregations of similar clusters, we can obtain a number of discrete

elements, defined as follows:

di =< {udi}, cdi , tldi , bdi , edi , pdi >

where {udi} is the list of users who set a recording referring to that
transmission, cdi is the channel, tldi is the title chosen among those

given by users, bdi and edi are the the starting and ending times res-

pectively, and pdi is the periodicity. For more details, please refer to

[3].

An example of the highly dynamic environment of PVRs is given

in Figure 1, where we show all the starting times referring to those

recordings which contribute to define a single discrete event (i.e., a

transmission).

It is important to underline that no information on the content of

recordings is used to define a discrete event. Indeed, the Faucet PVR

Figure 1. More than 2600 users programmed the recording of this specific
transmission. As it turns out, several start times were given. The arrow

indicates the representative timing we choose.

does not provide any reference to the type of transmission recorded

(e.g., sport program, news, or comedy-movie), nor we can rely on

information inserted by users in titles, being characterized by a high

variability. Thus, we can only discriminate between two programs

(on the same channel) by clustering on top of timings, plus the pe-

riodicity of the recording. In addition, the lack of information about

the content of the recordings does not allow us to apply content based

recommenders, which focus on the description of item and user pro-

files in order to recommend items [7]. On the contrary, our approach

only relies on the behavior and characteristics of large interconnected

networks, by exploiting similarities between their users.

3 Aggregating recordings

As told in the previous section, each recording is characterized by

a channel, a timing, a periodicity and a title, a completely uncon-

trolled and free user generated tag. Recordings are grouped together

by channel and clustered on the timing: if two recordings on the same

channel present similar start and end times, then we cluster them to-

gether. Neither the size of the cluster, nor the final number of clusters

is fixed a-priori. At the end of the clustering process, the recordings

minimizing the timing differences within the computed clusters are

taken as centroids of the clusters.

The aim of the clustering phase is the transformation of the re-

cordings domain to a domain of discrete events: the set of individ-

ual recordings must be transformed into a set of distinct broadcasted

programs, i.e., from the continuous domain of timings to the discrete

domain of programs. Still the clustering itself is not enough. After

the clustering, attributes of the discrete events are computed from the

centroid of each cluster. Specifically, timings are computed by con-

sidering the median of the timings extracted from every element of

the cluster, whilst the most frequent title in the cluster is chosen as a

representative of that discrete element.

The aim of the aggregation procedure is to correct possible inac-

curacies in the clustering phase. In fact, as in old VCR programming,

most of recordings are also loosely timed in the PVR domain, mean-

ing that the user usually started the recording a little bit earlier to

stop it a little bit after, to ensure the completeness of the desired TV

show. For instance, the reader may think of a TV program starting

at 8 pm. It is likely to observe a large number of recordings starting

in the interval [7.50, 8.00], whilst others might start in the interval
[7.40, 8.10]. Due to this fact, it is problematic to directly treat both
underestimation and overestimation of the timings in the clustering

phase, as two possible cases can occur:
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1. by choosing a larger clustering diameter (e.g., 60 minutes), we al-

low a more complete aggregation of recordings referring to the

same content, with the side effect of possibly skipping the dis-

cretization of very short transmissions (e.g., whose duration is

around 15 minutes).

2. By defining a shorter clustering diameter that barely takes into ac-

count underestimation and overestimation (e.g., 10 minutes), we

end up with a larger number of clusters, which are likely to gene-

rate new discrete elements rather than being merged with existing

ones.

In the current implementation of the aggregation algorithm, we opted

for the first case, due to the low probability of occurrence of very

short transmissions. The final creation of a discrete element is ob-

viously constrained by the possible past insertion of a very similar

discrete event, from which the parameters of the currently computed

discrete event are updated.

Two main problems were faced in the clustering and aggregation

procedure. The first, as said before, is the fact that the end user has an

almost complete control on the system, thus she can set any timing

and any title she wants. The channel is the only field that is given.

This leads to a wide variety of titles and timings for recording the

same program, but, while for the timings this was solved with the

introduction of various thresholds, for the string representing the title

it was necessary to compute the most frequent title of the cluster.

The second problem is the periodicity of the recordings. As long as

five options are available in VCast (i.e., daily, weekly, mon-fri, mon-

sat, no-repeat), it was necessary to develop five different aggregating

functions for managing the different behavior of the recordings.

4 Recommending events to users

The first outcome of the aggregation procedure is the daily top hits

chart, namely the most popular events, computed with respect to

the periodicity of the associated recordings. We collect all the recor-

dings, cluster them together into discrete events and order them on

the number of distinct users aggregated on the discrete events; that

is, for each periodicity, we compute the most programmed discrete

events, and we propose them to the users. The introduction of the

most popular events appreciably increased the total number of recor-

dings (see Figure 5), as users have no more to search on EPGs or on

newspapers the broadcasted programs: most of them are included in

the given chart.

The collaborative filtering approach used in grouping users can

be exploited to build a valuable dataset for the setting up of a re-

commendation engine [2]. That is, as users are aggregated together

into groups with similar interests (i.e., users have recorded the same

events) then the basic idea on which layering the recommendation is:

what programs have been recorded and programmed in the future by

users who share some interests?

In order to define such a similarity notion between users, we intro-

duce a similarity function S(u, v), that returns a similarity evaluation
for the given couple of users (u, v), estimated on top of past record-
ing activities (i.e., resources in common), programmed recordings

(in the future) and similar recording behaviors. The similarity net-

work among users is represented by a graph where nodes are users

and there exists a weighted edge between u and v iff S(u, v) > 0.
Remember that we do not have any information about the pro-

posed content, but the collaborative filtering approach allows us to

group users on the basis of their personal interests, even without this

knowledge. Of course this process can be improved with a feedback

mechanism that allows users to rate the suggested programs, speci-

fying if it was satisfactory or not.

4.1 Social Networking

We exploit our framework in the Facebook social network, with the

development of a VCast application6. This application acts both as

a front-end to the PVR and as the presentation layer for our recom-

mendation algorithm (see Figure 2) [4].

Figure 2. Recommendation front-end in Facebook.

Moreover, exploiting the inner relationships built on the social net-

work, we can make use of a more personalized recommendation ser-

vice. We can thus distinguish from two distinct recommendation ap-

proaches, both followed by our framework. It is important to under-

line that (possibly) there is no relation between the friendship on the

social network and the similarity in the VCast’s users network.

Direct recommendation is made on top of the friendship on Face-

book and is totally unbound from the similarity in the VCast network.

Users who were previously friends on Facebook and share the VCast

application, can openly recommend each other TV shows they like.

On the other hand, indirect recommendation is built on top of the

VCast similarity network. User’s interests and past recordings are

collected and computed, in order to build a neighborhood set with

users with similar interests. From that set, we can then extract shows

that should be of any interest for the user.

5 Results

What we have reached so far can be summarized as follows:

• Search & discovery process;

• VCast community investigation by means of network analysis;

• Recommendations based both on the community and on user’s

interests starting from the output of the discretization process.

VCast’s users activity is studied through the number of pro-

grammed recordings, the number of downloaded files and the number

of active users. Figure 3 shows the activity on a system in a year over

a weekly basis. Each point in the graph represents the number of re-

cordings (square-dotted line) and the number of downloaded events

6 http://apps.facebook.com/vcastapp/, Last Visited 19 Jan
2010.
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Figure 3. The activity of the system in the period: June 2008 - June 2009, expressed by means of the number of registrations, downloads and users.

occurred in the system in a 1-week interval. Just the same, each point

of the circle-dotted line represents the number of active users on a

1-week interval.

As it turns out, this activity follows a constant behavior, alternating

phases of increasing and decreasing programmed recordings (i.e., the

peaks in Figure 3). Quite obviously, after a local maximum peak in

recordings, follows a local maximum peak in the downloading ac-

tivity. It is also interesting to notice that the curves decrease in the

summer period, according to the reduced activity during the vacation

time.

Figure 4. The long-tail effect (from 01/24/2008 to 05/18/2009: we
identified 111.441 distinct events from 682.019 distinct recordings.)

As we expected, the relationship between the recordings and the

identified discrete elements follows the so-called “long-tail” beha-

vior (see Figure 4). Most recordings (about 80%) are relative to a

well defined subset of the overall events (20%).

Figure 5. Since the most populars were showed on the web site, there is a
significant increase in the number of distinct recordings.

This behavior is much more noticeable considering the timing in

which we started showing the most popular recordings on the VCast

web site. As Figure 5 shows, the number of recordings increased

since the most popular introduction: it is an easy way to get all the

relevant information on the most successful broadcasted shows, i.e.,

the most popular events.

The set of discrete events obtained by the discretization process

is used as input for two different algorithms, devised to recommend
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contents to the users of the system. In particular, the set of the most

frequently recorded events is presented to the users as a community-

based recommendation, by means of theMost Popular algorithm.

Similarly, a further recommendation scheme can also be devised

from the discrete events, with the purpose of suggesting contents

specifically tailored to users’ interests. The algorithm, namely Re-

commendation for Recordings (Rec2), exploits the well-known col-

laborative filtering approach of the nearest neighbors by identifing

the k users v1, . . . vn who can be considered most similar (with re-

spect to a chosen similarity metric) to a specific user u, i.e., neigh-
bors of u. From the elements of interest of such users, we can then

identify those which can potentially be of any interest for u, thus
recommendable to her [5].

In our tests, we chose the Dice’s similarity coefficient to measure

the similarity among the sets of items Eu, Ev watched by users u
and v. Other similarity measures were also tried, however the ob-
tained results are comparable with the Dice’s one, which is defined

as follows:

S(u, v) =
2|Eu ∩ Ev|
|Eu| + |Ev|

In the kNN algorithm, the weight of an element ei for an user uk

can be defined as:

w(uk, ei) =
∑

ua∈N(uk)

r(ua, ei) · S(uk, ua),

where r(ua, ei) =

{
1 if ei ∈ Eua

0 if ei /∈ Eua

Eua is the set of elements recorded by user ua, whilst N(uk) is
the neighborhood of user uk, limited by considering only the top-N

neighbors ordered by user similarity. We explored different variants

of the scheme and the valueN = 300 yelded to the best results.

In order to get an evaluation of our discretization process, we

compute precision and recall of the Most Popular and Rec2 algo-

rithms. Starting from the Most Popular algorithm, we have to con-

sider two sets: V (u, t), i.e., the set of events registered by user u
from time t onward, and MP (n, t), i.e., the set of the n most po-
pular events computed by our algorithm at time t. It must be clear
that the Most Popular algorithm calculatesMP (n, t) based only on
the events registered before time t, without any knowledge about the
events V (u, t) registered after time t. In this scenario, precision and
recall for each user u ∈ U are computed as:

Precision(u, n, t) =
|V (u, t) ∩MP (n, t)|

|MP (n, t)|

Recall(u, n, t) =
|V (u, t) ∩MP (n, t)|

|V (u, t)|

The precision and recall at time t are computed as the aver-
age of all users’ precision and recall values. Precision(n, t) and
Recall(n, t) represent the precision and recall at time t using the
n most popular events. Finally, we compute the system precision

and recall at different times, and calculate the system overall pre-

cision and recall as the average of it. Precision(n) and Recall(n)
represent the system overall precision and recall using the n most

popular events. At each run, our algorithm computes n of the most
popular events, with n varying from 1 to 30, and the associated

Precision(n) and Recall(n).

The way we compute precision and the recall for the Rec2 al-

gorithm is similar to computing precision and recall with the Most

Popular algorithm. The main difference is that, while most popular

events are given to all users, recommendation is personalized to each

user. To this aim, thus, we consider the sets V (u, t) as the set of
events registered by user u from time t onward, and Rec(u, n, t) as
the set of n recommended items to user u at time t. It’s important
to notice that all recommended items are in the future, and also that

the Rec2 algorithm calculates Rec(u, n, t) based only on the events
registered before time t, without any knowledge about the events
V (u, t) registered after time t.

Precision(u, n, t) =
|V (u, t) ∩Rec(u, n, t)|

|Rec(u, n, t)|

Recall(u,n, t) =
|V (u, t) ∩Rec(u, n, t)|

|V (u, t)|

The way we calculate the system overall precision and recall is

the same as the Most Popular algorithm, and Precision(n) and
Recall(n) represent the system overall precision and recall using

the n recommended events.

Figure 6. Recall for the recommendation algorithms.

In Figure 6 and 7, results are given. Recommending 30 events

gives us more than 30% of recall with respect to the total recor-

dings made by a single user. Ragarding precision, both the recom-

mendation algorithms score better than 11% considering the first 5

elements, which can be considereded an adequate number of recom-

mendable elements.

As it turns out, results are quite similar with the Most Popular

algorithm and the Rec2 engine, with the latter performing better in

both precision and recall. This can be explained because of the lack

of recommendable items due to what is depicted in Figure 4: most

of users watch the same shows and nothing else. In order to retrieve

previously unseen shows to be recommended we should navigate the

similarity graph for farther nodes, but this lead to the widening of

the set of considered items and thus increasing the risk of picking

undesired content for the user.
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Figure 7. Precision for the recommendation algorithms.

6 Conclusion and Future Work

In this work, we present a framework for investigating the social as-

pects involved in the usage of a PVR application. Starting from a

network analysis approach, we identify several clusters of users and

sets of discrete events distinguishing the communities. Most of the

users, however, tends to behave in a quite similar way, as the expe-

rience with the most popular recordings underlines.

The collaborative filtering approach gives us the opportunity to ex-

ploit an affinity function to group users with similar interests and try

to predict and recommend what will be programmed for recording

by the users. Still there are users who our recommendation engine is

unable to recommend something to, meaning that there are no pro-

grammed recordings not already seen or programmed by that user in

its neighborhood. This could lead to the identification of most hidden

and isolated communities of users, unbiased from the most populars

and very adherent to their native tendencies and interests.

Moving from the network analysis approach, it could be interest-

ing to model this domain with a multiagent system. In such a view-

point, users could be considered as agents which possess some be-

liefs, in the form of contents seen in the past and personal interests,

and are trying to achieve specific goals, i.e., what they are going to

program for the future. It is our intentions to investigate whether the

existence of social relations among agents, modeled by means of di-

rect (i.e., the social network) or indirect (i.e., the similarity network)

interactions, could be exploited to support the agents in their activi-

ties, thus improving the overall user experience.
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