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Chapter

Capturing Long-Term User Interests
1

in Online Television News Programs

Frank Hopfgartner, International Computer Science Institute, 1947 Center Street, Suite 600,

Berkeley, CA, 94704, USA, fh@icsi.berkeley.edu

2.1 Introduction

With the growing capabilities and the falling prices of current hardware systems, there are 

ever increasing possibilities to store and manipulate videos in a digital format. Also with

ever increasing broadband capabilities it is now possible to view video online as easily as 

text-based pages were viewed when the Web first appeared. People are now producing their 

own digital libraries from materials created through digital cameras and camcorders, and

use a number of systems to place this material on the Web, as well as store them in their 

own individual collections [9]. An interesting research problem is to assist users in dealing 

with such large and swiftly increasing volumes of video, i.e. in helping them to satisfy their
1This is an Accepted Manuscript of a book chapter published by Routledge/CRC Press in TV Content Analy-

sis: Techniques and Applications on 19 March 2012, available online: http://www.routledge.com/9780429107900 or 
http://www.crcpress.com/9780429107900
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information need by finding videos they are interested in. For example, a user who enjoys

sitcoms might benefit from a personalized video retrieval system which automatically identi-

fies this interest and, further, informs the user about other sitcoms he or she was not aware

of. An important question that needs to be answered in this context is how users’ personal

information needs can be identified. A promising method is to employ relevance feedback

(RF) techniques. Relevance feedback can be split into two main paradigms: explicit and

implicit relevance feedback. Employing explicit RF, users are asked to judge the relevance of

videos. Unfortunately though, users tend not to provide constant feedback, which is rather

problematic when feedback is required to identify users’ interests over a longer period of time.

Deviating from the method of explicitly asking the user to rate results, the use of implicit

feedback techniques helps learning users’ interest unobtrusively. The main advantage is that

this approach relieves the user from providing explicit feedback. As a large quantity of im-

plicit data can be gathered without disturbing the users’ work flow, the implicit approach is

an attractive alternative. In order to study these research challenges, we focus in this work

on news videos. News broadcasts consist of many short independent news items that users

can be interested in. Thus, news bulletins allow for the development of user profiling and

recommendation techniques that rely on documents with similar features. In the context of

this chapter, we hence assume that users’ interests in certain news topics can be identified

by identifying those news items that users’ interacted most with. Further, we assume that

users stay interested in certain news topics over a longer time period and thus might provide

implicit relevance feedback over a longer time period, i.e., over multiple interaction sessions.

Within this chapter, we discuss how users’ interactions such as viewing time or clicking

behavior while consuming television news online can be exploited to identify their long-term

interests in di↵erent aspects of news. We first introduce in Section 1.2 a fictitious application

scenario in which a personalization system automatically provides multimedia content that

matches a user’s interest. The scenario provides a vivid introduction into challenges and

research opportunities in the domain. In Section 1.3, we define the requirements that allow us

to focus on studying the use of implicit relevance feedback for the generation of implicit user

profiles. The main contribution is a proposal to analyze multimedia content that eases user

profiling and corresponding recommendation of multimedia content. Section 1.4 introduces

novel methodologies to tackle various research challenges towards the creation of implicit
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user profiles. We discuss the main challenges how implicit relevance feedback techniques can

be exploited to create e�cient profiles and, further, how such profiles should be structured

to separate di↵erent long-term interests.

2.2 Long-Term Personalization Scenario

In recent years, various application scenarios have been introduced to frame research ac-

tivities in the field of personalized multimedia retrieval, e.g. within the European projects

EU-MESH [33], PHAROS [34] and PetaMedia NoE [29]. It shows the increasing attention

within the research community towards personalized multimedia retrieval. In this section,

we discuss an exemplary multimedia personalization scenario, introduced by Sebe and Tian

[37], that emphasizes arising challenges in the research field.

“John Citizen lives in Brussels, holds a degree in economics, and works for a

multinational company dealing with oil imports. He enjoys travel with emphasis on

warm Mediterranean sites with good swimming and fishing. When watching TV his

primary interest is international politics, particularly European. During a recent

armed conflict he wanted to understand di↵erent perspectives on the war, including

both relevant historical material as well as future projections from commentators.

When he returns home from work, a personalized interactive multimedia program

is ready for him, created automatically from various multimedia segments taken

from diverse sources including multimedia news feeds, digital libraries, and col-

lected analyst commentaries. The program includes di↵erent perspectives on the

events, discussions, and analysis appropriate for a university graduate. The video

program is production quality, including segment transitions and music. Sections

of the program allow him to interactively explore analyzes of particular relevance

to him, namely the impact of war on oil prices in various countries (his business

interest), and its potential a↵ect on tourism and accommodation prices across the

Mediterranean next summer. Some presentations may be synchronized with a map

display which may be accessed interactively. John’s behavior and dialog with the
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display are logged along with a record of the information presented to allow the

system to better accumulate his state of knowledge and discern his interests in

order to better serve him in the future. When John is away from home for busi-

ness or leisure, he may receive the same personalized information on his mobile

device as well, emphasizing information reflecting the neighborhood of his current

Mediterranean location.”

In this scenario, a recommender system collates multimedia fragments from di↵erent sources

to generate an interactive multimedia package which is tailored to a user’s interests. By

allowing the system to constantly keep track of his television viewing habits, John provides

implicit relevance feedback on his personal interests over multiple sessions. For a more

detailed discussion of the scenarios and on arising challenges in the field of multimedia

personalization, the reader is referred to the survey paper of Lu et al. [32].

In the remainder of this chapter, we discuss how this application scenario could be imple-

mented, i.e. how users’ implicit relevance feedback, given over a longer period of time, could

be exploited to identify users’ interests in multiple topics. In order to identify videos that

match users’ interests, a well-accepted statement (e.g., [5, 40]) is that it is helpful to under-

stand the content of the video. However, the di↵erence between the low-level representation

of videos and the higher level concepts that users associate with video, commonly known as

the Semantic Gap [39], provide di�culties. Bridging this gap is one of the most challenging

research issues in multimedia information retrieval today. In Section 1.3, we discuss issues

and problems arising when analyzing multimedia content.

According to Brusilovsky et al. [6], personalized retrieval systems exploit individual user

profiles to adapt retrieval results or to recommend documents that match the user’s infor-

mation need. Having the users’ interests captured in a profile, a challenge is how to identify

di↵erent interest from their profile. One challenge is that users can show interest in multiple

news topics. John Citizen, for example, is interested in European politics and Mediterranean

countries. He further could be interested in sub categories such as Greek islands, Spanish

beaches or Italian dolce vita. A specification for a user profile should therefore be able to

automatically identify these multiple aspects. In Section 1.4, we introduce our methodology
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of multi-session user profiling and multimedia recommendation.

2.3 Requirements for a User Profile

John Citizen, the character in the application scenario introduced in the previous section uses

a news recommender system that automatically generates personalized multimedia packages

that cover topics of his interest. In the scenario, these packages consist of many di↵erent

multimedia segments such as news feeds or commentaries. When the packages are generated

from up-to-date multimedia news broadcasts only, it becomes clear that they can either be

collections of relevant shots from a given news story or collections of relevant news stories.

Shots are often used to visually enrich the actual news story, e.g. by providing impressions

of the location of the event. Sometimes, even archived video footage is used that is not in

direct connection to the actual news. News stories consist of a series of shots. It is up to the

editor of the television broadcast to decide which shots are used to report the news story.

They should be seen as a means to assist the news consumer in understanding the news,

rather than being the main unit conveying the news. We therefore define that the news

video recommender system should focus on generating personalized multimedia packages

consisting of news stories. We discuss in Section 1.3.1 challenges arising when focusing on

news stories.

One challenge for recommending news stories is to analyze the content of these news

stories. This is, due to the Semantic Gap, not trivial though. A promising approach to

ease this problem is to set such multimedia documents into their semantic contexts (e.g.

[15, 43, 3]). For instance, a video about David Cameron’s visit to Italy can be put into

di↵erent contexts. First of all, it shows an event which happened in a Mediterranean country,

Italy. Moreover, it is a visit by a European politician, the prime minister of the United

Kingdom. If the fictitious John Citizen follows news about Cameron’s visit, it might indicate

that he is interested in either politics, Italy, or in both. Thus, the context expresses the

“aboutness” of a document. Knowing the context of a video is useful for recommending other

videos that match the users’ information need. By exploiting these contexts, multimedia
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documents can also be linked to other, contextually related documents. Due to recent

improvements in Semantic Web technologies, it is now feasible to automatically link concepts

to the Linked Open Data Cloud2, where they are connected to other concepts. The Linked

Open Data collection of ontologies unites information about many di↵erent freely available

concepts. Section 1.3.2 discusses this technology further. Any news story’s concepts can

hence be set into its semantic context. Based on the state-of-the-art research, we hypothesize

that exploiting this context can lead to appropriate news video recommendations. Thus, in

this section, we introduce a methodology to set multimedia documents into their semantic

context. We propose an approach of generating this semantic link in Section 1.3.2. In

Section 1.3.3, we propose to categorize news stories based on their subject to ease access to

the collection.

2.3.1 Capturing and Segmenting News Broadcasts

The most essential requirement for the previously presented multimedia recommendation

scenario is to acquire up-to-date news broadcasts. In most countries, daily television news

bulletins can be received by either aerial antenna, cable network or satellite dish. Recently,

some television stations started to o↵er their news bulletins as online download, e.g. the BBC

One O’clock News on the BBC’s iPlayer3 portal or the German Tagesschau as Podcast in

the ARD Mediathek4. Consequently, a large amount of potential sources are available which

could be used to create a personalized news broadcasting collection. Note that di↵erent

copyright laws apply in each country. Cole [13] discusses issues related to copyright in a

digital context from a UK perspective.

The next step after capturing the daily broadcast is to automatically segment it into

semantically coherent sequences. A consumer-oriented segmentation approach is to identify

story boundaries. News story segmentation is essentially finding the boundaries where one

story ends and the other begins. Various text-based, audiovisual-based and combinations

of all features have been studied to segment news videos accordingly. Note that news story

2http://linkeddata.org/
3http://www.bbc.co.uk/iplayer/
4http://www.ardmediathek.de/
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segmentation is not the main focus of this chapter and will therefore not be discussed further

here. Detailed surveys on automatic news story segmentation are given by Arlandis et al.

[1] and Chua et al. [12].

2.3.2 Exploiting External Knowledge

Multimedia documents are often enriched with additional metadata such as creation date,

source or descriptive tags [4]. The informative nature of news video broadcasts results in a

large amount of potential textual tags, because News aim to provide a compressed overview

of the latest events. Events are thus usually summarized by a background narrator, journalist

or anchor person, resulting in text heavy transcripts. Indexing news videos based on such

transcripts would enable textual retrieval and ease users’ access to the corpus. Indeed,

studies, e.g. within the evaluation workshop TRECVid, have shown that textual features are

still the best source to perform multimedia retrieval [10].

A closer analysis of state-of-the-art research within TRECVid, however, also indicates

that the retrieval performance of news video retrieval is still far away from their textual

counterparts. An interesting approach for narrowing this performance gap is to further

enrich the textual transcripts using external data sources. Fernández et al. [17], for instance,

have shown that ontology-based search models can outperform classical information retrieval

models at a Web scale. The advantage of these models is that external knowledge is used

to place the content into its semantic context. Due to large community e↵orts such as the

Linked Open Data project, broad collections of freely available concepts are available that are

interlinked using di↵erent ontologies. The backbone of this cloud is DBpedia, an information

extraction framework which interlinks Wikipedia content with other databases on the Web

such as Geonames or WordNet. Figure 1.1 illustrates that the DBpedia Knowledge Base

is a graph of linked concepts. As of April 2010, it contains more than 2.6 million graph

elements which are interlinked with each other. The nodes are concepts that are identified

by unique identifiers, URIs. A semantic hierarchy between most neighbored nodes is defined

by the Simple Knowledge Organization System Reference (SKOS) data model. Figure 1.1

illustrates an example hierarchy, the hierarchy of the concept “Scotland” in DBpedia.
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Figure 2.1: Hierarchy of the concept “Scotland” in DBpedia

From a news personalization perspective, this semantic link provides the potential to

improve interactive video retrieval and recommendation. For example, John Citizen could

show interest in a story about the sunset at the Greek island Santorini. The story transcript

might contain the following sentence:

“This is Peter Miller, reporting live from Santorini, Greece, where we are just

about to witness one of the most magnificent sunsets of the decade. [...]”

Since John enjoys travel with emphasis on warm Mediterranean sites, he might also be
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interested in a report about the Spanish island Majorca. For example, imagine the following

story:

“Just as every year, thousands of tourists enjoy their annual sun bath here in

Majorca. [...]”

An interesting research question is how to identify whether this story matches John’s inter-

ests. Lioma and Ounis [31] argue that the semantic meaning of a text is mostly expressed

by nouns and foreign names, since they carry the highest content load. Indeed, most adap-

tation approaches rely on these terms to personalize retrieval results, e.g. by performing a

simple query expansion. The two example stories, however, do not share similar terms. A

personalization technique exploiting the terms only would hence not be able to recommend

John the second story.

Mediterranean
Islands

Municipalities 
of

Majorca

Majorca

Islands of the 
Balearic 
Islands

Santorini

Islands
of

Greece

Volcanic
Settlements

skos:broader

skos:broaderskos:broader

skos:broader

skos:broader

skos:broader

Figure 2.2: Linking “Santorini” and “Majorca” using DBpedia

However, as Figure 1.2 illustrates, linking the concepts of the transcripts using DBpedia

reveals the semantic context of both stories. It becomes evident that both stories are about
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two islands in the Mediterranean Sea. Exploiting this link could hence satisfy John’s inter-

est in warm Mediterranean Sites. We therefore propose to set news broadcasts into their

semantic context by exploiting the large pool of linked concepts provided by DBpedia.

2.3.3 Categorizing News Stories

Gans [18] argues that modern times news reports can be categorized into various news

categories such as Political news, Sports news or Entertainment news. For example, the

following story transcript, taken from the BBC’s news broadcast of March 3rd, 2010, could

be categorized as belonging to a “Entertainment News” category.

“Hollywood’s biggest night of the year is almost upon it. The 82th Oscars Ceremony

is taking place in Los Angeles on Sunday. Who is likely to walk away with the

gongs? Will it be the box o�ce hit Avatar or the gritty Iraqi hit The Hurt Locker.

Rajesh Mirchandani is on the red carpet where preparations are under way. [...]”

Various approaches have been studied to automatically determine a news story’s subject and

to categorize into such broad categories, e.g. [25, 19, 14]. The motivation for such a task is

to ease access to the news corpus. Following this motivation, we suggest to categorize the

news stories based on their subject since such categorization could help to separate users’

interests.

In this section, we discussed requirements that should be fulfilled to ease the generation of

user profiles. We first discussed the creation of a private news video corpus, which requires

capture and segmentation of daily news broadcasts. Further, we suggest the enrichment of

resulting news stories by identifying and linking concepts using a generic ontology. Various

problems need to be handled when using such an ontology. The main problem is how to

automatically identify the correct concept for a given term. Shabdolt et al. [38] argue in

their survey on the development of semantic web technologies that this is the main problem

within the domain and that in recent years, di↵erent techniques have been proposed. Another

challenge is the quality of the existing ontology. Being a representation of Wikipedia, both
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quantity and quality of DBpedia links di↵er tremendously. While some nodes have many

neighbors, others are linked to only a few related concepts only. Further, the approach relies

on the correctness of the information which is represented within DBpedia. Suchanek et al.

[42] manually evaluate the quality of DBpedia as part of their Yago ontology, a semantic

knowledge base which builds on DBpedia. They report a fact correctness of 95%, suggesting

that DBpedia can be seen as a reliable source. Another problem is that DBpedia is created

automatically every six months from the English language version of Wikipedia. Its content

is hence out of date, which might be a problem when news contain concepts that have not yet

been described on Wikipedia or that were recently created only. Examples are public figures

such as new politicians, successful business tycoons, new inventions or companies. Berners-

Lee et al. [2] envisioned the Semantic Web as consisting of machine readable information

chunks which can be merged based on their semantic content. The current version of DBpedia

can be seen as a milestone towards the development of such web. With the increasing success

of the Semantic Web, chances increase that DBpedia (or similar approaches such as the

Semantic MediaWiki project [28]) can become an essential part of the Wikipedia project. A

desirable improvement would then be to update DBpedia concepts in real time whenever a

Wikipedia page has been changed. Such a technical advance would bridge the problem of

an outdated concept corpus. Nevertheless, major broadcasters such as the BBC [27] now

already rely on DBpedia, indicating that even an outdated corpus can serve successfully to

link documents. Finally, we suggest to categorize news stories into broader news categories.

These categories could ease the generation of user profiles.

2.4 Tackling User Profiling Problems

In the previous section, we suggested the creation of a private news video collection consisting

of up-to-date news bulletins from di↵erent broadcasting stations. Further, we introduced our

approach of exploiting the Linked Open Data Cloud to link concepts in the news broadcasts

and suggested a categorization of stories into broad news categories. From a user profiling

point of view, these links and categories can be of high value to recommend semantically

related transcripts, hence creating a semantic-based user profile. In this section, we introduce
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our methodology of identifying user’s long-term interests.

Providing feedback on a document is considered as evidence that this document is relevant

for the user’s current interest. Most personalization services rely on users explicitly specifying

preferences. However, users tend not to provide constant explicit feedback on what they

are interested in. In a long-term user profiling scenario, this lack of feedback is critical,

since feedback is essential for the creation of such profiles. Hopfgartner and Jose [23] have

shown that implicit relevance feedback can be used to balance this missing feedback. We

therefore argue that user profiles should be automatically created by capturing users’ implicit

interactions with the retrieval interface (see [23, 24, 22]). Hence, our hypothesis is that

implicit relevance feedback techniques can e�ciently be employed to create implicit user

profiles. The contribution of this section is thus a novel approach to generate such profiles.

We discuss the generation process in Section 1.4.1.

Another challenge is to capture users’ evolving interests in implicit user profiles. What a

user finds interesting on one day might be completely irrelevant on the next day. In order to

model this behavior, we therefore suggest in Section 1.4.2 to apply the Ostensive Model of

Developing Information Needs. Further, we argue for the automatic identification of multiple

aspects of users’ interests.

In Section 1.4.3, we highlight and discuss the need to identify di↵erent aspects of interest

and introduce our approach to solve this problem.

2.4.1 User Profile Model

Hopfgartner and Jose [21] analyzed representative video retrieval interfaces, revealing six

user interactions which are commonly supported by most video retrieval interfaces. These

include (1) hovering the mouse over a key frame, (2) clicking on a search result, e.g. to

trigger (3) playing back a video, (4) sliding through accompanying key frames, (5) looking

at meta data and (6) using the sliding bar to slide through the video being played. By

treating these interactions as implicit indicators of relevance, they have shown that this

implicit relevance feedback can be successfully employed to improve interactive video retrieval
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performed within single search sessions. The next challenge which needs to be addressed

is how implicit relevance feedback techniques can be exploited to enable an application

scenario as described in Section 1.2, that is the creation of e�cient user profiles by implicitly

capturing user interest. Unfortunately, even though the discussed scenario highlights various

challenges in the field of multimedia content personalization, the scenario’s setting makes

it almost impossible to capture user interests. For example, the protagonist John might

inform himself about the latest political developments in the newspaper, or by listening to

the radio news. Consequently, he might not watch the news on television, since he is already

aware of the current situation. Since we want to study whether implicit relevance feedback

can be used to generate user profiles, we focus on the users’ interactions with a news video

recommender system, hence ignoring other sources.

By interacting with the graphical user interface of such system, users leave a “semantic

fingerprint” indicating their interest in the content of the items they have interacted with.

Hopfgartner and Jose [23] argue that the degree of their interest can be expressed by a

weighting aligned with the di↵erent interface feature types. For example, the more inter-

actions are performed on an item, the higher the weighting for this item, and the stronger

the fingerprint that the user is interested in its content. The first challenge we then have to

approach is how to capture this fingerprint.

A prominent way of capturing user interests is the weighted keyword vector approach.

In this approach, the interests are represented as a vector of weighted terms where each

dimension of the vector space represents a term aligned with a weighting. Considering the

high semantics conveyed by each story users might interact with, generating user profiles on

a term-based level only would ignore these semantics though. Defining a search session as a

set of chronological user interactions that can be split into various iterations, we suggest a

weighted story vector approach (SW ) where each interaction I of a user i at iteration j of

their search session is a vector of weights

~Iij = {SWij1...SWijs}



16CHAPTER 2. CAPTURING LONG-TERMUSER INTERESTS IN ONLINE TELEVISION NEWS PROGRAMS

where s indexes the story in the whole collection. The weighting SW of each story expresses

the evidence that the content of this story matches the user’s interest. The higher the value

of SWijs, the closer this match is. Thus, without further user input, the user interest is

determined based on this implicit interactions only, i.e. the previously mentioned “semantic

fingerprint”.

Di↵erent from short-term adaptation services, a multi-session personalization system re-

quires the storage of the user’s semantic fingerprint. The next challenge is hence to store this

vector of weights in a user profile. As explained in Section 1.3.3, we suggest classification

of news stories into broad categories. This categorization can be exploited to model the

user’s multiple interests. For example, the character John from the previous scenario shows

interests in both European Politics and Mediterranean countries, i.e. di↵erent aspects A.

Having all interests in one profile is not e↵ective; Since these are two di↵erent issues, it is

reasonable to treat them separately. We therefore suggest to use this classification A as a

splitting criteria. Thus, we represent user i’s interest in an aspect A in a category profile

vector ~Pi(A), containing the story weight SW (A) of each story s of the collection:

~Pi(A) = {SW (A)i1...SW (A)is}

Each ~Pi(A) hence contains a vector of stories that belong to the aspect in category A and

in which the user showed interest in at iteration j. This interest is expressed by the story

weight SW , which is determined based on the implicit indicator of relevance which the user

used to interact with the story.

Even though the user’s interests can be split into di↵erent broad categories, two main

problems remain. The first challenge is the capturing of user’s evolving interest. Section 1.4.2

introduces our approach to handle this problem. The second challenge is the capturing of

di↵erent sub aspects of this interest. This problem is tackled in Section 1.4.3.
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2.4.2 Capturing Evolving Interest

The simplest approach to create a weighting for each story in the profile is to combine the

weighting of the stories over all iterations. This approach is based on the assumption that

the user’s information interest is static, which is, however, not appropriate in a retrieval

context. The users’ information need can change within di↵erent retrieval sessions [36, 35,

16]. Following the argumentation by Stvilia et al. [41] that information quality is sensitive to

context changes such as time, an interesting research question is how this change of interest

can be incorporated. Campbell and van Rijsbergen [8] state that the user’s search direction

is directly influenced by the documents retrieved. The following example illustrates this

observation:

Imagine a user who is interested in red cars and uses a video retrieval system to

find videos depicting such cars. Their first search query returns several video clips,

including videos of red Ferraris. Watching these videos, he or she wants to find

more Ferraris and adapts the search query accordingly. The new result list now

consists of video clips showing red and green Ferraris. Fascinated by the rare color

for this type of car, he/she again reformulates the search query to find more green

Ferraris. Within one session, the user’s information need evolved from red cars to

green Ferraris.

Based on this observation, Campbell and van Rijsbergen [8] introduce the Ostensive Model

of Developing Information Need that incorporates this change of interest by considering,

when a user provided relevance feedback. In the Ostensive Model, providing feedback on a

document is seen as ostensive evidence that this document is relevant for the user’s current

interest. The combination of this feedback over several search iterations provides ostensive

evidence about the user’s changing interest. The model considers the users changing focus of

interest by granting the most recent feedback a higher impact over the combined evidence.

Hence, they propose to consider a time factor when ranking documents, i.e. by modifying the

weighting of terms based on the iteration in which user’s interacted with the corresponding

document. They distinguish between four di↵erent functions to calculate the weighting,

depending on the nature of aging:
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• Constant weighting

• Exponential weighting

• Linear weighting

• Inverse exponential weighting

Considering the ostensive evidence as a method to model user interest in documents belong-

ing to category A in a profile, we propose to manipulate the story weight in our category

profile. Therefore, we define the story weight for each user i as the combination of the

weighted stories s over di↵erent iterations j:

SW (A)is =
X

j

ajWijs (2.1)

We include the ostensive evidence, denoted aj, to introduce di↵erent weighting schemes

based on the ostensive model. Figure 1.3 plots this evidence aj for up to ten iterations.

It can be seen that all functions, apart from the constant weighting, reduce the ostensive

weighting of earlier iterations. The weighting depends on the constant C > 1.

In the remainder of this section, we discuss the functions in detail.

Constant Weighting

aj =
1

jmax
(2.2)

The constant weighting function does not influence the ostensive weighting. As Equation 1.2

illustrates, all terms will be combined equally, ignoring the iteration when a term was added

or updated. The constant weighting can be seen as a baseline methodology which does not

include any ostensive factor.
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Figure 2.3: E↵ect of di↵erent ostensive weighting functions over ten iterations

Exponential Weighting

aj =
Cj

Pjmax

k=2 Ck
(2.3)

The exponential weighting as defined in Equation 1.3 gives a higher ostensive weighting to

terms which have been added or updated in older iterations. It is the most extreme function

as the ostensive weighting of earlier iterations decreases steeply.

Linear Weighting

aj =
Cj

Pjmax

k=2 k
(2.4)
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Equation 1.4 defines the linear weighting function. The ostensive weighting of earlier iter-

ations decreases linearly. This function linearly reduces the ostensive weighting of earlier

iterations.

Inverse Exponential Weighting

aj =
1� C�j+1

Pjmax

k=2 (1� C�k+1)
(2.5)

The inverse exponential weighting defined by Equation 1.5 provides the “softest” decrease of

the weighting for more recent iterations. Compared to the other introduced functions, the

ostensive weighting of early iterations decreases more slowly.

This section has shown how the di↵erent weighting functions of the Ostensive Model of

Evolving Information Need could be applied in our multi-session user profile. Each function

supports di↵erent usage scenarios. In the context of modeling users’ interests in news, we

can, however, reduce the number of functions that fit into such scenario. We assume that

a user’s interest in certain news evolve over time. Consider, for example, the following

scenario. At the beginning of the credit crunch, John was following news about the financial

troubles of big national banks. He showed some interest in it, but ignored the story after a

while, since he was not directly a↵ected. Day by day, however, more and more news appear,

highlighting the complications of this bankruptcy case. At the same time, John’s interest in

the issue increases. Thus, his interest evolves from low interest to high interest.

A constant weighting does not provide any additional weighting to the user’s profile. Ex-

ploiting corresponding profiles would hence not distinguish between recent and old feedback.

The function thus can not be used to model an evolving interest. Likewise, a profile created

using an inverse exponential weighting does not support such a scenario. Both exponential

weighting and linear weighting, however, consider more recent feedback as stronger indicator

of the user’s interests than older feedback. While with the linear weight, this recent interest

decays rather slowly over several iterations, the exponential weighting function decays very

fast. Considering the nature of news, especially the sudden appearance of breaking news,

the exponential weighting model seems to be the best function to model the user’s evolving
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interest. Breaking news of rare events such as an earthquake will not have any similar stories

in the profile; nevertheless, they might be of high importance for the user. Consequently,

their weighting should be considerably higher than the weighting of other news. The linear

weighting function gives a relative high weighting to stories of earlier iterations. Thus, the

breaking news story might perish. The exponential weighting function gives a relatively high

weighting to more recent iterations. Breaking news would hence be ranked higher in the user

profile. The Ostensive Model has been applied in the image domain [7, 44, 30] and in web

scenario [26]. In each case, the authors incorporate an exponential weighting as a decay

function. Corollary, we propose to model this evolving interest in news by incorporating the

exponential weighting as a decay function. An analysis of di↵erent approaches is given by

Hopfgartner et al. [20].

2.4.3 Capturing Di↵erent Aspects of Interest

In Section 1.4.1, we suggest to split user profiles into broad news categories which can

be derived from the classification procedure suggested in Section 1.3.3. Whenever a user

interacts with a news document, the category vector ~Pi(A) of the corresponding category is

updated with the new story weight. As some stories might belong to more than one broad

category, we propose to add the corresponding story to every associated category profile. For

example, a news story about the Government’s decision to bail out domestic banks might

be categorized as belonging to both categories Politics and Business. The drawback of this

approach is that during the early stages of the user profiling process, semantically related

category profiles might contain exactly the same news documents. Thus, at later stages of

the user’s interactions, other documents might be added to either of the categories, resulting

in di↵erent contents. These early duplicates are hence more a cold start problem that will

decay in the process of user profiling.

The methodology introduced above results in a category-based representation of the user’s

interests. Each category profile consists of a list of weighted stories, with the most important

stories having the highest weighting. Following this approach, the profile of the example

user John would consist of two main category profiles: Politics and Tourism. Since these
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are very broad news categories, however, each category profile might still be very diverse.

News reports about European Politics, for instance, might be about the internal politics

of di↵erent European countries or about di↵erent aspects such as the negotiation of new

trading agreements or the installment of new immigration regulations. Likewise, stories in

the user’s Tourism profile might contain stories about Greece or Spain or di↵erent activities

such as fishing and swimming.

Aiming to exploit the user profiles to recommend the user other stories that are related

to each of these sub categories presents a challenge of identifying di↵erent contextual sub

aspects in their category profiles. This is an information filtering problem. Information

filtering techniques exploit the fact that semantically related documents share certain textual

features. A simple approach to address this problem is to cluster the documents based on

these textual features, which should result in semantically related clusters where each cluster

represents a sub categories of the user’s interest. Note, however, that information filtering

is a complex research challenge and thus, much more complex approaches exist that address

the task of identifying sub categories in text documents.

In this section, we introduced the methodology for generating implicit user profiles. Our

main research focus was on discussing how implicit relevance feedback can be exploited for

the generation of such profiles. We proposed to store news stories that the user interacted

with, aligned with an implicit feedback weighting, in structured user profiles. Each time a

user provides new implicit relevance feedback, the corresponding user profile is updated. It is

an iteration-based representation of the user’s interests. We further argued that this interest

is not static, since users will lose interest in old news. Aiming to smooth this decay, we

proposed to apply the Ostensive Model of Evolving Information Need. We discussed di↵erent

ostensive weighting functions and argue for the use of a decay function. Another problem

we addressed is the user’s interests in multiple topics. We first argued for the generation

of category-based user profiles to separate these interests. Categories can be derived from

the news stories the users interacted with. Whenever a user interacts with a news story,

the corresponding category profile is updated automatically. Since these categories might

be very broad, we further argued to identify sub categories by clustering the content of each

category profile. Each cluster then represents the user’s interest in a certain aspect of the
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broad news category.

2.5 Summary

In this chapter, we studied how multimedia could be analyzed to ease implicit user profiling.

We, therefore, first discussed a visionary application scenario of a multimedia recommender

system which generates personalized multimedia documents that satisfy a user’s information

need. We limited the conditions of the scenario, which allows us to focus on studying the

use of implicit relevance feedback. Outlining the requirements for implicit user profiles,

we proposed to generate personalized news video collections and argued to process this

collection by segmenting each bulletin into semantically coherent news stories, categorizing

them into broad news categories and by enriching these stories using a generic ontology.

This data augmentation allows us to set news stories into their semantic context, which we

then suggested to consider when creating the user profile. Thus, the first contribution of this

chapter is a novel methodology to create such semantic link. We suggested to use implicit

relevance feedback to store relevant news stories in a profile. Further, we suggested to apply

the Ostensive Model of Evolving Information Need to compensate the user’s losing interest

in stories he or she showed interest in during earlier stages. Finally, we discussed that the

user profiles should be split based on the user’s di↵erent interests and suggest to perform

clustering to identify the user’s interests.

Hopfgartner and Jose [24] evaluate di↵erent recommendation approaches which are based

on the introduced user profiling methodology. By employing the methodology which has

been introduced in this chapter to categorize and enrich television broadcast data, they suc-

cessfully capture user’s interests in television programs. The results suggest the e↵ectiveness

of introduced methodology.
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