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Abstract Traditional recommender systems provide personal suggestions based
on the user’s preferences, without taking into account any additional contex-
tual information, such as time or device type. The added value of contextual
information for the recommendation process is highly dependent on the ap-
plication domain, the type of contextual information, and variations in user-
s’ usage behavior in different contextual situations. This paper investigates
whether users utilize a mobile news service in different contextual situation-
s and whether the context has an influence on their consumption behavior.
Furthermore, the importance of context for the recommendation process is
investigated by comparing the user satisfaction with recommendations based
on an explicit static profile, content-based recommendations using the actu-
al user behavior but ignoring the context, and context-aware content-based
recommendations incorporating user behavior as well as context. Considering
the recommendations based on the static profile as a reference condition, the
results indicate a significant improvement for recommendations that are based
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on the actual user behavior. This improvement is due to the discrepancy be-
tween explicitly stated preferences (initial profile) and the actual consumption
behavior of the user. The context-aware content-based recommendations did
not significantly outperform the content-based recommendations in our us-
er study. Context-aware content-based recommendations may induce a higher
user satisfaction after a longer period of service operation, enabling the recom-
mender to overcome the cold-start problem and distinguish user preferences
in various contextual situations.

1 Introduction

Recommender systems are software tools and techniques providing suggestions
for items to be of interest to a user [30]. ‘Item’ is the general term used to
denote what the system recommends to users such as videos [14], songs [22],
or events [12]. The suggestions provided are aimed at supporting their users in
various decision-making processes, such as what movies to watch, what music
to listen, which events to attend, what products to buy, or what news to read.
These suggestions are often offered as a ranked list of items. In performing this
ranking, recommender systems try to predict what the most suitable items
are, based on the user’s preferences. These user preferences are acquired by
collecting users’ explicit ratings for items or by interpreting user actions such as
clicks, selections, or purchases [33]. A rating or a user interaction with an item
is commonly referred to as a ‘consumption’ of an item. Consumptions can be
explicit or implicit. Explicit evaluations for content items, such as ratings, likes,
or thumbs up/down options are denoted as explicit feedback. Implicit feedback
are observational measures of the user’s preference for an item, e.g., selecting
an article to read, purchasing a product, watching a movie, or listening to a
song.

Recommender systems have proven to be a powerful and popular tool for
online users to cope with the information overload and assist in the decision-
making process [24]. Over the years, several different approaches for gener-
ating recommendations have been proposed. These can be classified accord-
ing to a taxonomy that was based on the work of Burke [10] and that has
become a classical way of distinguishing between recommender systems and
referring to them [33]. Six different classes of recommendation techniques can
be distinguished based on the knowledge source: demographic recommenda-
tions, knowledge-based recommendations, community-based recommendation-
s, content-based recommendations, collaborative recommendations, and hy-
brid recommendations. Demographic recommendations are based on the de-
mographic profile of the user (e.g., age, gender) to infer personal recommen-
dations. Knowledge-based systems use specific domain knowledge about how
certain item features meet user preferences. Community-based recommenda-
tions rely on the user’s connections or relations with other users or friends in a
social network. The idea of content-based recommender systems is to suggest
items that are similar to the items that the user liked in the past. These sys-
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tems learn which type of items the user likes based on the user’s consumption
behavior and the attributes that describe an item such as the title, a descrip-
tion, keywords, categories, etc. Collaborative filtering is based on similarities
in the consumption history of users to derive personal recommendations. Hy-
brid recommender systems combine two or more of the preceding recommender
techniques. In a footnote, Burke argues that there is another knowledge source
not yet included in the classification: context, which is becoming important,
particularly for mobile applications.

The consumption of audiovisual media and the accessing of information
always happen in a certain context [32], i.e. conditions or circumstances that
significantly affect the decision behavior. This gave rise to the development
of context-aware recommender systems (CARS), which take this contextual
information into account when providing recommendations. To calculate rec-
ommendations, traditional recommender systems estimate preferences for all
(User, Item) combinations for which no feedback is available, based on the
known preferences of a few other (User, Item) combinations.

User × Item → Preference

To take into account the influence of context, CARS are the extension
towards a multidimensional model, used to estimate preferences for all (User,
Item, Context) combinations [1].

User × Item× Context → Preference

This research aims to assess the usefulness of contextual information for al-
gorithms that assists people in the decision-making process. More specifically,
the main objective is to determine the added value of CARS with respect to
traditional recommender systems for a functional online news service, called
Stream Store. Since a user study can provide reliable explanations as to which
recommendation method is the best, and why one method is better than the
other [35], three alternative recommendation methods for the news service are
compared through such a user study.

More specifically, this paper aims to address the following research ques-
tions (RQ):

– RQ1: “Is the dataset of a start-up news service dense enough for collabo-
rative filtering (i.e. a commonly-used recommendation technique based on
similarities in users’ consumption pattern?)”.

– RQ2: “Do users consume news content in several different contextual situ-
ations (e.g., at different times of the day, or using different devices?)”

– RQ3: “Do users of a news service have another consumption behavior (e.g.,
different preferred news categories) in different contextual situations?”

– RQ4: “How do recommendations based on explicit static preferences, content-
based recommendations, and context-aware content-based recommenda-
tions compare for a news service?”

– RQ5: “Are explicitly-stated news preferences, the run time profile of a
context-aware recommender, and the actual user behavior consistent?”
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The remainder of this paper is organized as follows. Section 2 provides
an overview of related work regarding CARS. Section 3 provides some details
about Stream Store, i.e. the online news service, and discusses the setup of
our experiment. The three alternative recommendation methods, the data they
require, and their functioning are discussed in Section 4. An analysis of the
usage of the news service (RQ1) is presented in Section 5. The usage of the news
service in different contextual situations (RQ2) is investigated in Section 6.
Section 7 elaborates on this and investigates if the users of the news service
have another consumption behavior in different contextual situations (RQ3).
In Section 8, the recommendations are evaluated by analyzing the feedback of
the users (RQ4). Section 9 investigates the consistency of the user profile, on
which the recommendations are based, and the actual user behavior, which
reflects the user’s interest (RQ5). Section 10 draws conclusions and points to
future work.

2 Related Work

Driven by the increased availability of mobile Internet and the rise of a variety
of mobile devices, context-aware applications experienced a growing interest
during the last few decades. Context-aware systems use context to provide
relevant information and/or services to the user, where relevancy depends on
the user’s task [16,28]. Multiple definitions of context exist in literature [7].
In the literature pertaining to context-aware systems, context was initially
defined as the location of the user, the identity of people near the user, the
objects around, and the changes in these elements [34,4]. In subsequent studies,
the definition of context is broadened to elements such as the date, the season,
and the temperature [9]. Afterwards, the context is completed with the user’s
emotional status and any information which can characterize - and is relevant
to - the interaction between user and application [17].

Also in recommender systems for various application domains, the user
context has gained an increased interest from researchers [4]. For context-
aware music recommendations for example, the user’s emotions can be used
as input by using support vector machines as emotional state transition clas-
sifier [22]. In the application domain of tourism, various applications use the
current location or activity of the user to personalize and adapt their content
offer to the current user needs [31,15]. Personal recommendations for points
of interest can be provided based on the user’s proximity of the venue [26].
For context-aware media recommendations on smartphones, the situation of
the user (location, activity, time) [20], as well as the device and network ca-
pabilities are considered as important contextual parameters [40]. In a news
recommendation scenario, the importance of contextualization is demonstrat-
ed by the News@hand system [11].

Given the short-term life of news content, an alternative way to deliver news
content is proactively pushing news articles to mobile users. These just-in-
time personalized recommendations can be selected based on user’s contextual
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information as well as the news content [39]. Since users commonly consider
the presentation of any information not explicitly requested as intrusive [25],
this kind of push-recommendations is not used in our experiment. Pull-based
systems, in which the delivery of recommended content is driven by queries,
i.e., by user requests, are considered as less intrusive, since users maintain
control on information delivery [21].

Most of the work on context-aware recommender systems has been concep-
tual [4], where a certain method has been developed, but testing is limited to
an offline evaluation or a short-term user test with only a handful of people,
often students or colleagues who are not representative for the population.

In contrast, this research investigates the role of context in users’ con-
sumption behavior and personalized recommendations for news, based on a
large-scale user study. Users could utilize a real news service that offers con-
tent of four major Flemish news companies on their own mobile devices, in
their everyday environment, where and when they wanted, i.e., in a living lab
environment. Living lab experiments are an extension towards more natural
and realistic research test environments [19]. Although less transparent and
predefined, living lab experiments aim to provide more natural settings for
studying users’ behavior and their experience. Especially for context-aware
applications, in which the user’s environment has an influence on the way the
application works and/or the offered content, a realistic setting is essential for
a reliable evaluation. Therefore, this paper investigates the influence of con-
text and the benefit of context-aware recommendations for a real news service
by means of a large-scale user panel, in a realistic environment, over a longer
period of time.

3 Experimental setup

Nowadays, users have access to multiple online news sources, also on the mo-
bile platform. Various news services have a mobile website, and almost every
newspaper has its own mobile app. This indicates the strong interest of users
in news, but also the saturation of the market with many alternative ser-
vices, besides the traditional printed press. Stream Store differentiates from
existing news service on three fronts: aggregating news of different providers,
bundling news articles into packages with news articles about a specific topic
(i.e. ‘streams’), and personalized context-aware recommendations.

Stream Store aggregates content of different premium content providers
in Belgium: newspapers, magazines, but also content of television as short
video clips. This aggregated content provides users a more complete and varied
overview of the news than traditional services do.

To provide a clear overview of the content, news items can be grouped into
streams about a certain topic such as typhoon Haiyan, Barack Obama, or the
FIFA World Cup. Figure 1 shows a screenshot of the user interface of Stream
Store, in which some streams are visible.
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Fig. 1 A screenshot of the client application of the Stream Store news service

To anticipate the abundance of news content and the associated choices
that people have to make, Stream Store offers the user personalized, context-
aware recommendations. These are suggestions for news items, tailored to the
user’s personal interests, and taking into account the current contextual sit-
uation of the user. CARS can take into account various contextual aspects,
which might have an influence on users’ decision-making process. In this ex-
periment, the time of the day and the device type are investigated in detail as
contextual aspects.

Compared to the well-established application domains of recommender sys-
tems, such as movies or books, news items have a shorter lifespan and are
frequently updated. Consequently, consulting the news on a daily basis, or
even multiple times a day, can be interesting, which makes the time aspect an
important contextual factor. The time is closely related to the location of the
user, as was also witnessed during the analysis of users’ consumption behavior
(Section 6). A frequently recurring pattern was as follows: in the morning,
users are at home; during daytime, they are at work; and during the evening,
they are again at home.

The Stream Store news service is accessible through a mobile application,
which is available on Android and iOS for tablets as well as smartphones. As
a result, the type of device that is used for consuming the news content is also
an interesting contextual factor.

To conclude, the time of the day (which is closely related to the location)
and the device type (smartphone or tablet) are studied as contextual influences
of the decision-making process in Stream Store. Because recommendation algo-
rithms require sufficient time to learn variations in users’ interests in different
contextual situations, the number of contextual dimensions is limited to two in
this experiment. Given the availability of online information services, e.g., for
the weather or traffic, and the presences of various sensors in mobile devices,
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such as GPS, accelerometers, gyroscopes, and illumination sensors, context
can be extended with additional aspects in the future.

To evaluate the Stream Store news service and answer the research ques-
tions listed in Section 2, a user study was conducted. For this user study,
120 test users were recruited by an experienced panel manager from iMinds-
iLab.o1 (i.e. a research division with a strong expertise in living lab research
and panel management). These test users, all owning a smartphone and/or
tablet, belong to the target group of an online news service such as Stream
Store.

The test users could install the Stream Store app on their smartphone
and/or tablet and freely use the service during the evaluation period of around
5 weeks. These test users were divided into three groups, each receiving a
different type of recommendations, as explained in Section 4.

To analyze the consumption behavior of the test users, their interactions
with the service were logged from November 8th of 2013 (the start of the
experiment) to December 13th of 2013. These logging data provided insight
in the actual use of the application: 10 test users did not install the app,
or did not use the Stream Store service during the evaluation period. They
are excluded from the analysis, so that the number of actual participant was
reduced to 110.

4 Recommendation Types

For this experiment, three types of recommendations were generated and eval-
uated in terms of user interaction. Table 1 lists the types of recommendations
that are generated, the input data they use, and the number of test users who
received that type of recommendations during the evaluation period. Each user
received only one recommendation type during the whole evaluation period.
Because some test users dropped out just before the evaluation period, the
different recommender types are not evaluated by the same number of test
users.

In user studies, it is beneficial to hide the true purpose of the experiment
from the test users, to avoid people’s natural subconscious tendency to meet
the expectations of the study [35]. Therefore, test users were not aware of the
existence of multiple types of recommendations.

4.1 Recommendations Based on Explicit Static Preferences

Before the actual experiment, candidate test users were asked about their
preferences for different categories of news content through an online ques-
tionnaire (N = 464). In this questionnaire, users could specify their interests
for the news categories (National, International, Culture, Economy, Lifestyle,
Politics, Sports, and Interesting facts) on a 5-point rating scale. Users could

1 http://www.openlivinglabs.eu/livinglab/iminds-ilabo



8 Toon De Pessemier et al.

refine their preferences by specifying a score for each category for different
times of the day (in the morning, at noon, during the daytime, and during the
evening). The answers on this questionnaire are used as initial profile of the
user in order to generate personal recommendations for news items. During
the evaluation period, these preferences are considered static; user profiles are
not updated based on the user’s explicit or implicit feedback on the content,
and the recommender is not learning from the user’s behavior.

4.2 Content-based Recommendations

These recommendations are not based on a prior questionnaire but rather on
the implicit and explicit feedback users provide during the evaluation period.
Users can request news articles or videos to read or watch, which is considered
as an implicit signal of interest in that news item. Besides, users can evaluate
the news item that they consumed by means of a ‘Thumbs Up’ and a ‘Thumbs
Down’ icon in the user interface, which is explicit feedback for the article or
video.

Because feedback is gradually collected during the usage of the service, the
profiles on which these recommendations are based, are dynamic and change
constantly as users consume news content [13]. As a result, the recommender
system is learning the user’s preferences as the user is utilizing the news service.
Because of the sparsity of the data set (see Section 5) and the availability of in-
formative metadata about the content items, a content-based recommendation
algorithm was used, namely the ‘InterestLMS algorithm’ of the Duine frame-
work [36]. The InterestLMS algorithm builds a profile for every user based on
the metadata describing the news items that are requested (implicit feedback)
or evaluated (explicit feedback) by that user. This feedback is transformed
into a rating score (e.g., thumbs up or like corresponds to the maximum rat-
ing, thumbs down is mapped on the minimum rating). For implicit feedback,
the amount of time spent on a news item (reading time or watching time) is
translated into a rating. These item ratings are then used to create or update
the terms of interest in the user profile that correspond to the metadata fields
of the content item (equation 1).

newTermi = currentTermi+updateModerator∗(rating−predition)∗factor
(1)

Here, the updateModerator is a constant that specifies the rate in which in-
terests in subjects are updated in the user profile. The factor corrects for the
number of terms (#terms) that describe a content item: factor = 1/#terms.
The interest terms in the user profile are used to infer a prediction of the us-
er’s personal interest for a news item based on the terms describing the item
(equation 2).

predition =
∑

i

currentTermi ∗ weight(Term) (2)
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Here, the weights can specify the relative importance of different terms (e.g.,
categories are considered as more important than keywords). By ordering and
filtering the news items according to their prediction, the recommendations
are generated based on the user’s personal preferences for news content of
different categories and characterized by different keywords.

To describe the content of the news items, eight different categories are
used. The same category labels were used in the questionnaire to elicit the
explicit static preferences of the users (Section 4.1). The keywords of the news
articles are not predefined but are extracted from the text of the article using
OpenCalais [37]. OpenCalais is a Web service that automatically creates rich
semantic metadata for the content. It analyzes the news article and finds the
entities within it, but it returns the facts and events hidden within the text
as well. This way, the news article is tagged and analyzed with the aim of
checking whether it contains information what the user cares about.

For the content-based recommendations, contextual aspects are not taken
into account. In other words, contextual data, such as the device type and
the time of the day, are ignored during the creation of the profile and the
calculation of the recommendations.

4.3 Context-aware Content-based Recommendations

Just like the content-based recommendations, the context-aware content-based
recommendations are not based on a prior questionnaire but self-learning based
on the explicit and implicit feedback users provide during the evaluation pe-
riod. For this type of recommendations, the ‘InterestLMS algorithm’ of the
Duine framework is extended to take into account the context of the user.
Before generating the recommendations, explicit and implicit feedback is pro-
cessed by a contextual pre-filter [3]. The contextual information is used to
select or filter the most relevant data for generating recommendations. There-
fore, the day is partitioned into the four non-overlapping parts that are used in
the filtering phase of the recommender: morning from 6:00 to 11:00, daytime
from 11:00 to 12:00 and from 13:00 to 18:00, noon from 12:00 to 13:00 and
evening/night from 18:00 to 6:00.

The relevance of implicit and explicit feedback for the context-aware news
recommendations is determined by an exact pre-filter [4]. This means for ex-
ample that if a user wants to read news during the evening, only feedback
gathered during the evening is used to recommend news articles.

Different pre-filtering techniques have proven their efficacy in literature [6].
They all have to cope with the problem of context over-specification: focus-
ing on the exact context is often a too narrow limitation. An overly specified
context may not have enough training examples for accurately estimating the
user’s interests. For example, if a user rarely utilizes a tablet during noon to
read news articles, the exact context (noon + tablet) may not provide enough
data (feedback from the user) for accurately calculating the recommendation-
s, which gives rise to the ‘sparsity’ problem. The sparsity problem in recom-
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Table 1 Types of recommendations and the number of test users assigned to it

Recommender Type Input Data Number of Test Users
Explicit Static Preferences Preliminary questionnaire 38

Content-based Personal feedback 37
Context-aware Content-based Personal feedback + context 35

mender systems literature refers to the situation that feedback or rating data
are lacking or are insufficient for generating reliable recommendations [29] .

An appropriate solution for context over-specification is to use a more gen-
eral context specification by applying context generalization [4]. Since certain
aspects of the overly specific context may be less significant, the data filtering
can be made more general in order to retain more data after the filtering for
calculating recommendations.

For this experiment, in cases where not enough data was available, context
generalization is applied in two phases. In a first phase, the time frame is
broadened. E.g., if recommendations are requested for a user who is reading
news on a tablet during noon, and the user has not yet provided enough
feedback in that specific context in the past, then the data of that specific
context is supplemented with the user’s feedback coming from reading news
on a tablet during other time periods of the day. If the amount of feedback is
still insufficient after this first generalization, the context is further generalized.
In a second phase, the device type is broadened. More specifically, the user’s
feedback provided on a specific type of device (e.g., a tablet) is supplemented
with the user’s feedback provided on other device types (e.g., a smartphone).
We opted to apply the generalization first on the time aspect of the context,
and in a second phase on the device type, since many users are utilizing the
service during different time periods (Section 6.1) but on only one type of
device (Section 6.2).

One major advantage of the contextual pre-filtering approach is that it al-
lows deployment of any of the traditional recommendation techniques [2]. This
makes it possible to use the same underlying algorithm for the context-aware
content-based recommendations as for the content-based recommendations,
which enables the comparison of both types of recommendations and investi-
gate the influence of contextual information.

5 Analysis of the Usage of the News service

In view of generating personalized recommendations for news articles, the
first question that is investigated is RQ1: “Is the dataset of a start-up news
service dense enough for collaborative filtering?”. Collaborative Filtering (CF)
is a commonly-used recommendation technique that is based on the similarity
in consumption pattern of different users or items. CF systems require some
overlap in the consumptions of users or items in order to find neighboring
users or items for the calculation of the recommendations [8]. As a result, a big
challenge for CF systems is to generate suitable recommendations when there
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is relatively few consumption data (cfr. the sparsity problem). In addition, new
services have to cope with the cold start problem [23]. This is a special case of
the sparsity problem which involves the difficulty to generate recommendations
for new users that have not yet consumed any item (new-user problem) and
the issue of dealing with items that have not been consumed yet (new-item
problem).

For the Stream Store news service, the overlap in consumption behavior
is analyzed by Figure 2, which shows how many times the news items are
requested for viewing during the evaluation period. The graph shows that the
majority of the news items (55.3%) is requested only once, i.e. by one user of
the system. Other news items are requested 2 (22.8%), 3 (10.0%), or up to 6
times. Only a minority of the news items (2.6%) is requested by more than 6
users.

This limited overlap in the consumptions of users can be explained by
the application domain and the characteristics of the service. The large con-
tent offer (more than 71,000 items) makes the news service very attractive
from a user point of view, but induces a sparse consumption matrix for the
recommender system, i.e. only a limited number of the available news items
is viewed by each user. Because of this sparsity, CF solutions are unusable
to generate recommendations for this specific case (rapidly-varying content, a
large number of content items, and a relatively small number of users). E.g., in
case of a user-based collaborative filtering algorithm, articles that are viewed
only once, will not be considered to create neighborhoods of similar users, s-
ince these items cannot be part of the overlap of two user profiles. In case of
an item-based collaborative filtering algorithm, articles that are viewed only
once, will never be recommended, so that more than half of the content pool
is excluded from the recommendations.

In contrast, content-based recommender systems have the big advantage
that they do not require a large community of users and overlap in the con-
sumptions to achieve a reasonable performance. As a result, content-based
recommendations are less affected by the sparsity problem. In addition, newly
added items can be immediately recommended once the item attributes are
available. In other words, content-based recommendations in the domain of
news do not suffer from the new-item problem.

To conclude, a content-based recommendation algorithm is the most suit-
able solution for a start-up news service that has to build a community of
active users and has to cope with the sparsity and new-item problem.

6 Usage in Different Contexts

To verify the usefulness of context-aware recommendations for news content,
the variability of the context is investigated through the second research ques-
tion, RQ2: “Do users consume news content in several different contextual
situations?”. Context-aware recommender systems offer users a content offer
that is adapted to their current contextual situation. If it turns out that users
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Fig. 2 Histogram showing how many times the news items are requested for viewing.

utilize the service in only one context, then it is impossible to detect variations
in users’ consumption behavior depending on the context and consequently,
the context-aware algorithm falls back on the traditional, ‘context-ignorant’
recommendations.

6.1 During Different Times of the Day

Figure 3 shows how many test users utilized the news service on different
times of the day. During the evaluation period, most users were active during
multiple time periods. For the combined activity on both device types, 10
users (9.1%) utilized the service during only one time period (morning, noon,
daytime or evening), 17 users (15.5%) have viewed news items during two
different time periods, 36 users (32.7%) were active during three different time
periods, and 47 users (42.7%) have requested news content during morning,
noon, daytime, and evening (all four time periods).

Besides, some differences are visible between users’ consumption behavior
on smartphone and tablet. Figure 3 reveals that on smartphone, users are
typically reading news throughout the whole day: 47.8% of the smartphone
users have requested news items during all four time periods, 32.7% during
three time periods. In contrast, reading news on tablet is often limited to one
or two periods during the day. 21.7% of the tablet users are active during only
one time period, and 21.7% of the tablet users are reading news on two times
of the day. This difference can be explained by the fact that people generally
keep their phone more closely throughout the whole day than their tablet,
which is often used only once during the day, typically at home.

As stated in Section 3, the time and the location of the user are closely
related. Links between the device type and patterns in users’ consumption
behavior can be identified. E.g., some users have the habit of reading news
with their tablet, at home, during the evening.



Evaluating Context-aware Recommendations for a Mobile News Service 13

0

5

10

15

20

25

30

35

Smartphone Tablet

N
u

m
b

e
r 

o
f 

U
se

rs
 

Activity during different time periods 

1 Time Period

2 Time Periods

3 Time Periods

4 Time Periods

Fig. 3 Histogram showing how many test users are using the service on different times of
the day.
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Fig. 4 Histogram showing how many test users are using the service using different devices.

6.2 On Different Devices

Figure 4 shows how many test users utilized different devices to access news
content. The graph indicates that during a specific time period, most users
utilize only one type of device to consult the news: either smartphone or tablet.
The same conclusion applies to the entire evaluation period (all time periods
together): 91 users (82.7%) utilized the service on either smartphone or tablet,
and 19 users (17.3%) used both devices at least once for reading news. The
most obvious reason for this result is that some users possess only one device.
Users that have both, a smartphone and a tablet, may have the habit or
preference to read news on only one of them.

To conclude, most users utilize the news service on different times of the
day, but only a minority of them (17.3%) utilizes multiple types of devices to
access the content. As a result, different contextual situations in which users
consume news content can be identified, which offers potential for context-
aware recommender systems.

7 Content Preferences in Different Contexts

Since users consume news content in different contextual situations, this con-
text can have a significant influence on the user’s selection and consumption
behavior, which is crucial information for a recommender system. Therefore,
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Fig. 5 The amount of user interaction with the news service, partitioned according to the
hour of the day.

the follow-up question is RQ3: “Do users of a news service have another con-
sumption behavior in different contextual situations?”. To answer this ques-
tion, two aspects are investigated: 1. The influence of context on the service
usage intensity (i.e., the amount of content that is consumed) and 2. The in-
fluence of the context on users’ content selection (i.e., which content that is
consumed).

7.1 Service Usage Intensity

7.1.1 Influence of the Time

Figure 5 shows the amount of user interaction with the service (i.e., selecting a
news item to view), aggregated over all users, for each hour of the day. A clear
pattern in the consumption behavior is visible throughout the whole day. The
close relation between time and location may have strengthened this pattern.
As expected, the amount of activity with the service is limited during the night.
In the morning, users are very interested in the news, which is reflected in a
peak in the service usage. During the day, the amount of consumptions varies
slightly per hour with a slight increase around noon. During the evening, users
spend more time reading news, which is revealed in Figure 5 by the increased
user activity.

The influence of the time on the service usage intensity is further investi-
gated by analyzing users’ news consumption per category. Figure 6 shows the
amount of user interaction with the service for each news category, partitioned
according to the time of the day. This figure uses the same partitioning of the
day into four non-overlapping parts as the context-aware recommender does.
The amount of user activity is clearly dependent on the time period (morning,
noon, daytime, evening) and the duration of this period. Both Figure 5 and 6



Evaluating Context-aware Recommendations for a Mobile News Service 15

0

200

400

600

800

1000

1200

1400

Morning Noon Daytime Evening

N
u

m
b

e
r 

o
f 

U
se

r 
In

te
ra

ct
io

n
s The aggregated consumption behavior of users on different times of the day 

National

International

Culture

Economy

Lifestyle

Politics

Sports

Interesting Facts

Fig. 6 The amount of user interaction with the news service for each news category, par-
titioned according to the time of the day.

demonstrate that users spend most time on reading news during the evening,
followed by the morning. The increase in user activity during noon, compared
to the activity per hour during daytime (Figure 5), showed to be limited. This
analysis confirms the assumption that the usage of a news service and the
amount of news content that is read, is strongly linked to the time of the day.

7.1.2 Influence of the Device

Figure 7 shows the amount of user interaction with the service (i.e., selecting
a news item to view) for each news category, partitioned according to the type
of device. The graph illustrates the varying number of consumptions, aggre-
gated over all users, for each type of device and news category. Various trends
are visible in this graph. E.g., the news category with the highest number of
article selections (2696 in total) is ‘Lifestyle’. The popularity of this category
is observable for all time intervals (Figure 6) and devices (Figure 7). The cate-
gory ‘Sports’ has the lowest number (1345 in total) of article selections during
the evaluation period.

To investigate if a news category is selected more on one specific type of de-
vice than on another type of device, a Wilcoxon signed rank test is performed.
The Wilcoxon signed rank test is a non-parametric statistical hypothesis test
used to compare two related samples or repeated measurements on a single
sample to assess whether their population mean ranks differ. Through a num-
ber of Wilcoxon signed rank tests (one for every news category), the number
of consumptions of a category were compared for the different device types.
More specifically, for each user who participated in the evaluation, the number
of news items (i.e. the dependent variable) requested on smartphone or tablet
(i.e. the grouping variable, consisting of two related samples) are compared
for each news category. The null hypothesis of the test is that the median dif-
ference between the number of consumptions on smartphone and the number
of consumptions on tablet (i.e. the pairs of observations) is zero.

Table 2 lists the results of the Wilcoxon signed rank test with the z-value
and the p-value for each news category. For most categories, the Wilcoxon test
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Fig. 7 The amount of user interaction with the news service for each news category, par-
titioned according to the type of device.

Table 2 Results of the Wilcoxon signed rank test for the different news categories

News Category Z-value p-value

National 1.1337 0.2569
International 1.5423 0.123

Culture 1.8324 0.0669
Economy 1.155 0.2481
Lifestyle 1.972 0.0486
Politics 1.0573 0.2904
Sports 1.3475 0.1778

Interesting Facts 1.7691 0.0769

concludes that the null hypothesis cannot be rejected. This means there is not
enough evidence to believe that any difference between the groups is for any
reason other than chance (e.g., sampling). Or in other words, there is not a
significant difference in the median of the number of consumptions on smart-
phone and tablet. Except for news of the category “Lifestyle”, the Wilcoxon
test points to a significantly higher median of the number of consumptions on
smartphone compared to tablet, on an individual user basis. (This difference
is not visible in Figure 7, which shows an aggregation of the number of con-
sumptions over all users per category.) This analysis in terms of the amount of
news content that is read, points to differences in consumption behavior (for
some categories) on different types of devices.

7.2 Users’ Content Selection

7.2.1 Influence of the Time

In Figure 6, variations in the popularity of news categories are visible for
the different time periods. These variations in the content selection behav-
ior depending on the time, are further analyzed by a cross tabulation. Table 3
shows the number of news consumptions (count) aggregated over all users, per
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news category and for different times of the day. Besides the observed number
of consumptions, the table indicates the expected number of consumptions
(expected count), in case there is no correlation between the selected news
category and time. In each cell, additional information is provided about that
particular combination of category and time period: the share of consumptions
of that particular category within the specific time period (%within time peri-
od), the share of consumptions during that particular time period within the
specific category (%within category), and the share of consumptions of that
particular combination of time and category over all possible combinations (%
of total). For each combination of time and category, the deviation between
the observed and expected number of consumptions can be calculated.

To investigate whether these deviations are significant, or in other words,
whether the time of the day has a significant influence on the category of
the news that is read, a Pearson χ2 test has been performed. The χ2 test
is a statistical hypothesis test in which the sampling distribution of the test
statistic is a chi-squared distribution when the null hypothesis is true [38].
The null hypothesis states that the frequency distribution of certain events
observed in a sample is consistent with a particular theoretical distribution [5].
The events that are considered in the test must be mutually exclusive and the
sum of their probability must be 1.

In this analysis, the null hypothesis is that the category of the selected
news item and the time period are independent. This means that there is no
difference in users’ content selection behavior during different time periods,
or in other words, the distribution of consumptions over the different news
categories is the same for every time period. The Pearson χ2 test has a resulting
value of 56.68, with 21 degrees of freedom, and a p-value < 0.01. The low p-
value implies that the null hypothesis should be rejected; the data provides
enough evidence to conclude that there is a significant correlation between the
time period and the news category.

The following meaningful differences are visible (Table 3) by comparing
the number of observed consumptions during a specific time period and the
expected number of consumptions, calculated as if there would be no influ-
ence of the time period. In the morning, more consumptions are registered
for categories such as culture (+5.9%), politics (+4.8%), and interesting facts
(+10.5%) compared to the expected number of consumptions if no time de-
pendency exists. Sports are less consumed in the morning (-10.8%). At noon,
more news of the category national (+13.3%) and economy (+25.7%) is con-
sumed than expected in an unconditional case without a temporal context.
Politics (-14.8%) and international news (-15.3%) are less read at noon. Dur-
ing daytime, an increased interest in culture (+7.0%) and lifestyle (+8.1%) is
witnessed, whereas less news items with interesting facts are read (-17.2%).
During the evening, the number of read news items of the category interna-
tional (+2.8%), sports (+4.3%), and interesting facts (+3.9%) is higher than
expected without the knowledge of the temporal context. Cultural news items
(-7.2%) are less consumed during the evening. Some differences are easy to
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Table 3 The crosstabulation showing the number of consumptions per news category for
different times of the day

news category

national international culture economy lifestyle politics sports

interesting

facts total

morning count 585 489 570 439 693 509 319 485 4089

expected count 583.3 511.8 538.4 456.2 717.1 485.7 357.8 438.9 4089.0

% within time period 14.3% 12.0% 13.9% 10.7% 16.9% 12.4% 7.8% 11.9% 100.0%

% within category 26.7% 25.4% 28.2% 25.6% 25.7% 27.9% 23.7% 29.4% 26.6%

% of total 3.8% 3.2% 3.7% 2.9% 4.5% 3.3% 2.1% 3.2% 26.6%

noon count 99 65 80 86 112 62 49 60 613

expected count 87.4 76.7 80.7 68.4 107.5 72.8 53.6 65.8 613.0

% within time period 16.2% 10.6% 13.1% 14.0% 18.3% 10.1% 8.0% 9.8% 100.0%

% within category 4.5% 3.4% 4.0% 5.0% 4.2% 3.4% 3.6% 3.6% 4.0%

% of total 0.6% 0.4% 0.5% 0.6% 0.7% 0.4% 0.3% 0.4% 4.0%

daytime count 498 479 528 420 710 434 345 333 3747

expected count 534.5 469.0 493.3 418.0 657.1 445.1 327.8 402.2 3747.0

% within time period 13.3% 12.8% 14.1% 11.2% 18.9% 11.6% 9.2% 8.9% 100.0%

% within category 22.7% 24.9% 26.1% 24.5% 26.3% 23.8% 25.7% 20.2% 24.4%

% of total 3.2% 3.1% 3.4% 2.7% 4.6% 2.8% 2.2% 2.2% 24.4%

evening count 1011 891 846 770 1181 821 632 772 6924

expected count 987.7 866.6 911.6 772.4 1214.3 822.4 605.8 743.2 6924.0

% within time period 14.6% 12.9% 12.2% 11.1% 17.1% 11.9% 9.1% 11.1% 100.0%

% within category 46.1% 46.3% 41.8% 44.9% 43.8% 45.0% 47.0% 46.8% 45.0%

% of total 6.6% 5.8% 5.5% 5.0% 7.7% 5.3% 4.1% 5.0% 45.0%

total count 2193 1924 2024 1715 2696 1826 1345 1650 15373

% of total 14.3% 12.5% 13.2% 11.2% 17.5% 11.9% 8.7% 10.7% 100.0%

understand such as the increased interest for sports during the evening, since
many sports events are scheduled in that time period.

Differences in users’ content selection for different times periods, can also
be illustrated by tag clouds, i.e. a visual representation for text data used
to depict keyword metadata (tags) in which the importance of each tag is
indicated with the font size.

Figure 8 shows the tag clouds composed of the keywords of the news articles
that are read by the users during the evaluation period. For each time period,
a tag cloud is providing an aggregated overview of users’ content selections by
showing the 50 most popular tags. Since these tag clouds are created based
on the consumption behavior of the same users, but for another time period,
many tags appear in all four tag clouds, such as ‘Belgium’, ‘United States’,
and ‘politics’. Still, interesting differences can be noticed. By comparing the
category popularity within the time period, Table 3 shows that during the
morning, the share of political news is larger (12.4%) than during other time
periods (noon: 10.1%, daytime: 11.6%, evening: 11.9%), thereby introducing
keywords such as ‘president’, ‘New York’, and ‘energy’ into the tag cloud.
During noon, news of the category ‘national’ is chosen more frequently (16.2%)
than during other time periods (morning: 14.3%, daytime: 13.3%, evening:
14.6%). Also economic news is more popular during noon (14.0%) (compared
to morning: 10.7%, daytime: 11.2%, evening: 11.1%). This is reflected in the
tag cloud by words such as ‘ceo’, ‘company’, ‘economy’, ‘electronic’, and ‘web’.
During daytime, lifestyle is the most selected category (18.9%) (compared to
morning: 16.9%, noon: 18.3%, evening: 17.1%), giving rise to tags such as
‘hospitality’. During the evening, sport (9.1%) and international news (12.9%)
are more often read, compared to other time periods, which leads to words
such as ‘court’ and ‘London’ in the tag cloud.
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Fig. 8 Tag clouds visualizing the consumption behavior per time period.

This analysis in terms of the type of news content that is read, demonstrates
the differences in users’ content selection behavior on different times of the day.

7.2.2 Influence of the Device

The influence of context on users’ selection behavior is further investigated by
analyzing the variations in the popularity of news categories for the different
device types, as visible in Figure 7. The cross tabulation of Table 4 shows
the number of news consumptions (count) aggregated over all users, per news
category and for different types of devices (smartphone and tablet). The table
also indicates the number of consumptions as expected in case there is no
correlation between the selected news category and device type.
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Table 4 The crosstabulation showing the number of consumptions per news category for
different devices

news category

national international culture economy lifestyle politics sports

interesting

facts total

phone count 1037 1023 1042 806 1340 838 559 910 7555

expected count 1077.7 945.5 994.7 842.8 1324.9 897.4 661.0 810.9 7555.0

% within device 13.7% 13.5% 13.8% 10.7% 17.7% 11.1% 7.4% 12.0% 100.0%

% within category 47.3% 53.2% 51.5% 47.0% 49.7% 45.9% 41.6% 55.2% 49.1%

% of total 6.7% 6.7% 6.8% 5.2% 8.7% 5.5% 3.6% 5.9% 49.1%

tablet count 1156 901 982 909 1356 988 786 740 7818

expected count 1115.3 978.5 1029.3 872.2 1371.1 928.6 684.0 839.1 7818.0

% within device 14.8% 11.5% 12.6% 11.6% 17.3% 12.6% 10.1% 9.5% 100.0%

% within category 52.7% 46.8% 48.5% 53.0% 50.3% 54.1% 58.4% 44.8% 50.9%

% of total 7.5% 5.9% 6.4% 5.9% 8.8% 6.4% 5.1% 4.8% 50.9%

total count 2193 1924 2024 1715 2696 1826 1345 1650 15373

% of total 14.3% 12.5% 13.2% 11.2% 17.5% 11.9% 8.7% 10.7% 100.0%

For each particular combination of category and device type, additional da-
ta is provided in Table 4: the share of news articles of that particular category,
if only articles consumed on the specific device type are considered (%within
device), the share of consumptions on that particular device type within the
specific category (%within category), and the share of consumptions of that
particular combination of device type and category over all possible combina-
tions (% of total). For each combination of device type and category, there is
a deviation between the observed and expected number of consumptions.

The significance of these deviations is investigated by a Pearson χ2 test,
which tests whether the type of device has a significant influence on the cat-
egory of the news that is read. The null hypothesis is that the category of
the selected news item and the type of device are independent. If this null
hypothesis is true, there is no difference in users’ content selection behavior
on different device types, or in other words, the distribution of consumptions
over the different news categories is the same for every device type.

The Pearson χ2 test has a resulting value of 85.93, with 7 degrees of free-
dom, and a p-value < 0.01, which means that the null hypothesis should be
rejected. This means the data provides enough evidence to conclude that there
is a significant correlation between the device and the news category.

The following meaningful differences are visible (Table 4) by comparing
the number of observed consumptions on a specific device and the expected
number of consumptions, calculated as if there would be no influence of the
device. On smartphones, more news of the categories international (+8.2%)
and interesting facts (+12.2%) is consumed compared to the general statistics
that make no distinction on device type. News of the category sports is less
frequently consumed on smartphones (-15.4%) than expected in a case with no
device context. On tablet, the opposite is witnessed: more news consumptions
of the category sports (+14.9%) and less international (-7.9%) and interesting
facts (-11.8%). Again, these findings can be explained: interesting facts are
mostly small articles, perfect for reading on smartphones. Sports are often
coupled with video material which is more suitable for tablets.

Differences in users’ content selection for different device types, can also be
illustrated by tag clouds. Figure 9 shows two tags clouds. One is composed of
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(a) Smartphone (b) Tablet

Fig. 9 Tag clouds visualizing the consumption behavior per device type.

the keywords of the news articles that are read on smartphones. The other one
is an aggregated overview (based on the 50 most popular tags) of the consumed
new articles on tablets. Although both tag clouds show a lot of resemblance,
subtle differences in the tag clouds can be detected due to differences in users’
content selection on both types of devices.

On smartphones, more articles (12.0%) of the category ‘interesting facts’
are read compared to tablets (9.5%). This can be noted by keywords such as
‘games’, ‘software’, and ‘web’ in the tag cloud. Conversely, on tablets, articles
regarding sports are chosen more frequently (10.1%) than on smartphones
(7.4%). These sports articles introduce terms such as ‘manager’ and emphasize
‘football’ and ‘sports’ in the tag cloud for tablets.

As a result, in terms of the type of news content that is read, differences
in users’ content selection behavior are demonstrated on different types of
devices.

8 Evaluating the Recommendations by a Feedback Analysis

To quantify the added value of a dynamic profile and contextual information,
the next question is RQ4: “How do recommendations based on explicit static
preferences, content-based recommendations, and context-aware content-based
recommendations compare for a news service?”

During the evaluation period, explicit user feedback was gathered by asking
users to rate every fourth news article that they read through a pop-up with a
‘Thumbs Up’ or ‘Thumbs Down’ rating. Per user, a rating ratio is computed,
summing all positive (+1) and negative ratings (-1). Next, a regression model is
built with the rating ratio as a dependent variable. The null hypothesis is that
there is no significant linear correlation between the dependent variable and the
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independent variables. The regression coefficients of the independent variables
with an associate p-value < 0.05 are considered as significant, meaning that
there is a significant linear correlation between the independent variable and
the dependent variable.

Both learning-conditions (i.e. the content-based and context-aware content-
based recommender which learn from actual user behavior) are set as indepen-
dent variables (content-based and context-based in Table 5), while controlling
for each user’s number of article consumptions (N Consumptions in Table 5).
This means that the type of recommendations and the number of article con-
sumptions are used to predict the rating ratio. The different recommendation
types are represented as boolean variables (content-based:yes or no, context-
based: yes or no). Moreover, interaction terms are added (Content-based x N
Consumptions and Context-based x N Consumptions in Table 5) to investi-
gate the effect of conditions on the relation between increased consumption
and rating ratios. As such, the factors explaining user satisfaction with the
recommendations are statistically inferred.

The model yields good fit as the likelihood ratio-χ2 has a resulting value
of 49.20, with 5 degrees of freedom, and a p-value < 0.01. The results, enu-
merated in Table 5, reveal that as the intercept significantly differs from 0,
all conditions display substantial positive rating ratios. (The intercept, often
labeled the constant, is the expected mean value of the dependent variable Y,
when all independent variables are zero, X=0). The unstandardized regression
coefficients, B, are the maximum likelihood estimate of the parameters of the
regression model. The standard error, SE, gives an indication of the variabili-
ty on these coefficients. The Wald test is a parametric statistical test used to
investigating the relationship (e.g., a dependency) between the variables.

However, using the static profile condition as a reference category, the anal-
ysis shows that the content-based recommendation condition leads to a signif-
icantly higher rating ratio. Or in other words: for all conditions (explicit static
preferences, content-based, and context-based) the rating ratio is positive; but
for content-based, and context-based a higher rating ratio is obtained. This is
regardless of the number of consumptions, which has an evident positive effect,
as this variable is also included in the equation. Still, the significant interaction
terms indicate that for the learning recommendation conditions, there is a sig-
nificant increase in the rating ratio that is related to increased consumption.
This reflects and confirms the self-learning properties of the recommendation
algorithm.

In sum, the analysis confirms the added value of recommendations, albeit
for the content-based version and not the context-aware content-based version.
Because the results are only based on the evaluation period of approximately
5 weeks, and CARS require sufficient time to learn user preferences in different
contextual situations, the context-aware content-based recommender induces
only a limited difference in terms of received feedback. We believe that be-
cause of the cold start problem, the potential of the contextual information
has not fully exploited in this experiment. Additional data can provide the
system the opportunity to learn patterns in the users’ behavior regarding the
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Table 5 Regression model of the different recommendation types’ evaluations. B = unstan-
dardized regression coefficient, SE = standard error, Wald χ

2 = test for independence of
the variables, p-value = significance whether the given coefficient is different from zero

Parameter B SE Wald χ
2 p-value

Intercept 5.42 1.96 7.68 0.01
Content-based 3.67 1.55 5.59 0.02
Context-based 1.54 1.59 0.93 0.34
N Consumptions 0.07 0.01 29.84 0.00
Content-based x N Consumptions 0.04 0.01 30.53 0.00
Context-based x N Consumptions 0.03 0.01 6.20 0.01

consumption of news, thereby further improving the accuracy of context-aware
content-based recommendations. These results can be used by developers to
decide on the usefulness of a context-aware recommender system. In the short-
term, content-based recommendations outperform context-aware recommen-
dations because of the cold start problem. In the long-term, a context-aware
recommender system can help to distinguish the user preferences in different
contextual situations as observed in Section 7.

9 Discrepancy between Profile and User Behavior

So although the recommendations based on explicit static preferences do not
suffer from the cold start problem (because of the initial profile), the content-
based and context-aware content-based recommender systems, which have to
learn the preferences of the users over time, achieved a higher user satisfaction
during the evaluation period (Section 8). In order to better understand the
results of Section 8, the last research question is “Are explicitly-stated news
preferences, the run time profile of a context-aware recommender, and the
actual user behavior consistent?”.

One might expect that the initial profile, as explicitly specified by the us-
er, perfectly matches the user’s preferences, and as a result, reflects the user’s
actual behavior with the system. In addition, radical changes in the user’s pref-
erences over time are unlikely given the time frame of the evaluation period.
If this hypothesis is true, recommendations based on the explicit static pref-
erences should perfectly match the user’s actual preferences, thereby inducing
a high user satisfaction. However, the evaluation of the recommendations of
Section 8 revealed that recommendations based on explicit static preferences
are the least appreciated by the users, and there is still much room for im-
provement by making the profile dynamic and taking into account the user
interactions and context.

To investigate this, Figure 10 compares the initial explicit profile, the run
time profile, and the actual user behavior based on the preference values for all
news categories, aggregated over all users. The preference values of the initial
explicit profile are the values as specified by the users (on a 5-point scale)
through the questionnaire prior to the evaluation period. The preference values
of the run time profile are the estimated user preferences as calculated by the
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context-aware content-based recommender system. The preference values of
the actual user behavior reflect the interaction behavior of the users, i.e. the
amount of news items that are requested by the users to read. These preference
values are plotted for the different time periods: morning, noon, daytime, and
evening. Since most users utilized only one device during the evaluation period
(Section 6.2), the device type is not included in this graph as a context variable.

To enable the comparison of the user profiles and the actual user behavior,
which use a different scale (5-point vs. absolute values), all these preference
values are converted to their Z-score. The Z-score is a dimensionless quantity
obtained by subtracting the population mean from the individual score and
then dividing the difference by the population standard deviation [27]. Thus,
a positive Z-score represents a value above the mean, while a negative Z-score
represents a value below the mean.

Figure 10 indicates some general trends, which were also witnessed in Fig-
ure 6: users tend to read the news especially during the evening, which is
reflected in the high preference values for this time of the day. In contrast,
during lunch break, the consumption of news is limited (partially because of
the short time period), which explains the preference values below average.

Comparison between the initial explicit profile and the actual user behavior
demonstrates that the stated preferences of the questionnaire do not always
correspond to the users’ actual preferences as can be derived from their in-
teraction with the news content. The correlation between the preferences of
the initial explicit profile and the actual user behavior is 0.19. This significant
positive correlation indicates that the initial profile provides some valuable
insights into the users’ preferences; but as a model reflecting the actual user
behavior, there is still room for improvement. This discrepancy between initial
explicit profile and the actual user behavior can have different causes, which
are worth to further investigate in future research. Firstly, users might have d-
ifficulties to state their preferences regarding news content on a 5-point rating
scale, making them misjudgments. Secondly, the explicit profile might suffer
from the social desirability bias (i.e., the tendency of respondents to answer
questions in a manner that will be viewed favorably by others) [18]. The news
categories hint to the fact that users might be influenced by the importance
or the impact of the news. E.g., categories like ‘international’ and ‘national
news’ are systematically graded too high in the initial profile, whereas cate-
gories such as ‘lifestyle’ received an evaluation that is too low in comparison
with the users’ actual demand for news.

Also the run time profile and the actual user behavior can be compared
using Figure 10. The graph shows a better correspondence between the run
time profile and the actual user behavior compared to the correspondence of
the initial profile and the user behavior. The correlation between the preference
values of the run time profile and the actual user behavior is 0.83. This strong
positive correlation demonstrates that the user profile, as calculated by the
recommender system, is an accurate model for the actual user preferences as
reflected in the user behavior.
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Fig. 10 Comparison of the initial explicit profile, the run time profile, and the actual user
behavior.

Still, the correlation between user profile and user behavior is not perfect;
differences can be witnessed for several news categories and at different times
of the day. Additional data, gathered by monitoring the user behavior over a
longer period of time, can contribute to the improvement of the correlation
between user profile and user behavior. However a user model that perfectly
represents the user’s preferences and predicts the actual behavior remains a
big challenge; after all, the user behavior and decision-making process is a very
complex process.

10 Conclusions

In this paper, a start-up news service offering personal recommendations is e-
valuated from a user point of view. The typical characteristics of news content,
such as the short-term life, and the limitations of a start-up service, such as
the necessity for a community of active users, make collaborative filtering tech-
niques unusable. Therefore, various types of content-based recommendations
are evaluated through a user study: recommendations based on an explicit
static profile, content-based recommendations using the actual user behavior
but ignoring the context, and context-aware content-based recommendations
incorporating user behavior as well as context. The study aimed to assess the
importance of context in the news recommendation process by focusing on
two contextual aspects: device type and time. Before considering contextual
information as an added value for the recommendation process, a number of
conditions have to be fulfilled.
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Firstly, users have to utilize the service in different contextual situations.
Logged user behavior showed that users typically consult the news service with
only one device (either smartphone or tablet) at different times of the day, but
especially in the evening.

The second condition is that users have other preferences, and as a re-
sult another consumption behavior, in these different contextual situations.
Analysis of the user behavior showed a significant difference in service usage
intensity (the amount of news content that is consumed) as well as in users’
content selection behavior (what type of news content that is consumed) for
the different contextual situations.

Thirdly, sufficient learning data has to be available to learn user prefer-
ences and variations in these preferences over the different contextual situa-
tions. Whereas traditional recommender systems have to overcome the cold
start problem once, context-aware recommender systems have to overcome
this problem for every contextual situation. Context generalization can be a
partial solution, but choosing the right contextual aspect to optimally broaden
the context is often difficult.

In this experiment, recommendations based on the actual user behavior
outperformed recommendations based on an explicit static profile. However,
including contextual information in the content-based algorithm did not sig-
nificantly improve the user satisfaction with the recommendations. The cold
start problem, strengthened by the fragmentation of the consumption data
over different contextual situations, appears to be a serious obstacle in order
to fully exploit the potential of contextual information in the recommendation
process of a start-up service.
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