
65

In Search of a Stochastic Model for the E-News Reader

BRÁULIO M. VELOSO, Departamento de Computação, Universidade Federal de Ouro Preto, Brazil

RENATO M. ASSUNÇÃO, Departamento de Ciência da Computação, Universidade Federal de Minas

Gerais, Brazil

ANDERSON A. FERREIRA, Departamento de Computação, Universidade Federal de Ouro Preto, Brazil

NIVIO ZIVIANI, Departamento de Ciência da Computação, Universidade Federal de Minas Gerais, Brazil

E-news readers have increasingly at their disposal a broad set of news articles to read. Online newspaper

sites use recommender systems to predict and to offer relevant articles to their users. Typically, these recom-

mender systems do not leverage users’ reading behavior. If we know how the topics-reads change in a reading

session, we may lead to fine-tuned recommendations, for example, after reading a certain number of sports

items, it may be counter-productive to keep recommending other sports news. The motivation for this article

is the assumption that understanding user behavior when reading successive online news articles can help

in developing better recommender systems. We propose five categories of stochastic models to describe this

behavior depending on how the previous reading history affects the future choices of topics. We instantiated

these five classes with many different stochastic processes covering short-term memory, revealed-preference,

cumulative advantage, and geometric sojourn models. Our empirical study is based on large datasets of

E-news from two online newspapers. We collected data from more than 13 million users who generated

more than 23 million reading sessions, each one composed by the successive clicks of the users on the posted

news. We reduce each user session to the sequence of reading news topics. The models were fitted and com-

pared using the Akaike Information Criterion and the Brier Score. We found that the best models are those

in which the user moves through topics influenced only by their most recent readings. Our models were also

better to predict the next reading than the recommender systems currently used in these journals showing

that our models can improve user satisfaction.
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1 INTRODUCTION

Once a thriving and powerful industry, the traditional printed newspaper business is struggling to

adapt to the changing reader behavior and the emerging new digital technology. The increasing

preference for digital media is stimulated because users want to interact, converse, experience, and

contribute to the content as well as to have almost instantaneous news update [6]. Sustaining sharp

revenues decrease, traditional newspaper publishers have been adapting themselves by creating

online versions of their printed newspaper.

E-news readers not only use news media, but they also have a new reading behavior [29]. They

spend more time scanning and browsing rather than reading, and they read more selectively [40].

They do so in a shallower and less attentive way as compared to the printed version reader [33].

To retain their attention, to offer valuable products, and to obtain their loyalty as customers, the

e-news business needs to understand how readers are consuming their products. With this knowl-

edge, one could devise efficient news recommender systems [15] and make best web-page design

decisions.

The online newspaper domain has its peculiarities compared with other domains of recom-

mender systems [41]. One of the main characteristics is the high dynamism of the items: new

items are added continuously to the system, some are updated, and others are removed. Tradi-

tional recommender systems, such as the user-item interaction matrix, suffer several implications.

As the items are variants, greater control over the matrix is needed [8]. Additionally, users are

typically interested in recent articles, such as the latest hour news [11]. This aspect makes the old

news start to get uninteresting to users and should not be recommended. Thus, a simple matrix of

historical interaction loses its value [30]. Additionally, explicit feedback information, such as rat-

ings is not usual [41]. Usually, the user reads the news, searches or chooses from within the ones

presented by the layout or by the recommender and, after some readings, ends the access to the

system, without leaving any explicit feedback. News recommender systems commonly consider

access information, read time, and others implicit feedbacks as input data [1, 2, 15, 25]. Content

data, like header and body, and meta-data as the author, topic, and date, are also used for the

recommendation task [11, 14, 16, 18, 38].

Aiming to extract knowledge and improve recommendation of online newspapers, several re-

cent papers attempt to capture the user reading behavior through a mathematical model [13, 16,

18, 19, 30]. Some papers extract knowledge from data belonging to the newspaper systems [13]

while others use data from external sources [16]. Data from online newspaper systems are incred-

ibly dynamic. E-news readers most commonly access recent e-news that becomes outdated and

uninteresting in a short time. Thus, to understand the e-news user behavior, it is usual to work at

a more general level than news, usually at the news topic (subject/group) level [18]. Topics such as

sports, politics, and entertainment are present in all newspapers, and the exclusive news is typically

organized under their umbrella. Topics do not disappear from the public interest as quickly as spe-

cific news. As topics receive a constant flow of fresh news, their content may change concerning

the quality and quantity, and hence, their reading frequency may suffer some variation along the

year [17]. However, their main appeal is that they constitute a stable set of entities that allows for

better modeling than exclusive news.

The mapping of the e-news reader behavior is still incomplete and left many important issues

yet to be addressed. For example, we do not have an answer to the question about the reader

behavior invariance for the outlet type. Does the e-tabloid user read in the same way as the e-

broadsheet reader? It is not clear even if the one single person behaves in the same way when

reading these two types of e-news. There may be an interaction between the type of newspaper

and the individual such that, when reading tabloids, one may read the news in a more shallow way
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than when reading the same news in a sober newspaper. Another important issue is the sequence

of topics one reads. Do e-readers follow a sequential topic order as in the printed version? If so,

they would exhaust all interesting news from one topic before moving to a new topic. In contrast,

they could read the e-news without concern about their subjects, by jumping randomly between

them. In the first situation, it is highly relevant to know the probability distribution of the number

of news someone reads on a given topic before moving to a new one. In the second situation, the

probability distribution is meaningless.

What is the use of answering these questions for the news business in their strive for survival?

First, science is served when we know if news consumers modulate their reading habits according

to the media vehicle used. Second, understanding user behavior can help to design more efficient

recommender systems. Consider, for instance, the case of users who sequentially read the topics,

always depleting one topic before moving to a new one. In this case, when someone starts reading

his first article, most of the recommended news should be other news on the same topic as the ini-

tial one. As the user keeps reading different articles, eventually the user reaches a number that is

close to the maximum random one reads in the given topic. At this point, news from another topic

should be recommended as the user is likely to change the topic. That is, the recommended news

set should change dynamically as the user reads the news. This change depends on his specific

reading trajectory at that moment. Given the small number of articles that is possible to recom-

mend without flooding the web-page, this is crucial to retain the e-reader attention efficiently.

In this article, we utilize probabilistic models that characterize different possibilities for e-news

reader behavior. With the models, we can predict the next topic to be read by considering different

summaries of the previous reading history in the session. A session is a sequence of successive

clicks by a user in a particular newspaper. We analyzed more than 20 million sessions of the news

posted in two online newspapers. Each user session was reduced to the sequence of topics of the

reading news. The topics are those used by the newspapers to chose their news, such as sports,

politics, and entertainment. The sequence of topics from a reading session with six news could be,

for example, sports, sports, society, culture, culture, culture. The sequence of topics in a user session

is analyzed as an instantiation of a stochastic process trajectory.

We evaluate 40 different stochastic processes to predict the sequence of topics. The models

are organized in five classes depending on how the past affects the future. In the first class, we

have memoryless models. This is an unrealistic assumption adapted to provide a reference plateau

from which we measure the improvement we can obtain by allowing the past to correlate with the

future. The second class contains short-term memory models, in which the current reading depend

only on the most recent ones. The third class consists of the revealed-preference models. Their

main idea is that the reading preferences of the individuals can be inferred from their explicitly

observed choices of news. This class of models explores the individual time spent on a given topic

or the reading frequency of a given topic to infer individual preferences and hence to predict the

future reader behavior. The fourth class contains cumulative advantage models, in which previous

readings of a topic increase its reading chances in the future. Finally, the last class is the geometric

sojourn models. It includes models based on a probability distribution to the time one stays in a

given topic.

All models were fitted by the maximum likelihood estimation method in training sets and com-

pared to their predictive power on testing sets. We measure the goodness of fit (penalized by model

complexity) and the prediction power using the Akaike Information Criterion and the Brier Score.

The best models, according to both criteria, are those in which the user moves around the states

influenced by his most recent readings. The cumulative advantage models were close behind, with

slightly worse predictions but still quite satisfactory.
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In summary, we provide answers to some fundamental questions concerning e-news reading

habits through data mining algorithms. More specifically, we have the following contributions:

—We propose five classes of stochastic models to characterize the behavior of the e-news

reader in a session. We classify this behavior into one of five possible groups with respect

to how the previous readings affect the future: memoryless; short-term memory; revealed

preference; cumulative advantage; geometric sojourn (Section 3).

—We utilize 40 different stochastic models that instantiate the five behavior classes.

—We carry out an empirical study with a large database of news and readers to characterize

the e-news readers behavior contrasting tabloid readers with broadsheet readers (Section 4).

—We present detailed experimental results showing the ability of our stochastic models to

explain the observed behavior of readers using several real-world datasets from large news-

papers (Section 5).

—We make suggestions of how to use the gained knowledge to design recommender systems.

2 RELATED WORK

Several papers aim at characterizing the user behavior in online applications. Previous works often

focused on knowledge discovery of the user behavior in web search [1], in navigation among

pages [4, 7, 24], in preventing web spam [32], in sharing information [16, 38], in commenting

blog-posts [5], and consuming behavior of videos [42] and songs [26]. Those papers are focused

on the knowledge discovery of web-user behavior, normally using implicit feedback information.

More specific to our work, the modeling of e-news readers sessions has been the focus of [13, 18,

19, 27, 28, 31, 33]. Those last studies analyzed different types of e-news user behavior.

Agichtein et al. [1] study models to explain the preferences of web search results to develop, un-

derstand, and maintain the web search engines. The authors transform user interactions with the

search systems into relevance preferences evaluations, which can be used to predict user prefer-

ences in future searches. Hsieh et al. [24] propose a user-centered news and event recommendation

template called Immersive Recommendation. The central assumption is persons generate digital

traces that are almost permanent, such as Twitter messages, subjects in the email headers, web

browser history, and digital shopping records, reflecting who we are, what we do, and what we

are interested in. Based on digital traces from different platforms, the authors generate a user inter-

est profile. The recommendation task uses that profile along with item profiles and ratings. Their

system is based on a topic model algorithm to simultaneously profile multi-context user digital

traces and a hybrid collaborative filtering model to improve the recommendation quality beyond

the user-cold-start phase. Similarly to [24], De Francisci Morales et al. [16] recommend articles in a

news aggregator by exploiting user Twitter account information. Their recommendation algorithm

merges friendship information, viewing history, and popular user social networking topics, with

the popularity of the articles. The results show that the approach improves prediction accuracy,

being useful for understanding user behavior. However, the improvements were only evaluated for

users whose information was available. There is a research line studying the user reading behavior

considering his attention [33], the time taken to complete the reading [28, 31], and the impact of

the page layout on his behavior [27, 40].

Closer to our work, Chen et al. [13] analyzed the flow between 22 news topics. However, in

contrast with our work, these authors did not follow individual trajectories during a reading ses-

sion. Instead, they look only at the aggregated counts of users going from one topic to another

one, ignoring the entire previous history of individuals users. For this more straightforward task,

they adopt a Bayesian approach allowing a dynamic transition matrix between topics. This ma-

trix changes according to the hour during the day. The graph is dynamically updated observing
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Fig. 1. News reading session as stochastic process trajectory. (a) Figure shows a user session example. (b)
Figure exemplifies next topic previsions, for instant i + 1 = 5, where past states H = (T1 = 5,T2 = 5,T3 =

8,T4 = 3).

the aggregated user transitions on topics every half-minute in two specific time intervals, one in

the morning and another in the afternoon. The authors propose to follow the aggregated flows

between the topics using a dynamic transition matrix.

A small number of papers have looked at the individual behavior of the E-news reader, as we

have also done. Esiyok et al. [19] studied user reading behavior with data from an online news por-

tal. They assume a first-order stationary Markov chain process and estimate the transition prob-

abilities between news topics. No other alternative model was considered, and this casts doubt

about the prediction quality one can expect with this single model. Epure et al. [18] show how to

improve the accuracy and diversity of recommender systems using stochastic model. They com-

pare a recommender system based on the Markov model with the current recommender system

of a German newspaper. From the information of transitions between categories, they create Mar-

kovian models. Epure et al. [18] generate two general profiles, one with one-month data, and one

with all historical data. Thus, the authors merge the current user-session information with both

profiles, attempting to make a recommendation. The authors conclude that adjusting the Markov

model using data from the previous month can improve diversity while fitting the model using

all data enhances accuracy. By using the current user access information with the general users

access generated a minimum of necessary customization without the user having to authenticate

in the newspaper.

3 STOCHASTIC MODELS

Letu ∈ U = {1, 2, . . . ,U } be the index of a user. The sequence of news’ topics gives a news-reading

session, and it is represented by Su = (T1, . . . ,Ti , . . . ,Tnu
), where nu is the total number of read

news and Ti is the topic of ith read item. We let L = {1, 2, . . . ,L} represent the set of labels iden-

tifying the topics. Adopting a probabilistic model to represent the collection of sessions, we see

them as realized trajectories of a discrete-time stochastic process with state-space L. Each session

generates a random path {(1,T1), (2,T2), . . . , (nu ,Tnu
)} in the grid N × L. Figure 1(a) illustrates a

session Su seen as the realized path of a random walk in N × L. In the vertical axis, we have the

possible states, the topics. In the horizontal axis, we have the reading order index in the session.

In the figure, user u� had a reading session Su� = (T1,T2,T3,T4,T5,T6) = (5, 5, 8, 3, 3, 3) generating

the shown trajectory. The user started by reading two news from topic 5 and then read one news

from topic 8. Finally, the user read three news from topic 3 in a sequence.
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The joint probability of any sequence of topics in a session is given by multiplying the condi-

tional probabilities of the successive readings conditioned in all previous readings:

P (T1,T2, . . . ,Tnu
) = P (T1) × P (T2 |T1) × · · · × P (Tnu

|T1,T2, . . . ,Tnu−1). (1)

Given a partial trajectory of a user in a session, we want to estimate the topic of the next news

to be read, like in Figure 1(b). If we have the probabilities in Equation (1) for all nu and all pos-

sible trajectories, we simply use P (Ti+1 |T1,T2, . . . ,Ti ) to identify which is the most likely topic

for the next reading. The complete characterization of the probability distribution that governs a

stochastic process requires the specification of two components:

(1) The initial probability distribution (that is, the probability distribution of the first topic

read in a session):

P (T1 = l ), l ∈ L. (2)

(2) The class of probability distributions of the ith read topic conditional on all previously

read topics:

P (Ti = li |T1 = l1, . . . ,Ti−1 = li−1), li ∈ L and 1 < i ≤ nu . (3)

The first component requires the specification of L = |L| probabilities, while the second com-

ponent involves the specification of a much larger number of probabilities. We need to specify L
probabilities for the possible states conditional in all the past states (l1, . . . , li−1) and this needs to

be done for every possible configuration of these previous states. Therefore, the number of prob-

abilities that need to be specified on the ith step is Li and, for sessions of length N , it is required∑N
i=2 Li = (LN+1 − L2 )/(L − 1) = O(LN ) elements.

All probabilistic models impose constraints on the collection of conditional probabilities in

Equation (3) that drastically reduce the number of probabilities required to specify the stochastic

process distribution fully. These constraints come in the form of assumptions that seek to cap-

ture the probabilistic essence of the process. The objective is to formulate a simple, but not trivial,

mathematical structure representing the essential and most relevant aspects of the phenomenon.

Similar to a caricature, an excellent probabilistic model is not a faithful and perfect picture of an

individual, but a sketch that reproduces and even amplifies or exaggerates the most salient features

to make it easily recognizable. These principles guide our modeling approach.

The first topic probabilities in Equation (2) have apparent and straightforward estimates: the

empirical frequencies of the first topic read by the users. These initial probabilities are not relevant

in our work in which the main objective is to predict the successive readings, and not the first

one. The most relevant for us is the conditional probabilities in Equation (3). We estimate these

probabilities using simplifying models, which reduce the requiredO (LN ) evaluations. The models

also describe different user behavior, and therefore, they help in suggesting how e-news readers

may be affected through recommendations.

We considered a very diverse collection of stochastic models to explain e-news reader behavior.

These models can be organized into five classes according to how the previous reading history af-

fects the chances of future topics. These five classes are named as memoryless, short-Term memory,

revealed-preference, cumulative advantage, and geometric sojourn models. To describe the classes

and their models, we assume that the probabilities in Equations (2) and (3) apply to all users and

sessions. As a consequence, they do not depend on u, and the session size can be simplified as n.

We are interested in predicting the topic of the next read item. We alternatively refer to the ith
reading item as the time i of a session or as its current time, and the (i + 1)-th reading as the next

future time instant. The first two classes use well-known models from the stochastic modeling lit-

erature [21, 39]. The other classes, described in Sections 3.3, 3.4, and 3.5, are new. Similarly named
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mathematical models can be found in other fields, but these other models are quite different from

ours [36].

3.1 Memoryless Models

The models in the memoryless class ignore the previous history when determining the probabili-

ties of the next topic. They represent an idealized and naive standard that is convenient to gauge

how far away from these extreme baselines are located the other more sophisticated models as

well as the observed data. There are three models under this class.

The Uniform Model assumes that all topics are equally likely, and it does not matter what topic

the user has already read initially:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) = 1/L. (4)

This model does not estimate probabilities for the data, so it has a null quantity of independently

estimated parameters.

The second model in this class assumes that the successive topics are independent of each other,

but neither uniformly distributed nor time-invariant:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) = P (Ti+1 = l ). (5)

Hence, the probability of reading topic l may change along the time and it is not constant over the

topics. This model is called the Independence Model. The maximum likelihood estimate of P (Ti+1 =

l ) is trivial, being proportional to the reading frequency of the topic l at instant i + 1, denoted by

#(Ti+1 = l). It is necessary to specify L probabilities at each time i , and hence, the independently

estimated number of parameters is O (NL).
An even more restrictive version of this model assumes that the probability distribution is time

invariant. That is, P (Ti+1 = l ) = P (T1 = l ) for all i . This Time-Invariant Independence Model needs

O (L) probabilities.

3.2 Short-Term Memory Models

The short-term memory class is composed of models in which the chances associated with the next

topic to be read discard the oldest readings. In these models, these probabilities are influenced only

by the most recently read news. The first one in this class assumes that the user tends to stay in

whatever topic the user is reading at the moment and it is called the Stayer Model:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) =

{
pi,l , if l = li

1
L−1 (1 − pi,l ), if l � li

, (6)

where pi,l is the probability of staying in the topic l on ith reading and is estimated by #(Ti =

l ,Ti+1 = l )/#(Ti = l ,∃Ti+1). As this parameter varies with the moment and the topic, this model

has O (NL) parameters to be determined. Different versions of this simple model have appeared

previously in the literature [12, 20].

One variation of this model makes the p parameter constant in time and it is estimated as∑
i #(Ti = l ,Ti+1 = l )/

∑
i #(Ti = l ,∃Ti+1). This model has O (L) parameters to be determined. An-

other variation is to let the parameter constant by topics, a topic-homogeneous version. In this

case, the stay parameter can be estimated as
∑

l #(Ti = l, Ti+1 = l)/
∑

l #(Ti = l,∃Ti+1), and hence,

it has O (N ) parameters to be determined.

The other models in this class share the Markov property, and they are very well known with

hundreds of applications and variations [21, 39]. We start with a Time-Variant First-Order Markov

Model:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) = P (Ti+1 = l |Ti = li ). (7)
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Given that you are reading topic li at time i , it does not matter what you have read before. The set

of probabilities that are required to specify the joint probabilities in Equation (3) are drastically

reduced as we need to consider only two successive states rather than the entire previous history.

The probabilitiesP (Ti+1 = l |Ti = li ) are called transition probabilities because they model how one

moves from one state to the next one. This model is called time-variant because the transition prob-

abilities may be different for different time moments. For each time instant i ≥ 2, it is necessary

to specify L2 probabilities, so this model has an independently estimated number of parameters

equal to O (NL2) for sessions of length N . The maximum likelihood estimates of the transition

probabilities are given by the simple empirical frequencies: #(Ti = li, Ti+1 = l)/#(Ti = li,∃Ti+1).
We also considered the more usual Time-Invariant version of this model, which specifies addi-

tionally that

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) = P (Ti+1 = l |Ti = li ) = P (T2 = l |T1 = li ). (8)

That is, the transition probabilities are invariant in time, making this a stationary process. In this

case, the number of parameters to be estimated is only O (L2) and the maximum likelihood es-

timates are obtained by summing over all the available time moments indexed by i = 2, . . . ,N :∑
i #(Ti = li, Ti+1 = l)/

∑
i #(Ti = li,∃Ti+1).

A natural extension is to allow the past influence to stretch a little longer in time. This is called

the Higher Order Markov Model. In the case when the conditional probabilities depend only on the

last two readings, we have the Second-Order Markov Model, given by

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) = P (Ti+1 = l |Ti−1 = li−1,Ti = li )

=̂
#(Ti−1 = li−1, Ti = li, Ti+1 = l)

#(Ti−1 = li−1, Ti = li,∃Ti+1)

, (9)

where the symbol =̂ means that its right-hand side is the maximum likelihood estimate of the

left-hand side. We need to estimate O (NL3) parameters in this model. A time-invariant version is

obtained in the same way as in the first-order case, and it requires O (L3) estimates.

In general, the Time-Invariant kth Order Markov Model with k > 1, need to specify the LK+1

probabilities, for all instants i ≥ k + 1. For the Time-Variant kth Order Markov Model, with k > 1,

at every instant i ≥ k + 1, it is necessary to specify the LK+1 probabilities, ending in O (NLK+1).

3.3 Revealed-Preference Models

In this class, we propose models in which the user reveals what topics are preferred as the user

moves along the session. We use a specific function focused on a targeted topic Ti+1 = l to model

the probability of topic l being the next reading in the session. This function varies with the model,

and it collects information from the entire past, not only from the most recent readings as in the

previous class.

The first model of this class is called the Visit Record Model. Let S l
i = s be the number of times a

user read news from the l topic in a session of size i: S l
i =
∑i

j=1 I [Tj = l], where I is the indicator

function. For s ∈ [0, . . . , i], the Visit Record Model assumes that

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) = P
(
Ti+1 = l |S1

i = s1, S
2
i = s2, . . . , S

l
i = sl , . . . , S

L
i = sL

)
. (10)

The S l
i function assumes a different value for each topic l . In our case, l ∈ {1, . . . ,L}, and hence, we

have L probabilities for a future topic: P (Ti+1 = 1|s1, . . . , sL ), P (Ti+1 = 2|s1, . . . , sL ), . . . , P (Ti+1 =

L|s1, . . . , sL ). We have

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) ∝ P
(
Ti+1 = l |S l

i = s
)
=̂

#(Sl
i = s, Ti+1 = l)

#(Sl
i = s,∃Ti+1)

. (11)
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The proportionality symbol (∝) is to remind the reader of the need to normalize the probabilities

so they sum up to 1. In the next models, this simplified representation of Equation (10) provided

by Equation (11) is also adopted. This model holds a memory of each l topic ever visited and the

probabilities associated with the next topic vary with the number s of prior visits to the topic in

question. For an arbitrary instant i + 1, we have L × (i + 1) probabilities to be estimated and hence

the total number for sessions of length N is
∑

i L(i + 1) = L((N + 1) (N + 2)/2 − 1) = O (LN 2).
One variation of this model is to restrict attention to the last m news read in a session. Then,

P (Ti+1 = l |T1 = l1, ..,Ti = li ) ∝ P
(
Ti+1 = l |S l

i,m = s
)

for s ∈ [0, . . . ,m]. (12)

The next model in this class is called Topic Duration Model. It assumes that the probability of

visiting topic l depends on how much previous news from this same topic has been read in a run,

the duration on that topic up to that point. More specifically, let

Dl
i =

{
min0≤k<i {[Ti−k � l]}, if ∃ Ti−k � l ;
i, otherwise.

That is, the most recent k news came all from topic l and the (k + 1)-th is not from l . We have

Dl
i = 0 if the last topic is different from l . The Topic Duration Model assumes that the conditional

probability is a function of Dl
i = d for d ∈ [0, . . . , i]:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) ∝ P
(
Ti+1 = l |Dl

i = d
)
=̂

#(Dl
i = v, Ti+1 = l)

#(Dl
i = v,∃Ti+1)

. (13)

For this model, similarly to the previous, we need to estimate O (LN 2) probabilities. One variation

of this model constrains the duration to be evaluated only among the lastm readings, but we will

omit its details.

The topic duration model has an inconvenient. If the current topic is j, for any j � l , we have

Dl
i = 0 implying in lack of flexibility ford = 0 as it assumes a single value for any j � l , irrespective

of the remaining session. The following model intends to improve this aspect.

Given thatTi � l , the Last Visit Duration Model assumes that the probability of reading topic l at

time i + 1 depends on the number of news from this topic that has been read in a row for the last

time. That is, we scan the history backward from time i evaluating how long it lasted the previous

visit to topic l , it does not matter how long ago it happened. Let

Ll
i =

⎧⎪⎪⎨
⎪⎪
⎩

0, if � Tj = l ;
maxj≤i {[Tj = l]} −maxk<j {[Tk � l]}, if ∃ Tk � l ;
maxj≤i {[Tj = l]}, otherwise.

be the topic l last visit duration. We may have Ll
i = 0 if topic l has not been read yet and we can also

have Ll
i = i if the only topic l has been read since the session started. The conditional probability

becomes a function of the random variable Ll
n−1 = v for v ∈ [0, . . . , i]:

P (Ti+1 = l |T1 = l1, . . . ,Tn−1 = ln−1) ∝ P
(
Tn = l |Ll

n−1 = v
)
=̂

#(Ll
i = v, Ti+1 = l)

#(Ll
i = v,∃Ti+1)

. (14)

This requires the specification of L × (i + 1) and hence of O (LN 2) for sessions of length N .

The last model in this class is the Readings After Departure Model. Let Rl
i = i −maxj {[Tj = l]} be

the number of news read since the user stop reading the target topic l . The model defines that Rl
i =

∞ if the topic l has not yet been read in the session and hence Rl
i = r , for r ∈ [0, . . . , i − 1] ∪ {∞}.
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The conditional probabilities are reduced as follows:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) ∝ P
(
Ti+1 = l |Rl

i = r
)
=̂

#(Rl
i = r, Ti+1 = l)

#(Rl
i = r,∃Ti+1)

. (15)

When j = i , the session ends inTi = l and topic l has not been changed yet implying on r = 0. The

quantity of independently estimated parameters for this model is O (LN 2).

3.4 Cumulative Advantage Models

In this class, we propose models in which the successive topic choices alter the future probabilities

in a way that some topics acquire advantage concerning the others. Reading topic l leads to an

increase in its probability. The Additive Cumulative Advantage Model assumes that a bonus is added

cumulatively and in an additive way to a base probability πl :

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) ∝ πl + β
+
l S

l
i , (16)

where β+
l

is the bonus parameter for the l topic. At each step, the resulting conditional probabilities

are normalized to sum 1. It is clear that any advantage gained by topic l remains with the topic

throughout the session and is cumulatively increased as more visits to the topic accrue. Since it is

necessary to specify L initial probabilities for πl and L values for the bonus vector β+
l

, this model

has O (L) independently estimated parameters. The probabilities πl could be taken equal to the

initial probabilities P (T1 = l ) or the average probability by topic P̂ (T = l ) = 1/n
∑n

i=1 P (Ti = l )

and the bonus parameter could be estimated as: β+
l
=̂

π 2
l
−P (Ti+1=l∧Ti=l )

P (Ti+1=l∧Ti=l )−πl
.

We also considered an additional variation, Multiplicative Cumulative Advantage Model, where

the bonus accumulates in a multiplicative way, rather than in an additive way:

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) ∝ πl

(
1 + β×l S

l
i

)
, (17)

and this bonus parameter could be estimated as β×
l
=̂

π 2
l
−P (Ti+1=l∧Ti=l )

πl×[P (Ti+1=l∧Ti=l )−πl ]
. This model requires

O (L) independently estimated parameters.

3.5 Geometric Sojourn Models

In the last class, we propose models in which there is a probability distribution for the duration

in a given topic. Given that there will be a change of topic, a transition function governs how the

new topic is selected. For this class of models, it is useful to represent our usual reading session

S = (T1,T2, . . . ,Tn ) by a sequential list of topics followed by the duration in each one of them. For

example, Su� = (5, 5, 8, 3, 3, 3) will be represented by S ′
u� = (E1 = 5,N1 = 2,E2 = 8,N2 = 1,E3 = 3,

N3 = 3), where Ej denotes the jth read topic and Nj is its number of read news. A topic may appear

more than once in a state of S ′ list, but not in consecutive states.

To estimate the parameters, we need the probability of a session S in the S ′ representation:

P (S ) = P (S ′) = P (E1,N1,E2,N2, . . . ,Em ,Nm ).

Usual probability rules lead to

P (S ′) = P (E1,N1,E2,N2, . . . ,Em ,Nm )

= P (E1) × P (N1 |E1) × P (E2 |E1,N1) × P (N2 |E1,N1,E2) × . . .
× P (Em |E1,N1, . . . ,Em−1,Nm−1) × P (Nm |E1,N1, . . . ,Nm−1,Em ).

We assume that, conditioned on the previous values of E1,N1, . . . ,Nj−1,Ej , the distribution of Nj

depends only on Ej . Also, assume that, conditionally on E1,N1, . . . ,Ej−1,Nj−1, the state Ej depends
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only the previous E’s. We have

P (S ′) = P (E1) × P (N1 |E1) × P (E2 |E1) × P (N2 |E2) × · · · × P (Em |E1, . . . ,Em−1) × P (Nm |Em ).
(18)

Therefore, given a previous history (E1 = l1,N1 = x1, . . . ,Ej = li ,Nj = x j ), which j ≤ i , the Geo-

metric Sojourn Models assume that

P (Ti+1 = l |E1,N1 . . . ,Ej ,Nj ) =

{
P (Nj ≥ x j + 1|E1,N1, . . . ,Ej ), if l = Ej

P (Nj = x j ,Ej+1 = l |E1,N1, . . . ,Ej ), if l � Ej
. (19)

In case the next topic is the same as the last state, the sojourn probability is

P (Nj ≥ x j + 1|E1,N1, . . . ,Ej ) = P (Geometric (θl, j ) ≥ x j + 1),

where θl, j is the geometric distribution parameter. This parameter could be topic and instant-

specific. It is estimated by θl, j =̂
n∑n

k=1
dk (j,l ) , where dk (j, l ) is duration time in the topic l as jth

state and n is number of cases this occurred.

For other cases, the next topic is different from the last state, the change topic probabilities are

P (Nj = x j ,Ej+1 = l |E1,N1, . . . ,Ej ) = P (Geometric (θl, j ) = x j ) × P (Ej+1 |E1, . . . ,Ej ).

Given a parameter θ e a duration x , the geometric distribution is made by: P (Geometric (θ ) =
x ) = (1 − θ )x−1θ , and P (Geometric (θ ) ≥ x ) = 1 −∑x−1

j=1 (1 − θ ) j−1θ . Note that, when the next

topic is different from the topic of the last state, Ti+1 � Ej , there is an implicit component

P (Geometric (θTi+1, j+1) ≥ 1), as it is trivial, it is worth 1. Similarly, the first component is

P (E1,N1 ≥ 1) = P (E1), which is estimated by the empirical frequency of the first read topic.

With respect to the P (Ej+1 |E1, . . . ,Ej ) factors, we consider three possibilities. In the first one,

since Ej+1 � Ej , we have

P (Ej+1 |E1, . . . ,Ej ) =
π (Ej+1)

1 − π (Ej )
, (20)

where π (E) is the probability of topic E, estimated from the simple empirical frequency. This model

is called Geometric Sojourn Model with Simple Renormalization. Since it is necessary to specify L
initial probabilities for π (E) this model has O (L) independently estimated parameters. Estimating

π (Ej ) at every instant leads to O (LN ) independently estimated parameters.

The second possibility assumes that the return probability to a topic recently visited is higher

than otherwise. We add a bonus to the probability of returning to the second last state Ej−1:

P (Ej+1 |E1, . . . ,Ej ) =
⎧⎪⎪⎨
⎪⎪
⎩

π (Ej+1 )+βEj−1

1−π (Ej )+βEj−1
, if Ej+1 = Ej−1

π (Ej+1 )
1−π (Ej )+βEj−1

, otherwise
, (21)

where βEj−1 is the bonus value given to the Ej−1 topic. For j = 1, we take βE0 = 0. This parame-

ter could be estimated by βEj−1 =̂ #(Ej−1 = Ej+1)/#(∃Ej+1). This model is called Geometric Sojourn

Model with Beta-Renormalization. Since it is necessary to specify L probabilities for π (l ) and L prob-

abilities for the bonus vector βl , this model has O (NL) independently estimated parameters in its

time-varying version andO (L) independently estimated parameters in the time-invariant version.

The last possibility for this class assumes that state sequence could be estimated by Markov

property:

P (Ej+1 |E1, . . . ,Ej ) = P (Ej+1 = lj+1 |Ej = lj ) =̂
#(Ej = lj ,Ej+1 = lj+1)

#(Ej = lj ,∃Ej+1)
. (22)

This last model is called Geometric Sojourn Model with Markov-Renormalization. This model has

O (NL2) independently estimated parameters in its time-varying version andO (L2) independently
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Fig. 2. Log-frequency of sessions by the number of news in a session. The ordinate axis shows the size of the
sessions and the abscissa axis shows the number of sessions in a log scale.

estimated parameters in the time-invariant version. We utilize the other two variations for Mar-

kovian with higher order, for k = 2 and k = 3. The equations are similar to first order present

before, and these models have O (NLk+1) independently estimated parameters in its time-varying

version and O (LK+1) independently estimated parameters in the time-invariant version.

4 DATA DESCRIPTION

The collection that we use in this work contains access sessions for users of two Brazilian online

newspapers collected in the period from February 1, 2015, to March 31, 2015. The data collec-

tion was kindly provided by the business company that generates the recommendations for the

newspapers publishing corporations, with their permission under a confidentiality agreement to

not release specific information that may identify news or the newspapers. In each access ses-

sion, there is data about the news article read by the user, when it was read, what were the news

recommended by the newspaper’s recommender system, and the information of which readings

came from click recommendation. The collection also contains news information such as its title,

body text, and subject. By preprocessing, we eliminated the sessions with only one reading, called

single sessions. This removal is because they not contain transitions between readings, the focus

of this article. We also removed bots and crawlers accesses and repeated sequential reads of the

same item in a user session.

The two newspapers have different audiences. While one newspaper focuses on entertainment

news, the other focuses on more serious news. These newspapers have large readerships, by regis-

tered users and occasional visitors. In the first newspaper, called Tabloid Newspaper A, there were

more than 17 million sessions produced by about 9 million users who read about 320,000 different

news. Approximately 95% of the sessions in this collection had eight readings or less (see Figure 2).

In the other newspaper, called Broadsheet Newspaper B, there are almost 6 million sessions from

nearly 4 million users based on a pool of 450 thousand articles. Approximately 95% of the sessions

are composed by a sequence of five or fewer readings.

Figure 2 shows a partial view of the volume of data. We have the number of sessions separated

by the number of news in the session. For better visualization, we fixed the size of the sessions in

the range of 2 to 15 news. In both newspapers, the smallest sessions of a few news are the most

frequent, the number of news read decreases exponentially, and there are sessions with more than

15 news. However, they have a low frequency. In Tabloid Newspaper A, the maximum size was a

session with 90 news, while in the case of Broadsheet Newspaper B, there was a maximum session

size of 83 news.

4.1 Topic Names

Each news article is classified according to its subject or topic into one of ten categories. The

topics labels are abbreviated and are represented by the letter of the newspaper, followed by a
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Table 1. List of Topics by Newspaper

Tabloid Newspaper A

A0 House and
Personal Care

A1 Police/Crime A2 Economy A3 Jobs A4 Sports

A5 Celebrities A6 General News A7 Geo-Politics News A8 Entertainment A9 Other

Broadsheet Newspaper B

B0 Care and
Health

B1 National News B2 Science, Education
and Technology

B3 Culture B4 Economy and
Jobs

B5 Sports B6 Global News B7 Local News B8 Society B9 Other

Table 2. Topics Distribution by Session Size Tabloid Newspaper A

Table 3. Topics Distribution by Session Size Broadsheet Newspaper B

topic number from 0 to 9. They are shown in Table 1. Some topics exist in both newspapers, while

others are specific to only one of them.

4.2 Topic Distributions

The number of distinct topics in a session depends on its length or size. Short sessions with only

two readings can have, at most, two different topics while longer sessions, with ten articles, can

have up to 10 different topics. Tables 2 and 3 show the distributions of the number of distinct topics
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in a session by session size. The percentages add up to 100% in each column. Given the size of a

session, the columns elements estimate the probability of seeing a session with a certain number of

distinct topics. The stronger the color, the higher the percentage. The table cells with the—symbol

have a frequency lower than 1%, not necessarily 0%. In the bottom row of each table, we show the

percentage of all sessions of each size.

In Tabloid Newspaper A, short sessions of size 2 and 3 account for 72% of all sessions, while in

Broadsheet Newspaper B, sessions of two readings already account for 69% of all sessions. There

is a general pattern: readers of Tabloid Newspaper A tend to have longer reading sessions than

those from Broadsheet Newspaper B. Perhaps, the light tone of the entertainment news allows for

quick reading and hence for longer reading time. In Table 2, the stronger color stain representing

the higher percentages remain between 1 and 3 topics as the size session increases. In contrast,

in Table 3, the most intense color spot shifts and spreads as session size increases, reaching 4

or 5 different topics in longer sessions. The color intensity dilution as the session size increases

indicates an increase in the standard deviation as well. This behavior demonstrates that Broadsheet

Newspaper B users with longer sessions tend to read a more diverse set of topics that users of

Tabloid Newspaper A with the same session size.

4.3 Click-Through on Recommendations

The two online newspapers have recommender systems. Each read news triggers an algorithm that

generates a list of unread news that is presented to the users as news recommendations. This list

contains 4 or 5 recommended items. The newspapers record if the read news came from the recom-

mended set. Based on this date, we calculate the percentage of click-through on recommendations.

Disregarding the percentage of non-click, when the user no longer reads any news finishing the

session, the rate of clicks on recommendations is 12.5% in Tabloid Newspaper A, and 35.2% in

Broadsheet Newspaper B. These estimates are slightly overestimated because even if a user ends

a session by not clicking on additional news, the recommended set has already been calculated,

shown to him but was not clicked. However, it is not known if the user did not like the recom-

mendation and therefore ended the session, or if the user simply left without seeing what was

recommended. These events are not observable through the data and hence, not counted. There-

fore, the previous estimates are upper bounds for the true click-through on recommendations. As

these estimated percentages are small, we conclude that users ignore the recommendations most

of the time. These small percentages give us an indication of how hard is the recommendation

task.

When users do not click on recommended items, they may continue to read other items belong-

ing to the recommended set topics. In the case of Tabloid Newspaper A, the click-through rate on

the news belonging to the same topic of the news recommended was 68.8% and, for Broadsheet

Newspaper B, this percentage was 38.8%.

5 DATA ANALYSIS

In this section, we show the baseline model, two metrics used to measure models, the models

results in these metrics, and an analysis with a focus on differences between transitions matrix.

5.1 Baseline Model

As mentioned in Section 4.3, each newspaper has a recommender system providing a shortlist for

each read news, but these systems are black boxes for us. We only have the recommended item list

per user access. When the user accesses the newspaper site, the newspaper system recommends

four/five items, saving them in the log. The log also contains data about the next access by the user
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on one of these items. We define an additional model based on the current recommender system,

Recommendation Based Model (M-REC).

Let R represent the set of news recommended at the i-reading and mi+1 (l |li ) be the number of

news in R which belongs to topic l after reading news from topic li . The baseline model assumes

that, if the recommender system is effective, then we should have the probability that the next

news topic is from topic l is proportional tomi+1 (l |li ). That is, we assume that

P (Ti+1 = l |T1 = l1, . . . ,Ti = li ) ∝mi+1 (l |li ) =̂
#(Ti = li , l ∈ R)

#(Ti = li ,∃R)
. (23)

This baseline model represents the current best recommender system available at the newspapers.

Although we do not have access to it, we know that it is not based on a probabilistic model. We are

interested in discovering if a recommender system based on one of our stochastic models would

fare better than this model. This comparison is based on the metrics described in Section 5.4.

5.2 Notation for the Models

In Section 3, we introduced the models and their typology. Some models have tuning parameters

that, if changed, generate different models. By varying models and settings, we considered 40

stochastic models in each newspaper: 1 baseline model based on the current recommendation lists

presented to the users (M-REC) plus 39 models fitted to the user’s data. Namely,

—Three models on memoryless: one Uniform Model, and two Independence Models (the time-

invariant and the time-varying versions).

—Twelve models on short-Term memory: four Stayer Models, by varying the stay parameter

pi,l concerning instant and topic: time-varying or time-invariant and topic heterogeneous or

topic homogeneous; additionally, eight Markovian Models obtained by changing the model

order k ∈ {1, 2, 3, 4}, and the time-variance nature.

—Ten models on revealed preference: the Visit Record Model plus its variation with parameter

m ∈ {1, 2, 3}; the Topic Duration Model plus its variation with parameter m ∈ {1, 2, 3}; the

Last Visit Duration Model; and the Readings After Departure Model.

—Four models on cumulative advantage: Two Additive Cumulative Advantage Model, and

Two Multiplicative Cumulative Advantage Model. Each model was evaluated with πl esti-

mation by initial probabilities or average probabilities.

—Ten models on geometric sojourn: two Geometric Sojourn Model with Simple Renormaliza-

tion (one theta time-varying and one theta time-invariant), two Geometric Sojourn Model

with Beta-Renormalization (one theta time-varying and one theta time-invariant) and six

Geometric Sojourn Model with Markov Renormalization for Markovian order k ∈ {1, 2, 3}
and respect to θ varying.

Due to lack of space and to provide better visualization, we show in the next figures only the

results for specific models, most of them time-invariant models or models with fewer parameters.

In the results, we comment about the time-varying performance and other versions with more

parameters. To save space in the figures, we denote the models in the following way:

Memoryless: Uniform Model [Equation (4)] as G1-U; time-invariant Independence Model

[Equation (5)] as G1-I;

Short-Term Memory: time-invariant Stayer Models [Equation (6)] topic heterogeneous

as G2-S and topic homogeneous as G2-SH, time-invariant Markovian Models: 1st Order

[Equation (7)] as G2-Mk1, 2nd Order [Equation (9) with k=2] as G2-Mk2, 3rd Order [Equa-

tion (9) with k=3] as G2-Mk3, 4th Order [Equation (9) with k=4] as G2-Mk4;
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Revealed Preference: Visit Record Model [Equation (11)] as G3-VR, Topic Duration Model

[Equation (13)] as G3-TD, Last Visit Duration Model [Equation (14)] as G3-LVD, Readings

After Departure Model [Equation (15)] as G3-RAD;

Cumulative Advantage: Models with πl as initial probabilities in Additive way [Equa-

tion (16)] as G4-ACA and in Multiplicative way [Equation (17)] as G4-MCA;

Geometric Sojourn: time-invariant Geometric Sojourn Models with Simple Renormaliza-

tion [Equations (19) and (20)] as G5-GSS, with beta-Renormalization [Equations (19) and

(21)] as G5-GSB and with first-Order Markov Renormalization [Equations (19) and (22)]

as G5-GSM.

5.3 Fitting the Stochastic Models

For each newspaper collection, we used cross-validation based on five folds. The collection was

randomly partitioned into five parts, each containing 20% of the sessions. At each round of the

experiments, four partitions were used to fit the models (training), and the fifth partition was used

to test the models. Each session was selected once for testing, and four times for training. We limit

the estimation of the models up to the 10th reading as longer sessions are rare.

5.4 Metrics

We used two metrics to compare the models: the Akaike Information Criterion (AIC) [10] and the

Brier Score (BS) [22, 23]. We report their average value across the 5-fold samples in this article.

The AIC is a statistic that combines a measure of goodness of fit between a probabilistic model

and observed data with another measure that penalizes those models with excessive parameters to

avoid over-fitting. The exact way in which these two aspects are combined was obtained through

information theory [3]. The BS is a statistic that evaluates in a theoretically consistent way, the

quality of a forecast system concerning the observed outcomes. This consistency property means

that, under the BS metric, the forecaster receives a maximum reward when he forecasts using the

true probability distribution of the events [37].

Akaike information criterion. Let L(Mk ) be the likelihood function of an arbitrary modelMk eval-

uated at the maximum likelihood estimator and df (Mk ) be the number of independent parameters

estimated in the model. The value of AIC balances out the goodness of fit to the observed data,

represented by L(Mk ), with the model complexity, represented by df (Mk ), and it is given by

AIC (Mk ) = 2 lnL(Mk ) − 2df (Mk ). (24)

For a set M1, . . . ,Mm of candidate models, we prefer that one with the highest AIC value. As

shown by Equation (24), AIC takes two aspects of a model into account. On one hand, we want the

log-likelihood lnL(Mk ) to be significant to fit the data well. However, to avoid over-fitting, AIC

penalizes complex models, with too many parameters, by subtracting out 2df (Mk ). Akaike [3]

used information theory to derive the correct way to combine these two aspects in Equation (24).

Brier score. Given a modelMk and the set of topics labelsL = {1, 2, ..,L}, we have L probabilities,

one for each possible next topic, given the history up to the time i:

PMk (Ti+1 = 1|T1 = l1,...,Ti = li ) = αMk

i+1,1

PMk (Ti+1 = 2|T1 = l1,...,Ti = li ) = αMk

i+1,2

...
...

PMk (Ti+1 = L|T1 = l1,...,Ti = li ) = αMk

i+1,L .
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Fig. 3. The average AIC of the stochastic models for each newspaper collection. The horizontal line indicates
the value obtained with the baseline model. The higher the AIC, the better the model.

If the model is a good one, these induced probabilities should guide us on recommending news

to the user. One can use the schema of the most likely topic, or the most likely k-topics, or the

topics that exceed a probability threshold. Another option too is to randomly sample topics with

the fitted probabilities. Each approach has its advantages and disadvantages. The BS metric is a

popular choice to evaluate their forecasting quality, proposed a long time ago [9, 35] and only

more recently caught the attention of the machine learning community [22, 23].

We use its multi-category version to measure the next topic prediction. Let S be the collection

of test sessions, n the size of a session S ∈ S, Ni the total number of test collection sessions that

contain at least i reads, and L the set of topics. The BS for the model Mk at instant i is given by

BS (i,Mk ) =
1

Ni

∑
S ∈S;n≥i

∑
l ∈L

(
αMk

i,l
− oS

i,l

)2
, (25)

where oS
i,l

is the binary information that the ith news of the session S is or is not from topic

l , the observed data, and αMk

i,l
is the probability that, at the time i , model Mk predicts that the

topic is l . The BS is in the [0, 2] interval. The lower the value calculated, the better the prediction

probabilities.

5.5 Results

In each partition, the models were estimated in the training data and evaluated using AIC (see

Figure 3) and BS (see Figure 4) in the test data. These metrics varied very little across the 5-folds,
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Fig. 4. Brier Score of the models in both online newspaper collection. Values of instants 3 to 10 per models.

with the standard deviation around 0.01% of their average values, and hence, the arithmetic mean

is a reliable estimate.

In Figure 3, the vertical scale of the two plots have different ranges because the collection of

Tabloid Newspaper A has almost three times the quantity of Broadsheet Newspaper B, and this

impacts the sum embedded in the log-likelihood term in Equation (24). The horizontal red lines in

Figure 3 mark the performance of the baseline model (M-REC). In both newspapers, the Markov

models improve concerning the baseline model, irrespectively of their Markov order. Other good

performances are of the revealed-preference models followed by cumulative advantage models.

The geometric sojourn models are slightly better than the M-REC.

The best overall is G2-Mk3 (Third-Order Markov Model) followed by G2-Mk2. G2-Mk4, G3-RAD,

G3-VR, G3-LVD, G3-TD, and G2-Mk1 are close to the best one, but in a different order depending

on the newspaper. After these, G4-ACA, G4-MCA, G5-GSB, G5-GSM, and G5-GSS are the models

fitting the data better than the baseline model (M-REC). All these models take into account the

memory of the session, either whole or in part. The G2-S and G2-SH are models that fitted the data

worse than the baseline model. These results show that reading history is essential, as shown by

the performances of the memoryless models. The G1-I is present on graphics as the worst model,

but the omitted uniform model is worst as shown in the figures captions.

We did not show the results for the other versions of these models. There are situations in which

the time-varying versions are slightly better than the time-invariant models shown in Figure 3. The

better fitting of time-varying versions is not enough to compensate for their complexity increase

for the time-invariant versions. We describe these results with more detail next.
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For the memoryless models, G1-U is the worst as expected, followed by G1-I in both versions.

The omitted time-varying Independence Model is practically as bad as the time-variant version in

both newspapers.

The time-variant version of Stayer Model topic-heterogeneous and Stayer Model topic-

homogeneous are at the same level as their time-invariant versions (G2-S and G2-SH), below the

baseline model, in both newspapers. On the other hand, the remaining models of the short-term

memory class have differences according to the collection. While the best results are from the

second- and third-order Markov models, the results of the first-order Markov models are slightly

worse, being below of the revealed-preference models and the results of the fourth-order Mar-

kovian models vary more. The second- and third-order time-variant models are as good as the

time-invariant versions (G2-Mk2, G2Mk3). The first-order time-variant model also remains at the

is at the same level as the time-invariant version (G2-Mk1). However, the fourth-order Markovian

model in Tabloid Newspaper A collection, in its time-invariant version (G2-Mk4) is among the best,

and the time-variant version is close to the G2-MK1. In the Broadsheet Newspaper B collection,

the time-invariant version is close to the G2-Mk1, while the fourth-order time-variant version is

below the G2-SH model. The large number of parameters that this model has to fit and the smaller

volume of data in the other newspaper can explain this worsening. In short, the Higher Order

Markov Models that have a high number of parameters were the best models identified by the

AIC. However, adopting an order greater than three is no longer a good option since the fourth-

order model was worse than the third-order and second-order models and the difference in the

AIC values between these last models is quite small.

The models of the revealed-preference class are among the best models competing with the

Markovian models. The not shown variations of the G3-VR and G3-TD models with parameterm =
2 andm = 3 are slightly better than non-parametric versions, whereas the versions with parameter

m = 1 were worse than the non-parametric version.

On the cumulative advantage class, the models presented in Figure 3, G4-ACA and G4-MCA

estimate πl by the initial frequencies. These models were better than the base model and were

slightly below the G2-Mk1. The models that use πl as the average probability are even better,

reaching AIC values closer to G2-Mk1, but not overcome it.

The G5-GSM and G5-GSB models are better than the G5-GSS. The time-variant versions of these

models are better than the time-invariant ones but do not improve the comparative results with

other classes. All the models in this class were better than the M-REC, but they were worse than the

cumulative advantage models. The versions of the geometric permanence model that uses second-

and third-order Markovian renormalization were better than the other ones but did not exceed the

cumulative advantage models. These latter models add more parameters but did not add as much

improvement as expected.

In general, we have that practically all models fit the reading dynamics of users better than the

baseline model (M-REC). No model was worse than the three naive models of memoryless class.

We show in this article that higher order models or models of the revealed-preference class are

better than the first-order Markovian model (G2-Mk1).

We focus now on the BS results in Figure 4 obtained with the same five-folds cross-validation

training and testing samples. For each model, we show a set of eight bars, one for each time instant

i for 3 ≤ i ≤ 10. The bar represents the average BS over the five folds for the topic prediction at

the time i . The last set of bars are associated with the baseline model (M-REC). We do not show

results of G1-I, G2-S, and G2-SH on the graphics because their AIC results show that they did not

fit data better than M-REC. We will focus on the results of the better models.

For the BS, the smaller the value, the better the model. The BS does not change substantially with

time. This issue is consistent with the finding that only the most recent history is enough to predict
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the next topic. To have a much longer history, as when i = 10, does not improve, in a significant

way, the prediction performance of the models. The small variation with i allows a more straight-

forward comparison between the models as their performance ranking do not change with i .
The BS results are similar for the two newspapers and consistent with the ranking order pro-

duced by the AIC. Once again, comparing the bar heights with the baseline model in the last set

of bars, the best models are the Markov ones, with the performance improvements with the order.

Although the Markov models in Tabloid Newspaper A show some improvement with the num-

ber of readings, this variation is small, and it does not show up in Broadsheet Newspaper B. The

revealed-preference models appear following the Markov models and get better BS than the mod-

els of cumulative advantage, geometric sojourn, and the baseline model. The G3-RAD is the best in

the revealed-preference class under BS value. While some models in this class increase their values

in time, this specific model has a decrease as time passes. All models in the geometric sojourn class

are in the same line than the baseline.

The time-invariant version of these models produced either the same value or slightly higher

values on BS. Practically all models have a higher BS in the case of the Broadsheet Newspaper B

collection as compared to their results in Tabloid Newspaper A collection. Two reasons may ex-

plain this. First, there is a higher transition to move away from a given topic in Tabloid Newspaper

A than in Broadsheet Newspaper B and its spread over a more significant number of probable al-

ternative topics. The second reason is that the smaller sample size used to fit the data. Despite this,

in any of the collections, the current recommender system can be improved. Overall the Markov

models are the models that predict with less error and fit the data better. Increasing the complexity

beyond order three does not seem worthwhile.

5.6 Looking at the Markov Models

The Markov models G2-Mk3, G2-Mk2 (third- and second-order Markov models, respectively) are

the clear winners. The G2-Mk4, G2-Mk1 (fourth- and first-order Markov model) are better two.

Hence, we look at the transition matrices to gain some insight into how these models predict

topics differently among themselves and from the baseline model.

The best model is the third-order Markov model, which is not simple to summarize as its

transition matrix has L4 = 104 elements. Looking at the first-order Markov model is much simpler

because its transition matrix has only L2 = 102 elements. As the first-order Markov model is an

approximation for the third-order model and, at the same time, is a model almost as good as the

best one, we can analyze its transition matrix to understand intuitively what the best models

are doing differently from the baseline model. Using Broadsheet Newspaper B, Table 4 shows the

values of P (Ti+1 = l |Ti = li ) for the time-invariant first-order Markov model (G2-Mk1) with the

previous topic shown in the rows and with columns representing the next topic. Table 5 presents

these same transition probabilities based on the current recommender system (M-REC). The three

highest probabilities in each row are highlighted, the largest one as red , the second largest with

orange , and the third one with yellow .

The first noticeable aspect of the Markov model is that the probabilities are much more con-

centrated on the main diagonal of the transition matrix than in the baseline model. Hence, as the

Markov models fit the data well, we conclude that the data is indicating that there is a high ten-

dency to stay in the same topic in the successive reading. At least, this tendency is substantially

higher than what the baseline predicts. Consider, for example, that the user read news from one

of the first two topics, B0 (Care and Health) and B1 (National News). The first-order Markov model

predicts that the most probable reading will be from the same topics, either B0 or B1, with respec-

tive probabilities 0.26 and 0.56. In contrast, the baseline model suggests that, from B0, the user is

likely to read next from topic B3, with a small probability of 0.11 of staying in B0. If the user reads
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Table 4. Example of Transition Probability of the First-Order Markov Model (G2-Mk1) Fitted
with a Data Partition of Broadsheet Newspaper B

Table 5. Example of Transition Probabilities Based on the Current Recommendation Model (M-REC)
Fitted with Same Data Partition of Table 4

from B1, the baseline predicts that he stays at B1, the same prediction made by the Markov model.

However, the baseline predicts that this happens with a probability equal to 0.40, much smaller

than the Markov 0.56 probability. According to the Markov model, after reading from B1, the next

most probable topic is B4 with probability 0.10 while the baseline selects B3 with a surprisingly

high chance of 0.26. Hence, recommendations based on the Markov model suggest quite different

topics than the baseline model.

Another distinguishing difference between the first-order Markov model and the baseline model

is the treatment they give to topic B3 (Culture) as a destination topic. In both matrices, the column

B3 has with high probabilities. This aspect means that B3 is an attractive topic: irrespectively of

what topic is being read, there is a high probability to move to topic B3. However, these probabil-

ities in column B3 are substantially higher in the case of the baseline model. That is, the baseline

model tends to forget more easily what the user is reading and to press a recommendation to-

wards news of topic B3 . Carnival and other events took place during this period in Brazil. That is

probably why the M-REC tried to recommend so much the B3-Culture topic, more than the users

expected.
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Fig. 5. Change of the probability of staying in a given topic as the Markov order k increases, using the Broad-
sheet Newspaper B dataset, the same data partition of Table 4. The probabilities are: (1): P (1) (Ti+1 = l |Ti = l )

from G2-Mk1; (2): P (2) (Ti+1 = l |Ti = l ,Ti−1 = l ) from G2-Mk2; (3): P (3) (Ti+1 = l |Ti = l ,Ti−1 = l ,Ti−2 = l )
from G2-Mk3; and (4): P (4) (Ti+1 = l |Ti = l ,Ti−1 = l ,Ti−2 = l ,Ti−3 = l ) from G2-Mk4.

A third substantial difference is that, compared to the Markov model, the baseline model tends

to shift probability mass from the B1 column (National News) to the B7 column (Local News). That

is, the baseline model tends to recommend local news more often while the Markov model prefers

to recommend National News instead.

In Section 3, we illustrated a session of the a user u�, Su� = (5, 5, 8, 3, 3, 3). If this case was

a session from Broadsheet Newspaper B, the sequence of topic labels was sports, sports, soci-

ety, culture, culture, culture. Assuming the information that P (T1 = 5) = 0.043 and the values in

Tables 4 and 5, calculating the joint probability in Equation (1) of the whole session according

to these two related models, we have: PG2−Mk1 (Su� ) = 0.000055 and PM−REC (Su� ) = 0.000038.

PG2−Mk1 (Su� )/PM−REC (Su� ) ≈ 1.45, that is, the session is 1.45 times more likely to happen ac-

cording to the G2-Mk1 model than according to the M-REC model.

As we mentioned before, the best model is the third-order Markov model followed by the second-

order model, the fourth-order model, rather than the first-order Markov model. It would be hard

to sustain our previous analysis if the third or second-order models were strikingly different from

the first order. As the third-order model has an L4 transition matrix while the first-order has an L2

matrix, it is not immediate how to compare them. One way is to focus on the most different aspect

we found when comparing with the baseline model: the Markov concentration of probabilities

along the main diagonal. We can focus on this persistence aspect by looking at how the Markov

models treat the probability of staying in the same topic as the number of preceding readings in

the corresponding topic increases.

More specifically, let us consider the four conditional probabilities of staying in topic l given

that the k previous readings are from the same topic l :

P (1) (Ti+1 = l |Ti = l ) P (2) (Ti+1 = l |Ti = l ,Ti−1 = l )
P (3) (Ti+1 = l |Ti = l ,Ti−1 = l ,Ti−2 = l ) P (4) (Ti+1 = l |Ti = l ,Ti−1 = l ,Ti−2 = l ,Ti−3 = l ).

The superscript (k ) identify the order k of the Markov model used to evaluate the probability.

This is important because, of course, these probabilities may be evaluated with any of the Markov

models, but they will provide different values. For example, we have

P (2) (Ti+1 = l |Ti = l ,Ti−1 = l ) � P (1) (Ti+1 = l |Ti = l ,Ti−1 = l ) = P (1) (Ti+1 = l |Ti = l ).

Hence, it is essential to distinguish under which model the conditional probabilities are evaluated,

and so the need for the superscript (k ) with the order k .

Figure 5 shows how those conditional probabilities change as the Markov order increases, con-

sidering Broadsheet Newspaper B database. The horizontal axis increases with the k order of the

Markov model. Each topic is represented by a line connecting the four conditional probabilities.
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There is a clear increasing trend in these probabilities for all topics. That is, as we allow the model

to capture the effect of staying longer in a given topic, the estimated probabilities show that the

reader tends to remain on the topic. A similar plot, not shown, can be obtained using Tabloid

Newspaper A database.

At least two conclusions can be drawn from the plot in Figure 5. First, the previous analysis

comparing the baseline model with the first-order Markov model is even more valid when we

consider the higher order Markov models. The reason is that the equivalent main diagonal ele-

ments in higher order models are even higher than those shown in Table 4. Second, there is a need

to take into account a more extended past behavior than the simple first-order Markov model. As

we showed, the third-order is enough to obtain a good fit and, at the same, controlling for the

over-fitting risk.

6 DISCUSSION

Our focus is to propose the use of stochastic models in e-news data. In this section, we discuss

some insights to use stochastic models in other questions related to the recommendation, such as

personalization, user context, and the integration of stochastic models in these systems.

The use of the aggregate behavior observed among a large number of users, and not treating

each user as an individual expert, can correct noise errors inherent in the sparsely observed indi-

vidual behavior, and thus generate more accurate relevance judgments [1]. This sentence was the

motivation for our study of stochastic models to describe the general behavior of online newspa-

per users. After establishing a general stochastic framework for the population, we can consider

a personalized version of this general model. One way to create this personalized model using

the very sparse information available from each user is to resort to a Bayesian approach, similar

to the work in [34]. For the sake of simplicity, assume that a first-order Markov model is a good

model for the general population. This model is characterized by the transition matrix T between

topics, i.e., G2-Mk1 = T . In the case of our examples, this means a 10 × 10 matrix in which each

row has numbers between 0 and 1, and adding to 1. What we aim in a personalized model is to

have a variation around this general model specific to each user. A user u will have a specific and

personalized model G2-Mk1u . This person-level model is a weighted average between the global

population-level T matrix and the person-level matrix Tu . That is, G2-Mk1u = wuT + (1 −wu )Tu .

The transition matrix Tu is estimated directly from the likely small number of sessions of user u,

and it reflects his idiosyncrasies and specific reading habits. This Tu matrix is likely unstable and

poorly estimated if the number of sessions from the user u is small. The weight wu is a value

between 0 and 1, and it takes care of weighting properly the individual information in Tu . The

coefficient wu is a reliability coefficient that decreases with the number of previous sessions of

the user u. Hence, users with a large number of sessions have wu ≈ 0 and G2-Mk1u ≈ Tu . Users

with a small number of sessions have wu ≈ 1 and G2-Mk1u ≈ T , the population-average transi-

tion matrix. Principled Bayesian models can be used to derive explicit formulas for wu as in [34].

Of course, other models such as a second-order Markov model need to adapt this approach to their

specificities, but the general approach would be this one described.

Most of our sessions on both newspapers contain a small number of distinct topics (see Tables 2

and 3), and this could induce some bias in our conclusions. However, none of our stochastic models

is favoring or disfavoring concerning the expected number of topics. We do not have grounds to

believe that one model will look more favorable due to the number of topics. Nevertheless, we do

not eliminate the possibility of subtle hidden bias. One way to study this behavior is to analyze each

model performance breaking down by the number of distinct topics present. However, the total

number of different topics composing a session is unknown when the users start their reading. A

topic-dependent context study may be interesting, but not very realistic, as there is no information
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on how many different topics the user will read in a session at the beginning of the session. Only

after a session begins, the stochastic models begin to identify user behavior.

One promising extension of this work is to incorporate the time lag between readings. This

extension is a much more elaborate modeling task as it requires the specification of the reading

time of each article. An empirical analysis of the global patterns may suggest simple models such

as, for example, an invariant distribution by the reading order or a shrunk distribution towards

small time intervals as the reading order increases. Then, one needs to connect this distribution

with the topic dynamics represented by the present models.

When a user accesses the newspaper, a recommender system based on popularity recom-

mends the most accessed news to that user. Another recency-based system recommends the lat-

est news. News recommender systems usually merge both criteria: popularity and recency [8,

11, 15, 41]. A recommender system based on a stochastic model will first look at the user’s

history and the transition matrix between topics for predicting the most likely topics the user

will read next P (Ti+1 = l |T1 = l1, . . . , Ti = li ) → 1, and which are the least likely to be read next

P (Ti+1 = l |T1 = l1, . . . , Ti = li ) → 0. From this prediction, the system will choose the news to rec-

ommend, still considering popularity and recency criteria or other ones. The estimated probabil-

ities generate the knowledge to use before the recommendation. If it is unlikely a user will read

news from a particular topic, even if this news is recent and relatively popular, the system needs

to decide about recommending it or not. If there are slightly recent/popular news items belonging

to the most likely predicted topic, they should be preferred to recent/popular news from less likely

topics. If there is no news in the most likely topics, or their news are unpopular or obsolete, those

recent and popular news from unlikely topics are more interesting to recommend.

7 CONCLUSION

Presently, the online newspapers are struggling to offer value to their readers in the face of other

ways users obtain information about current affairs. Recommender systems are tools devised to

direct the user attention to additional news and, hopefully, retain his activity at the newspaper

site. In this article, we presented a typology of five classes of behavioral stochastic models to char-

acterize the reading of online news. The typology has been instantiated into 40 different models.

We fitted these models using two significant collections of user sessions. We use individual

sessions without identifying and linking the sessions of the same user. The personalization is a

possible extension of our work. We may track users aiming at generating user-specific models.

This case requires a different collection than ours, one that collects form a more extended time. In

our case, about 98% of all users have at most 10 different sessions with the vast majority having at

most 2 sessions. User-specific models would have tiny sample sizes leading to unstable estimates.

Stochastic models assist news recommender systems by providing knowledge to generate

smarter recommendations. Usually, online newspaper users do not log into the system. They only

access the site for quick reading (pattern observed in our analyses, see Figure 2, Table 2, and Ta-

ble 3). Thus, using stochastic models may provide a minimum of customization based on the tran-

sitions between general topics. As the user accesses the newspaper site without login into, the data

available are the items of the current session, date/time of exit from the system and geographi-

cal location (when possible). Stochastic models provide more extra information. Initially, from the

first access, the models generate the probability distribution for the next topic, the more accesses

the user makes, the better that distribution is. This case can be observed in the results of the best

models in the BS test, since the errors decrease when more instants are evaluated.

With our methods, we found a consistent result: Markov models have the best performance

among all model we evaluated, including a baseline model that represents the current recommen-

dation model used in the newspapers. The third-order Markov model was the best, and this shows
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that one should consider the last three readings to predict better, and hence to better recommend,

the next item to be read.

We are investigating which models best represent the general reading behavior of users. When

comparing several stochastic models, we can see which ones fit the data better and which ones err

less. From now, models that work with low past are the best. Despite that, we do not focus on only

one model because we know that models can be context dependent. This is one of the future tasks,

to identify which models are best by varying the context: assiduous/infrequent readers, long/short

sessions, profiles generated by different time intervals (for example, week by week a new estimated

model), fast/long readings sessions, and restrictive/eclectic tastes users (usual number of distinct

topics read). Although it is not a realistic comparison, it will show signs of the dependence of the

models on the data contexts. Another future task is to study the personalization of stochastic mod-

els. Be it generating user-specific models, or using Bayesian techniques to consider how far a user

is from the general model and thus make personalization by weights. The last step will be to add

the best models in recommender systems. We hope to demonstrate the value of stochastic models

in capturing users’ reading habits and how these patterns can be useful features to recommender

systems.
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