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Abstract

News shape public perception of events. The
amount and frequency with which publishers
release articles continues to increase. News
recommender systems are tools designated to
support readers in finding the most relevant
articles. These systems struggle with chal-
lenging conditions. Readers refuse to express
their interests explicitly, and publishers can-
not reliably track them to infer their prefer-
ences. Publishers have to update their models
to accommodate recent trends continuously.
In this work, we aim to explore the use of con-
textual information to improve news recom-
mender systems. We mine characteristic pat-
terns and discuss how these findings can help
to develop innovative recommendation strat-
egy and better evaluation protocols.

1 Introduction

Publishers have created digital outlets to accommo-
date customers’ demands for quicker access to recent
news. The digital revolution has shifted the publi-
cation sector toward an “attention economy” [BO12].
Customers, who relinquish subscribing to a publisher,
pay instead with their attention to advertisements.
These customers appear to represent the majority as
publishers struggle to compete and report declining
revenues, especially in print. Consequently, publishers
look for innovative ways to keep visitors interested.

Readers, on the other hand, have limited time avail-
able to engage with digital media. The amount of

published content exceeds their attention capacity by
far. This incites intense competition among publish-
ers in which publishers seek to direct the most relevant
content to readers. They reason that readers will be-
come loyal to services providing their desired contents.
Advertisers, on the other hand, demand evidence for
users’ attention in order to measure the spread of their
information. Consequently, publishers need to moni-
tor their platforms to provide the requested evidence.

Publishers have started to employ news recom-
mender systems to gain competitive advantages. Rec-
ommender systems assist readers in navigating more
conveniently by suggesting a subset of articles. Ide-
ally, the subset matches readers’ preferences. Thereby,
readers can avoid searching for exciting content them-
selves and save time.

The news domain meets existing recommendation
algorithms with challenging conditions. Many read-
ers visit publishers’ websites without registering a user
profile. Consequently, publishers struggle to link read-
ers’ sessions. They fail to establish expressive user
profiles. Further, articles tend to remain relevant for
merely a short period. News stories tend to relate to
events which publishers cannot anticipate in advance.

These conditions disallow to directly apply standard
algorithms such as collaborative filtering or content-
based filtering. Standard algorithms assume some-
what static collections of users and items with suffi-
ciently many interactions between both groups. As
a result, content-based filtering and collaborative fil-
tering struggle with the so-called cold-start problem.
Therein, the recommender systems lack information
about users’ preferences toward items. This situa-
tion occurs for new users or items. Instead, publish-
ers tend to focus on session-based recommendations,
breaking news, and popularity-based recommender ap-
proaches. Session-based recommendations fail to cap-
ture readers’ long-term interests. Breaking news and

Copyright © CIKM 2018 for the individual papers by the papers' 

authors. Copyright © CIKM 2018 for the volume as a collection 

by its editors. This volume and its papers are published under 

the Creative Commons License Attribution 4.0 International (CC 

BY 4.0).



popularity-based methods relinquish personalization
in favor of simplicity.

In this paper, we analyze readers’ engagement with
news to determine the importance of contextual infor-
mation. Contextual information, such as the device
type, time, and day, gives us clues about users’ con-
textual news reading behavior. Based on the results
from these analyses we argue that publishers should
pay more attention to contextual aspects.

Our findings support publishers to enhance their
news recommendation systems. In particular, pub-
lishers can improve their evaluation practices to avoid
suboptimal configurations. Publishers monitor the ac-
tivity on their websites by recording event-based log-
files. They tend to conduct experiments in the form
of A/B tests [KL17]. In these tests, the system ran-
domly assigns users to groups and presents each group
a fixed variation of the website. The websites may
differ in style, layout, or content. We argue that pub-
lishers have to pay attention to contextual informa-
tion to draw meaningful conclusions from their data.
Specifically, publishers risk suboptimal configurations
if user feedback correlates with contextual settings
rather than the website.

This paper’s remainder presents the following parts.
Section 2 reviews existing approaches for news recom-
mender systems. Section 3 dives deep into the contex-
tual aspects of news engagement. Section 4 discusses
the findings of our data analysis concerning the differ-
ent news publishers. Section 5 concludes and indicates
further directions for research on context-aware news
recommender systems.

2 Related Work

Users’ perception of items changes over time [SJNP12].
They may enjoy a particular item once but find it
less valuable later on. Alternatively, the may like
some items in specific circumstances. Context fea-
tures describe circumstances in which users interact
with items. Context-aware recommender systems use
contextual data to provide more relevant recommen-
dations. In [AT11], the authors discuss the context
dimensions within a recommender system environ-
ment and how they change over time. Users’ ongo-
ing interactions with the system generate context in-
formation. Recommender systems use this informa-
tion to enhance the instantaneous recommendations
or user profiles. They include contextual informa-
tion either via pre-filtering, post-filtering, or mod-
eling. The approaches differ concerning the stage
at which contextual information affects the recom-
mendations. Pre-filtering introduces a set of rec-
ommendation models each of which serves a partic-
ular context. Post-filtering takes the recommenda-

tions and excludes items according to the context.
Context modeling integrates contextual information
into the recommendation models. Context-aware rec-
ommendations have entered a variety of domains in-
cluding movies [KABO10, LA13, LWW15, GRST10],
music [BKL+11, WRW12], locations [YSC+13],
tourism [ZBM12], and apps [SKB+12].

The news domain confronts context-aware recom-
mender systems with particular challenges. Accord-
ingly, types and usage of contextual features have to
be customized [ÖGE14, KJJ18]. The news domain
experiences more dynamics than other domains. For
instance, publishers keep extending the set of avail-
able items by adding new articles. In addition, users’
interests rapidly change, and news recommender sys-
tems struggle to anticipate these changes. In [JNT10],
the authors explain that users’ current context affects
their choice of news articles to read. Based on these
findings, the authors of [LZYL14] propose a model
which extends the user profile with contextual fea-
tures. Recommender systems strive to consider both
short-term and long-term reading interests. As a re-
sult, they build user profiles for both settings in an
attempt to reflect shorter and more extended periods.
Similarly, in [WZL+15], the authors present a hybrid
context-aware news recommender system which uses
explicit and implicit indicators (e.g. location, ratings,
and reading time) to calculate the users’ long-term and
short-term interests. Herein, capturing long-term pref-
erences represents a significant challenge as systems
struggle to recognize reoccurring visitors. In [CC09],
the authors propose a semantic runtime context com-
plementing the recommendation algorithm. Thereby,
they ease matching user and item profiles. In addition,
they point out that widely used contextual features
including recently engage items, computing platforms,
network conditions, the social and physical environ-
ment, as well as the location affect performance. Keep-
ing the context information updated presents another
challenge to news recommender systems. This is due
to the domain’s highly dynamic nature with publishers
continuously releasing fresh content. In [GDF13], the
authors propose a news recommender system based
on context trees in order to establish a dynamically
changing model. Context trees model sequences of
news, topics, and topic distributions. They evolve fol-
lowing users’ behavior and news trends. Context trees’
structure facilitates responding quickly to incoming re-
quests as paths usually involve only a few vertices.
In [Lom14], the author introduces a context-aware
ensemble for news recommendation. The ensemble
blends different news recommendation algorithms. Si-
multaneously, the system records context-dependent
performances. Subsequently, the ensemble can deter-
mine the best candidate algorithm for a given context.



The paper documents what publishers can gain by con-
sidering contextual aspects compared to a popularity-
based baseline. In [SSZ18], the authors consider a ses-
sion as the vehicle of a contextual setting. They argue
that readers’ interest in news depends on their cur-
rent situation and propose a session-based news rec-
ommender system. The system integrates both col-
laborative and content-based filtering to create short-
term interest models. In [SKP13], the authors consider
users’ location as important contextual factor. They
argue that users reading news on their mobile devices
are interested more in the news concerning their local
surroundings. Consequently, news recommender sys-
tems ought to emphasize articles related to close-by
events to match the context. In [LSC+10], the authors
have access to a broader set of features describing users
and articles. The considered features including users’
location and articles’ categories. Having reduced the
feature space’s dimensionality, a contextual bandit al-
gorithm consumes the data. The contextual bandit se-
lects recommendation models in a context-dependent
fashion.

The consideration of contextual factors is
paramount when evaluating recommender algo-
rithms [BBL+16]. Changing contextual features
renders experimental results irreproducible. Hence,
evaluation protocols for news recommender systems
must consider context to avoid falling for suboptimal
configurations.

Overall, the existing research shows that contextual
features have a high influence on the performance of
recommender systems. There is still a need for a bet-
ter understanding of contextual factors in news rec-
ommender systems. In particular, research has yet to
determine which contextual features matter in which
domain.

3 Data Analysis

Understanding users’ needs and habits is the key to
provide suitable recommendations. We expect needs
and habits to depend on the context such as the de-
vice type—desktop, mobile, or tablet—or the time and
day. Users with limited time or browsing on mobile
devices—with limited screen size to display articles—
might prefer short breaking news over long, detailed
stories. Some topics may frequently appear at certain
times. Groups of readers with similar taste may ap-
pear more concentrated at times, for example, readers
may like to read sports news at the weekend more than
weekdays.

Other contextual features can be taken into account
for a more complex user behavior analysis. However,
we think that these three contextual features are the
most prevalent ones to start such an analysis. They are
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Figure 1: Comparison of the relative proportions of
impressions by publishers over the hour of day at week-
ends. Each curve refers to the relative proportion of
impressions for a publisher, only considering impres-
sions occurring on Saturdays and Sundays.

also the most common contextual information avail-
able in existing datasets that we can use without vi-
olating users’ privacy. We will analyze each of these
aspects by looking at log files in order to verify this
assumption.

3.1 Approach

Publishers record user engagement on their platforms
based on the interaction amid browser and web server.
The resulting log files show events along with the con-
text in which they occurred. We analyze four pub-
lishers’ log files. Three publishers are located in Ger-
many; one is situated in Norway, see Table 1. Three
publishers blend regional and general news, whereas
one focuses on car-related news. Our analysis consid-
ers two contextual dimensions. First, we look at the
time at which events took place. Therein, we distin-
guish between the daytime—measured as the hour of
the day—and the weekday. Second, we investigate the
kind of device used to read news articles. We consider
desktops, mobile devices, and tablets. In addition, we
explore how categories affect user engagement.

3.2 Data Description

We introduce the data underpinning our analysis. The
log files come from the websites of four publishers re-
ferred to as A, B, C, and D. Publisher A’s data have
been recorded in the time from January 1 to March
31, 2017. The remaining publishers’ data have been
recorded in March 2017. Whenever a reader has loaded
an article from any of the publishers’ websites, the sys-
tem has appended a line to the log file. As a result,
we obtain a list of impressions for each of the publish-



ers. Each impression entails a timestamp from which
we derive the hour of the day as well as the weekday.
Besides, each impression expresses which kind of de-
vice had been used to access the news article. Table 2
shows the number as well as the proportion of impres-
sions for each device. Table 3 shows the number and
proportion of impressions by weekday.

3.3 User Engagement

Users engage with websites in different ways. Pub-
lishers may look at what pages users decide to visit.
We refer to this interaction as impression. Besides,
users click on recommendations, dwell on pages, or
write comments. We focus exclusively on impressions.
We gauge users’ engagement with publishers’ services.
Impressions occur in various contextual circumstances.
We consider the choice of the device, the hour of the
day, and weekday as dimensions.

Figure 5 encodes the user activity for various con-
texts in the form of a heat map. Each row consists
of four heat maps linked to a particular kind of de-
vice. Each column refers to a particular publisher.
The heat maps stretch the time dimensions hour of day
and weekday. The colors encode the relative degree of
activity in that particular configuration as explained
by the legends on each heat map’s right-hand side. In
other words, the hotter the color, the more this par-
ticular context contributes to the overall activity.

All heat maps share one commonality. The night-
time throughout the week shows the lowest level of ac-
tivity independent of the context or the publisher. The
desktop usage tends to concentrate on usual working
days. In contrast, at the weekends a smaller number of
impressions originated from desktop devices. Tablets’
activity appears primarily focused on the evenings
with additional activity on the daytime on weekends.
Mobile devices, such as smartphones, share this ten-
dency. On the other hand, they spread additional ac-
tivity throughout the daytime even on working days.

Figure 1 illustrates how publishers’ weekend activ-
ity changes over the time of day. Again, the nighttime
shows comparatively little activity. Still, in the after-
noon the levels of activity show distinct patterns.

3.4 Publisher Activity

Publishers release news articles in a context-dependent
fashion. Some stories allow journalists to prepare texts
in advance. For instance, sport-related organizations,
governmental bodies, and publicly traded companies
announce schedules for competitions, votes, and share-
holders’ meetings. Other stories break unexpectedly
such as natural catastrophes, traffic accidents, and
celebrity deaths.

Figure 6 shows the times when publishers have
added new articles. Two clocks refer to the hours of
the day for three publishers. The number of new arti-
cles is color-coded according to the legend below. All
publishers appear to add a large number of articles
at night. This phenomenon is particularly striking for
publisher D which appears to use the night exclusively
to publish content. Publishers of car-related news gen-
erally deal with few breaking stories. The remaining
publishers add new articles over the course of the day
as well.

Figure 3 looks at the number of impressions for arti-
cles assigned to different categories. News concerning
finance and health show a noticeable peak in the time
between 1:00 p.m. and 2:00 p.m. Impressions appear
to center around the noon with lesser peaks in the
morning and afternoon. Figure 4 illustrates the num-
ber of articles published for different categories. Com-
pared to the previous findings, the publications spread
more evenly over the working hours. We observe two
significant peaks between 10:00 a.m. and 11:00 a.m.
as well as between 1:00 p.m. and 2:00 p.m. Figure 2
contrasts the previous illustrations. The ordinate de-
picts the number of impressions. The abscissa shows
the number of articles published. The various cate-
gories are color-coded according to the legend. Aside
from each point, the figure presents the average num-
ber of impressions for each published article. We ob-
serve that articles related to finance and health accu-
mulate many more impressions as the remaining cate-
gories. Still, the relatively few articles published about
literature attract relatively more impressions. Articles
related to cars attract the fewest readers.

4 Discussion

Our analysis has shown that user engagement varies
considerably with time, device, and publisher. Users
hardly engage with news services at night. Working
hours show users heavily using desktops in favor of
tablets and mobile devices. Evenings and weekends
tell a different story. Then, users engage more via
mobile devices and tablets. We may expect differ-
ent device usage over the course of the week and day
due to readers’ habits and lifestyles. Still, we need
to pay attention to these differences to optimize our
news recommender systems. We have observed vari-
ations among the readers located in different coun-
tries. Norwegian readers start reading news earlier in
the morning compared to readers in Germany. Con-
versely, German readers stop later in the evening their
exploration of the news landscape. These differences
could be the result of culture and lifestyle. Further-
more, our analysis indicates that users’ engagement
differs between publishers based on the subject and



Table 1: Publisher Description. The domain refers to the publishers’ spectrum of topics. The location refers to
the publishers’ headquarters. The source refers to the data set’s origin. The duration refers to the length of the
period during which the data have been collected.

Publisher Domain Location Source Duration

A general & local Trondheim, Norway Adressa [GZL+17] three months
B general & local Berlin, Germany NewsREEL [KHBH13] one month
C general & local Cologne, Germany NewsREEL [KHBH13] one month
D cars Berlin, Germany NewsREEL [KHBH13] one month

Table 2: Number and proportion of impressions by publisher and device. Publishers are listed as columns,
whereas rows refer to devices. The bottom row shows the total number of impressions per publisher.

Publisher A Publisher B Publisher C Publisher D
Device νimpressions % νimpressions % νimpressions % νimpressions %

desktop 38 403 480 33.8 5 230 237 34.6 4 770 134 76.3 9 349 859 41.4
mobile 53 906 527 47.5 8 293 081 54.9 139 878 2.2 10 603 232 46.9
tablet 21 269 688 18.7 1 590 700 10.5 1 339 766 21.4 2 640 384 11.7

Σ 113 579 695 15 114 018 6 249 778 22 593 475

Table 3: Number and proportion of impressions by publisher and weekday. Publishers are listed as columns,
whereas rows refer to weekdays. The bottom row shows the total number of impressions per publisher.

Publisher A Publisher B Publisher C Publisher D
Weekday νimpressions % νimpressions % νimpressions % νimpressions %

Monday 17 326 061 15.3 1 968 745 13.0 954 698 15.3 3 141 987 13.9
Tuesday 17 574 750 15.5 2 322 038 15.4 958 494 15.3 3 041 217 13.5
Wednesday 17 664 762 15.6 2 511 516 16.6 1 146 296 18.3 3 684 470 16.3
Thursday 17 076 853 15.0 2 576 185 17.0 1 121 812 17.9 3 525 732 15.6
Friday 16 128 126 14.2 2 367 162 15.7 975 581 15.6 3 421 870 15.1
Saturday 12 522 288 11.0 1 627 104 10.8 521 625 8.3 2 762 025 12.2
Sunday 15 286 855 13.5 1 741 268 11.5 571 271 9.1 3 016 174 13.5

Σ 113 579 695 15 114 018 6 249 778 22 593 475
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Figure 5: Heat maps showing user activity by device, daytime, and weekday. Each row contains four heat
maps related to a specific device. Each column contains three heat maps related to a particular publisher. The
number of impressions is color-coded according to the legends on each heat maps right-hand side. The number
of impressions in total for the context, or the pair of publisher and device, is shown below the legend.
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Figure 6: Illustration of the daytime when publishers release articles. For three publishers, each column presents
two clocks. The clocks color-code the proportion of articles released over the course of half a day.

type. Topic-specific publishers, such as publisher D,
exhibit markedly different engagement patterns com-
pared to general news outlets. As a result, publishers
need to pay close attention to their reader base and
adapt to their particular needs. Especially, publishers
must guarantee that new stories become available be-
fore the majority of readers engages the service. Trans-
ferring knowledge from different domains represents a
challenge. We cannot reliably track users engaging
with different publishers. Hence, we struggle to estab-
lish links between articles which suitably complement
one another.

In addition, our analysis has shown that publishers
release articles with varying schedules. Publishers can
prepare stories about anticipated events or opinions.
News recommender systems have to adapt to situa-
tions with radically changing item collections. On the
one hand, a push of many prepared stories at night
adds uncertainty to the story selection. On the other
hand, breaking news stories attract a majority of at-
tention. Publishers may rely heavily on A/B testing
protocols to optimize their recommendation services.
These evaluation tools monitor the behavior of dis-
joint groups of users each of which experiences a differ-
ent system configuration. The longer the data gather-
ing progresses, the more the contextual patterns fade.
Hence, publishers optimize their systems for the most
wide-spread contexts and abandon potential gains at-
tainable by more fine-grained contextual analyses. In-
stead, our analysis suggests monitoring user behavior

and determining groups with similar preferences. This
opens up the opportunity to introduce a low-level per-
sonalization which also respects users’ anonymity and
privacy. Moreover, publishers seek to maximize long-
term business goals. Some publishers have managed to
establish a large enough group of subscribed users to
cover their costs. For them, adding subscribers takes
precedence over short-term user engagement. Pub-
lishers need to align their recommendation strategies
to their business goals. Consequently, recommenda-
tion algorithms face different challenges depending on
the context. Tuning the recommendation algorithm to
users’ needs promises to help in achieving long-term
goals. Presenting shorter articles on mobile devices
and topics popular in particular contexts, represent
two directions publishers could turn. Additionally,
publishers ought to consider contextual differences as
they internationalize their services. Our analysis in-
dicates that culture and lifestyle affect readers’ per-
ception of recommendations. Consequently, publish-
ers need to take into account their recommendations’
destination.

5 Conclusion and Future Work

Publishers operate in dynamic, digital environments.
They compete for the attention of users to monetize
their content. News recommender systems facilitate
readers’ access to information. As a result, publish-
ers continue to optimize their recommendations. Our



analysis has shown that readers’ engagement varies
considerably in between contextual settings. We have
considered the time and device as contextual dimen-
sions. This kind of engagement reflects readers’ daily
routines. We have observed negligible activity at
night, mostly desktop usage on working hours, and
mobile device usage in the evenings and on weekends.
Publishers release schedules vary considerably. Pre-
pared articles emerge in the night while stories related
to breaking events enter irregularly. The example of
publisher D shows that news categories differ in popu-
larity. Besides, the categories’ popularity changes over
the course of the day.

We see multiple directions to extend this line of
thought. Publishers ought to devise methods to intro-
duce context-awareness to their systems. Conducting
user studies yields clearer insight into readers’ require-
ments. Alternatively, publishers could extend A/B
testing to encompass longer periods and simultane-
ously monitor contextual features. Further analysis of
contextual reader engagement could include additional
publishers to verify the discussed results. Establishing
publisher-specific recommendations demands a more
in-depth analysis of contextual information and read-
ers’ behavior.
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