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Abstract The business model of traditional media has come
under attack due to digital delivery channels. In this paper, we
analyze how a mobile app affects the lifetimes and lifetime
values of customers of print media. We use subscription data
and develop a model based on survival analysis that captures
the interdependence between these two content delivery chan-
nels. We apply our model to a large dataset of a publisher who
offers a newspaper in a print version and a version as a mobile
app. The results suggest that there exists a complementary
interdependence between these media, as having subscribed
to one of them decreases the hazard of canceling a parallel
subscription to the other one. This holds true for nearly all
customers. Accordingly, we find that the mobile app increases
the lifetimes and lifetime values of print customers and vice
versa. We also analyze the attribution of these effects.
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Introduction

The term Bmediamorphosis^ has been coined for the ever-
changing media economy, which suggests that incumbent me-
dia have to adapt when new media become relevant for

customers (Fidler 1997). This is because the presence of
new media may change the customer-publisher relationship,
affecting its duration as well as its monetary value to the pub-
lisher (Hennig-Thurau et al. 2010).

During the last two decades, the media industry faced two
such disruptions. The first occurred in the mid-1990s and was
triggered by the diffusion of the Internet. Publishers started to
experiment with the new possibility of distributing content on-
line in order to reach a new audience and not to lose their
existing customers to competitors. Possibly unintended, this
led to a dramatic change in media consumption behavior:
Customers soon became accustomed to the opportunity of
accessing content at any time and largely free of cost. This, in
turn, forced publishers to increase their investments in the on-
line channel. However, this channel did not give them much
competitive advantage but quickly became a necessity to avoid
competitive disadvantage. At the same time, the offline channel
suffered from the rise of the Internet, as it was less used. In the
case of news, for example, many customers switched from
reading printed newspapers to Internet information sources.
This problem was exacerbated by the fact that new Internet
applications often specialized on classifieds (such as jobs, used
cars, or dating) and took most of this market from newspapers.
Besides, advertisers recognized that some customers can better
(or only) be reached via the Internet and that ads in this channel
can be better targeted and monitored than ads in the offline
channel. For these reasons, traditional publishers soon experi-
enced losses in advertising revenues as well. A number of print
products disappeared; some publishers transferred their content
to the Internet as an additional or exclusive content delivery
channel, while others acquired the new online competitors.

While the Internet enabled any-time access to content, cus-
tomers were still bound to certain access points, that is, sta-
tionary Internet connections (e.g., their office desk),
complemented by Wi-Fi connections at other fixed points.
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Soon, the demand to overcome this restriction emerged. It was
met by extending the functionality of mobile phones to media
consumption. This led to the second disruption in the media
industry, as publishers saw the need to deliver content in a
form suitable for the new devices. In the beginning, they had
to adjust their websites for this purpose, since these had orig-
inally not been designed for small screens, low resolutions,
and small input keys. When mobile phones became Bsmart^,
however, the possibility to install applications (apps) on them
created an alternative for distributing mobile content indepen-
dently of websites. In addition, tablets emerged on the market
as another type of end device suited for surfing on the Internet
or running apps. The number of end devices suitable for mo-
bile content delivery meanwhile surpassed the number of PCs.
This, again, increased the number of potential customers and
their sense of urgency and need for consumption everywhere
and anytime. The second disruption has forced publishers to
invest further while the monetization of content remains a
problem.

Resulting from these disruptions, customers nowadays can
choose among three channels for consuming content: offline,
online, and mobile. This decision is not exclusive; that is, they
may also use more than one channel. Publishers need to de-
termine whether it is economical to meet this demand and to
serve each channel. Setting up, maintaining, and serving a
channel is expensive, but it may bring additional revenues
due to new customers who would not have consumed content
using another channel. Furthermore, the presence of a new
channel may also affect the behavior of existing customers:
On one hand, it is possible that some of them consume content
using the new channel complementarily to a channel they
have used before. This may increase their value to the pub-
lisher and prevent them from switching to competitors. On the
other hand, some existing customers may substitute a channel
they have used before with the new one, so that the latter may
cannibalize revenues. The total effect of this substitution de-
pends on the different profitabilities of the channels.

In an earlier version of this paper (Winter et al. 2016), we
have investigated the decision of a publisher who already
serves the offline channel to also serve the mobile channel.
More concretely, we have examined whether a mobile app can
Bdefend^ print media in that it prevents existing subscribers
from canceling their subscription, that is, whether it can pro-
long their customer lifetime (CL). In our analysis, we have
assumed all customers to be homogeneous with regard to how
they react to the introduction of the mobile app. Previous
research suggests, however, that media consumption behavior
may be heterogeneous across customers, as will be reviewed
below. In this paper, we, therefore, extend our approach by
exploring whether such differences across customers exist.
We also evaluate how changes in the CL translate to changes
in the customer lifetime value (CLV). In summary, we develop
a model that reveals the value of the individual channels to a

publisher as well as their interdependence and its impact for
different customers based on empirical subscription cancel-
ation data.

We apply our model to the case of a respected newspaper,
as newspapers in their traditional, printed form are typical
representatives of print media. Note that we will use the term
Bnewspaper^ in the following to refer to a product that con-
tains news augmented by background information, opinions,
letters by readers, puzzles, and so on, independently of the
medium through which it is consumed. This is in order to
differentiate it from Bnaked^ news, as delivered by some news
agencies, or, for example, posts by individuals on Twitter.

The remainder of this paper is structured as follows. Next,
we review literature related to our work. Afterwards,
we develop our model. Its application is described in section
BApplication and dataset^. The results are presented and
d i scussed in sec t ion BResu l t s and d i scuss ion^.
Section BConclusions^ concludes this paper with remarks on
generalizability, implications, and limitations.

Related research

Broadly, this paper contributes to three streams of research:
first, to research that investigates the relationship between
different content delivery channels, second, to research that
explores differences in media consumption behavior across
customers, and third, to research of customer lifetime values.
We will review these three streams in the following. A partic-
ular focus is given to the news industry, as it is the field of
application for our model and has been analyzed in many
previous studies.

Relationship between content delivery channels

After the first disruption in the media industry due to the
advent of the Internet, research has started to investigate the
relationship between the online and the offline channel. For
example, Althaus and Tewksbury (2000) have conducted a
survey on news consumption behavior among students.
They have found that the reported time spent for consuming
news online is positively associated with the reported time
spent for reading newspapers, which indicates a complemen-
tary relationship between these media, but not with the report-
ed time spent for watching news on television. In a compara-
ble approach, Chan (2005) has come to similar conclusions. In
contrast, Simon and Kadiyali (2007) have found that the num-
ber of sales of a print magazine decreases when it offers free
content online. This suggests a substitutive relationship be-
tween these channels, which the authors have shown to be
moderated by the degree of overlap between content. Some
of these results may be transferrable to the mobile channel, but
due its special characteristics (such as the portability of mobile
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devices), this should not be assumed without explicit research
(e.g., Shankar and Balasubramanian 2009).

In fact, a new branch of research that analyzes the relation-
ship between the online and the mobile channel has emerged
after the second disruption in the media industry. For example,
Bang et al. (2013) have compared the suitability of these
channels for product selling. Their results suggest that whether
the relationship between the channels is complementary or
substitutive depends on the time criticality and the
information intensity of the product. Chyi and Chadha
(2012) have found in a survey that there is a complementary
relationship between consuming news using a stationary PC
and consuming news using amobile device. They have argued
that the fit of a device with what is desirable for news
consumption is a determinant of its usage for this purpose.
This may also apply tomobile apps. Böhmer et al. (2011) have
identified the context of consumers (such as their location and
the time of the day) to be a further factor influencing mobile
app usage.

Most closely related to this paper are studies that have
investigated the relationship between the offline and the
mobile channel. Elangovan and Gupta (2015) have considered
this relationship from a technology acceptance perspective.
Their results suggest that the dissonance between atti-
tudes toward offline and mobile news consumption is a
predictor of the intention to use a mobile news app.
Westlund and Färdigh (2015) have found that many
people consume news using rather a single channel than
several ones and that there is a shift in this usage from
the offline toward the mobile channel (and/or the online
channel). This indicates a substitution.

To summarize, research is not unanimous about the rela-
tionship between content delivery channels. Many studies in
this area have relied on surveys. Such data are mostly subjec-
tive and, thus, usually less accurate than actual performance
data (e.g., Bertrand and Mullainathan 2001). Furthermore,
while indications for channel interdependence have been
found, few authors have aimed at capturing this interdepen-
dence in a model. Without a model, however, it can hardly be
quantified and the influence of covariates can hardly be con-
trolled for. We address these gaps by a model that is able to
capture and quantify channel interdependence from subscrip-
tion cancelation data.

Customer heterogeneity in media consumption behavior

Age, gender, income, and education have been considered as
the main individual characteristics that may be associated with
the choice of a channel for news consumption. Thorson et al.
(2015) have compared newspapers and mobile apps in a
contingency model to explain how individual characteristics
influence channel choice. Analyzing secondary survey data,
they have found that these characteristics, especially age, can

be a moderator of whether the offline and the mobile channel
complement or substitute each other. Chan (2015) has con-
ducted a survey in Hong Kong to analyze whether age cohort
differences exist with respect to use of mobile news and other
channels. He has found that the cohort 18–34 uses the mobile
channel most, after TV but before print or other digital chan-
nels. For the 35–54 cohort, mobile news comes in fourth, but
these people are almost as often multiplatform users as the
youngest cohort. The oldest cohort, 55–70, mainly consumes
news through TV and print. Westlund and Färdigh (2015)
have also compared three age cohorts (though not with the
same cohort definitions) based on surveys in Sweden from
1986 to 2012. They have determined that the oldest cohort is
still mostly using print (and embracing online over
time), the middle cohort mostly uses online (adding
mobile over time), and the youngest cohort uses online
and mobile with a strong increase in mobile. There are
studies that show that more education (De Waal and
Schoenbach 2010), higher incomes, and male gender
(Edmonds et al. 2013) lead to more use of print media.
However, such results have not been presented (yet) for
the mobile channel or in the context of the possible
switching behavior between the two channels. The latter
aspect, impact on channel relationship, is little analyzed
so far. For example, it can be expected that customers
with high income will adopt a mobile version of a
newspaper more quickly than those with a lower income
because they can easily afford the necessary devices and
Internet connections. However, they may not substitute
the old channel by the new one as quick as lower in-
come customers may because they can also afford both.
Thus, it is interesting to analyze whether the research
results can be confirmed for age and to determine
whether channel relationship is moderated by the other
individual characteristics.

Lifetime value view on customers

The lifetime value view on customers is not new for newspa-
per publishing. For example, Keane and Wang (1995) have
used CLVs to segment customers for improving advertising
and circulation figures of newspapers. They have demonstrat-
ed that the lifetime value model is appropriate to investigate
the impact of customer retention (i.e., prolonging a customer’s
lifetime) on a publisher’s profits. The link between CLs and
CLVs is theoretically well-established (see, e.g., Anderson
and Mittal 2000) and has been confirmed in many empirical
studies (e.g., Gupta et al. 2004).

Against this background, a new content delivery channel
can affect profits in (at least) two ways: On one hand, it may
contribute to customer retention; e.g., Boehm (2008) has
shown that bank customers who use online banking (i.e., the
online channel) have a longer CL than those who use only the
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offline channel. On the other hand, the new channel may be
different from the traditional ones in terms of profitability
(and, thus, CLVs); e.g., Gensler et al. (2012) have found that
bank customers generate more revenue and can be servedwith
less cost if they use online banking. In analogy, it may be
desirable for publishers to migrate their customers to other
channels (see also Ansari et al. 2008).

It has often been stressed that it is important to account for
potential differences between channels when calculating
CLVs. This is, on one hand, in order to understand where
profits come from (Neslin and Shankar 2009) but, on the other
hand, also in order to avoid customer heterogeneity regarding
channel choice being a source of serious bias (Fader and
Hardie 2010). In particular, many studies have suggested that
customers who use several channels have a different value to a
publisher than customers who use only a single channel (e.g.,
Kumar and Venkatesan 2005).

To summarize, previous research has confirmed that cus-
tomers’ channel choice can have a significant impact on the
profits of a publisher. It has also been demonstrated that
this impact can be measured by CLVs and their ante-
cedents, the CLs. We contribute to this stream of re-
search by analyzing the effects a mobile app has on
the CLs and CLVs of customers of print media, and
vice versa. While the perceived (added) value of a mo-
bile app from the customers’ perspective has already
been a topic in previous research, the publishers’ per-
spective has not been sufficiently investigated yet.

Model

We now present a survival analysis-based model with which
the CL and the CLVof a customer i at a certain point in time t0
(normalized to t0 = 0) can be quantified from her subscriptions
to up to two content delivery channels. We index these chan-
nels by j ∈ {1; 2}, where in our context j = 1 means the offline
channel and j = 2 means the mobile channel.

Structural model

The central component of our model is the probability Si , j(t)
that i will retain a subscription that is active in t0 for at least t
time units in the future (that is, up to the point in time t).

Formally, we define define Si; j tð Þ≔P T end
i; j ≥ tjT end

i; j ≥0
h i

for

T end
i; j ≥0, where T

end
i; j is a random variable that represents the

point in time at which the subscription ends. For convenience
of notation, we define Si , j(t) ≔ 0 for the cases that i had a

subscription to j but canceled it before t0 (−∞ < T end
i; j < 0 )

or that she never had a subscription to j (T end
i; j ¼ −∞ ). In a

time-discrete context, which is advised for modeling

subscriptions (Schmittlein et al. 1987), Si , j(t) can for T end
i; j ≥0

be expressed as

Si; j tð Þ ¼ ∏
t

t0¼1

1−hi; j t
0
−1

� �� �
: ð1Þ

Here, hi , j(t) denotes the hazard of i canceling her subscription
to j at (the end of) t, given that she has not done so before;

formally, hi; j tð Þ≔P T end
i; j ¼ tjT end

i; j ≥ t
h i

. This hazard, which often

is also referred to as the churn rate, is a crucial element in the
calculation of the CLV because it is the only element that de-
scribes actual customer behavior. A customer’s decision to cancel
a subscription may depend on various factors, which we will
investigate below. However, one factor needs special consider-
ation: It may be (and is, as argued earlier, likely) that the decision
of i to cancel a subscription to j is influenced bywhether she has a
parallel subscription to the other channel j′ at t. Formally, hi , j(t)
may in this case take a value h2i; j that is different from the value

h1i; j that it takes when the subscription to j is the only active one at
t. It is important to account for this potential dependency in order
to avoid biases. This can be done by calculating hi , j(t) as

hi; j tð Þ ¼ 1−S2
i; j0 tð Þ

� �
⋅h1i; j þ S2

i; j0 tð Þ⋅h2i; j; ð2Þ

where S2i; j tð Þ ¼ ∏
t

t0¼1

1−h2i; j
� �

. The explanation for (2) is that if i

has an active subscription to j′ at t0, it cannot be foreseen whether
she will have canceled it up to t or not. Therefore, h1i; j and h2i; j
need both to be considered and to be weighted by the probabil-
ities of the respective cases. By definition, hi , j(t) is calculated
based on the assumption that T end

i; j ≥ t, i.e., that i has not canceled
her subscription to j up to t. The probability of her also not having
canceled her subscription to j′ is, therefore, not given by Si; j0 tð Þ
but by a similar function S2

i; j0
tð Þ that accounts for the knowledge

that h2i; j0 has been the factual cancelation hazard since t0.

Assuming for the moment that h1i; j and h
2
i; j are given, we can

calculate the expected remaining lifetime SLi; j≔E T end
i; j jT end

i; j ≥0
h i

that a subscription has in t0 (see, e.g., Misra 1992, p. 180 ff.):

SLi; j ¼ ∑
∞

t¼1
Si; j tð Þ: ð3Þ

Its expected remaining lifetime value (SLVi , j) results, in
principal, from weighting SLi , j by the value vi , j it generates
per time unit to the publisher. vi , j can usually be expressed in
terms of profits, i.e., vi , j =mj · pi , j, where pi , j is the price that i
pays at each point in time t (which we assume to happen at the
beginning of t) and mj is the publisher’s profit margin.
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However, these future profits need to be discounted to account
for the publisher’s time preference. Representing this prefer-
ence by a discount rate r, SLVi , j can be calculated as follows
(e.g., Berger and Nasr 1998):

SLVi; j ¼ ∑
∞

t¼1

Si; j tð Þ � vi; j
1þ rð Þt : ð4Þ

So far, we have considered the lifetime and the lifetime
value of a subscription, while we are rather interested in the
lifetime and the lifetime value of a customer. The customer-
level figures can be defined as an aggregation of the
subscription-level ones. For the CL of i (CLi), we use the
aggregation

CLi≔max SLi; j; SLi; j0
� �

: ð5Þ

That is, we define the lifetime of a customer as the maxi-
mum of the expected lifetimes of her subscriptions. Note that
this does not equal the expected maximum lifetime of
her subscriptions, which would be an alternative defini-
tion. Both definitions describe the total duration of the
customer’s relationship to the publisher regarding the
two focal channels.

Finally, the CLVof i (CLVi) can, in principal, be calculated
by summing the lifetime values of all her subscriptions.1

However, customers often get a discount when they
have subscriptions to several channels. This discount
reduces the publisher’s profit and, thus, the CLVs, so
that it has to be subtracted from the sum of the sub-
scription lifetime values. i gets a discount (di) in t only
if her subscriptions to j and j′ (if applicable) are both
still active by then, which happens with the probability

S2i; j tð Þ � S2i; j0 tð Þ. Therefore, after accumulating the expect-

ed discount over time, CLVi is given by

CLVi≔SLVi; j þ SLVi; j0− ∑
∞

t¼1

S2i; j tð Þ � S2i; j0 tð Þ � di
1þ rð Þt : ð6Þ

Similar definitions of the CLV have been used in previous
research (e.g., Donkers et al. 2007).

Note that our concept of subscription and customer life-
times and lifetime values is a purely residual one. That is,
we have defined these values on the basis of the expected
future behavior of existing customers, ignoring their behavior
up to t0, as it is not relevant anymore for decisions at t0 and
later. This is a common view in the literature on the CLV (e.g.,
Kumar and Reinartz 2012, p. 305).

Measurement model

To complete our model, we have to specify the formation of

the hazard values h1i; j and h2i; j. They can be derived from em-

pirical data, as these contain the corresponding latent utilities

U 1
i; j and U2

i; j that a customer experiences when she cancels a

subscription. We model the relationship between hJ
i; j and U J

i; j

for J ∈ {1; 2} by a logit-formed link function (Iliescu et al.
2008 have also used this function to model cancelation haz-
ards); that is,

hJ
i; j ¼

exp U J
i; j

� �

1þ exp U J
i; j

� � : ð7Þ

For the latent utility U1
i; j of canceling a subscription to one

channel in the absence of a parallel subscription to the other
channel, we use the model

U 1
i; j ¼ β0; j þ β1; j � Durationi; j þ β2; j � 1−Individualið Þ

þ β3; j � Incomei þ β4; j � Agei þ β5; j � Genderi
� �

� Individuali: ð8Þ

This is motivated by the following considerations: First,
one aim of this study is to investigate the differences between
the offline and the mobile channel. Therefore, we use separate

intercepts (β0 , 1 and β0 , 2) for U1
i;1 and U1

i;2. An essentially

equivalent approach would be to use a common intercept
and to include a dummy variable that describes which channel
is modeled. We also let the coefficients of the independent
variables differ between channels in order to recognize poten-
tial differences in the influence of these variables.

Next, we expect the total duration of a subscription from
the point in time at which it started (tstarti; j ) up to t0,

Durationi; j ¼ −tstarti; j , to influence the cancelation hazard. The

direction of this influence, however, is unclear. On one hand,
one may assume that long-time customers are less likely to
cancel their subscription(s) because they are more accustomed
to consuming the publisher’s content (e.g., Bolton 1998).
Furthermore, compared to rather new customers, they can be
assumed to have more thoroughly evaluated the content (e.g.,
in terms of quality), so that their expectations are more likely
to be met. On the other hand, customers may lose their interest
in the content over time or find competitive publishers who
suit their needs better (e.g., Zeelenberg and Pieters 2004).

We also account for customer heterogeneity since different
customers may cancel their subscription(s) with different
probabilities. For this purpose, we include various customer
characteristics in (8). First, not only individuals but also orga-
nizations (such as companies, universities, associations, etc.)

1 Note that if i has no active subscription for j′ in t0, Si; j0 tð Þ ¼ 0 for all t. This
implies SLi; j0 ¼ 0 and, thus, SLVi; j0 ¼ 0. Therefore, CLi and CLVi col-
lapse to SLi , j and SLVi , j, respectively.
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can subscribe to a publisher’s content, so that we include a
dummy variable (Individuali) to control for differences be-
tween the former (Individual i = 1) and the lat ter
(Individuali = 0) group. Such differences are reflected in the
coefficients β2 , j, while β3 , j, β4 , j, and β5 , j capture differences
within the group of individuals. Concretely, we control for an
individual’s age at t0 (Agei), gender (Genderi = 0 for men and
Genderi = 1 for women), and income (Incomei). The equation
does not contain education as a variable because correspond-
ing data are missing in the dataset we use (see below).

Now that we have specified possible determinants of the
decision to cancel a subscription to one channel, we aim to
investigate how this decision is influenced by the presence of
a parallel subscription to the other channel. To capture this
influence, we decompose the corresponding latent utility

U 2
i; j into an intrinsic component, which equals U 1

i; j, and an

extrinsic component γi,j:

U 2
i; j ¼ U 1

i; j þ γi; j: ð9Þ

A similar approach has been developed in previous re-
search to model the interdependence between two different

types of search engine results (Yang and Ghose 2010). It can
be interpreted as follows: γi , j measures the influence of chan-
nel j′ on channel j, which may be different from the reverse
effect, for customer i. If γi , j is zero, j

′ has no influence on j:
The latent utility of canceling a subscription to j in the pres-
ence of a parallel subscription to j′ is the same as if the sub-

scription to j were the only active one (U 2
i; j ¼ U 1

i; j). If γi , j
differs significantly from zero, however, an influence of j′ on
j exists, as U2

i; j≠U
1
i; j. A positive value of γi , j indicates a sub-

stitutive influence: A parallel subscription to j′ increases the
hazard that i cancels a subscription to j. Contrarily, a negative
value of γi , j means that a parallel subscription to j′ decreases
the hazard of canceling a subscription to j, indicating a com-
plementary influence.

In the abovementioned previous version of this paper
(Winter et al. 2016), we have assumed γi , j to be constant
across all customers. Here, we account for the possibility that
different (groups of) customers may react differently to the
introduction of a new content delivery channel by modeling
γi , j as follows:

γi; j ¼ δ0; j þ δ1 � TimeAsCustomeri þ δ2 � 1−Individualið Þ þ δ3 � Incomei þ δ4 � Agei þ δ5 � Genderið Þ � Individuali: ð10Þ

This model is motivated by the following considerations:
With regard to the usual customer demographics, differences
in news consumption behavior have already been found by
previous research, as described above. We use the same cus-
tomer characteristics as in (8). Organizations (which do not
exhibit such characteristics) are also treated the same way as it
was done in (8). Finally, we want to investigate potential dif-
ferences among customers based on how long their relation-
ship to the publisher already exists. Therefore, we have in-
cluded the time span between their first (still existing) sub-
scription, regardless for which channel it was, to t0
(TimeAsCustomeri) as another potential determinant of γi , j.
Note that we allow the intercept (δ0 , j) in (10) to differ between
the two channels, by which we account for the fact that the
offline channel may exhibit a different baseline influence on
the mobile channel than vice versa.

Comments on estimation

We estimate our model by maximum likelihood, using the
BFGS algorithm (Broyden 1970; Fletcher 1970; Goldfarb
1970; Shanno 1970). As we will explain below, the data to
which we intend to apply our model describe (the transition
between) only two points in time. In this case, the likelihood
function of our model is essentially the same as for a standard

logit model. When (transitions between) more than two points
in time are analyzed, estimation is more difficult due to the
time-varying cancelation hazard as specified in (2). However,
this situation can be reduced to the one that we consider; see
(Therneau et al. 2017) for details.

For the calculation of SLi , j, SLVi , j, and the accumulated
discount in (6), we sum over a horizon of 1200 points in time
(corresponding to 100 years for our dataset), as we cannot sum
to infinity in practice. As it is to be expected, none of these
values changes notably when a larger horizon is used,
reflecting that hardly any customer retains a subscription for
such a long time after t0.

Application and dataset

We now apply our model to a dataset that we have received
from a publisher of a respected national German daily news-
paper. Due to a confidentiality agreement, we can neither
identify this publisher nor describe it in much detail. The
newspaper appeals to a general audience, as it covers all com-
mon subject areas: politics, finance, culture, sports, and so on.
It is published in three delivery channels: offline, online, and
mobile. In the offline channel, it appears in a print version,
which enjoys a large subscriber base. In the online channel,
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articles are published on a website. However, in order not to
cannibalize subscribers to the print version, these articles are
usually shorter and less elaborated. Furthermore, they are
surrounded by different forms of advertisement. There also
exists an exact copy of the print version for the Internet that
requires a payment. In the mobile channel, the publisher offers
a mobile-enabled website and several mobile apps. One of the
latter allows customers to read the exact copy of the print
version on their mobile devices. It includes a few additional
ads and has some suitable features such as an automatic
search for articles that contain user-specified keywords.
While it can be downloaded for free, it can only be
used with a paid subscription. We choose the print ver-
sion and this mobile app for our analysis of interdepen-
dence between the offline and the mobile channel. This
is, on one hand, because these media are typical repre-
sentatives of the respective channels and, on the other
hand, because they are perfect substitutes in terms of
content, so that there are no differences in content that
could influence the results.

The publisher offers different subscription models for both,
the offline and the mobile channel. For better comparability,
we consider only one of these models and choose one that is
available for both channels. The chosen subscription
model is the one that is selected most frequently by
customers. Pricing is similar but not identical between
channels: The subscription to the mobile channel is
slightly cheaper than the one to the offline channel.
Customers who subscribe to both channels receive a
significant discount. They can cancel each channel in-
dependently of the other but lose the (future) discount
in this case. The publisher ’s profit margin after
subtracting the costs of distribution is much higher for
the mobile channel than for the offline channel, as it is
to be expected.

Our dataset contains data on the subscriptions to the focal
channels and on the customers who hold these subscriptions
(age and gender). It is a Bsnapshot^ of the publisher’s database
at a single day (September 04, 2015), which corresponds to t0.
Importantly, it contains only data on subscriptions that still
have been active at t0. This makes it difficult to reliably ana-
lyze subscription behavior, as the absence of historical sub-
scriptions that have been canceled before t0 could bias the
results. The analysis of subscription cancelation behavior at
and beyond t0 (which we carry out in this paper), however, is
not biased by this truncation (as long as the cancelation hazard
does not change over calendar time).

Obviously, one can hardly judge from a snapshot of all
active subscriptions which will be canceled in the future.
However, some of them already carry an end date. This can
happen for (at least) two reasons. Fist, some customers may
have actively canceled an unlimited subscription, whereupon
the date of last delivery (after a cancelation period) is saved in

the database. Others may not have extended a fixed-term sub-
scription that ends at the indicated time up to t0. Our data do
not allow us to distinguish these cases. Besides, the latter case
carries the chance that such customers will eventually extend
their subscription. Therefore, we choose a relatively short in-
terval of one month between t0 and the next point in time t1
and consider such subscriptions as ended that are planned to
end up to then.

We have conducted some pre-processing of our dataset
before analysis. First, we have augmented it by the
(proprietary) buying power index (BPI) obtained from a mar-
ket research company (GfK 2016) as a surrogate for income,
which was missing in the data. It was assigned to each cus-
tomer based on her address. Second, we have excluded all
customers who live outside of Germany. This was in order
to reduce the influence of potential cultural differences, which
we do not investigate in this paper. We have also excluded all
customers who have more than one subscription to the same
channel. This can happen, for example, when organizations
purchase subscriptions for each of their employees, which is
not representative of Busual^ customer behavior. Third, for
customers who have not provided their age, we have imputed
it based on a linear regression on their gender and their buying
power index. We cannot reveal the exact numbers of cus-
tomers or subscriptions that have remained in our dataset after
pre-processing due to confidentiality, but both numbers are in
the six-figure range, so that no statistical problems are to be
expected even for seldom-observed combinations of the qual-
itative variables. The characteristics of the pre-processed
dataset are summarized in Tables 1 and 2.

Some statistics are particularly noteworthy. First, women
are obviously under-represented in our dataset (compared to
the German population). A possible explanation is that often
only one member of a family holds a subscription, but the
content is shared with the other members of the household.
This usually is the main earner, who in Germany is mostly a
man (Destatis 2016). Second, only comparatively few cus-
tomers have subscribed to both channels; the average number
of subscriptions per customer is 1.02 (which still suffices for
statistical purposes). Third, the mean duration of a subscrip-
tion to the mobile channel is low compared to its equivalent
for the offline channel. This simply results from the fact that
the former has been established just a few years ago, while the
latter has been served for several decades.

Results and discussion

Measurement model

Table 3 shows the results of our estimations with regard to
what determines the decision to cancel a single subscription.
We have mean-centered all quantitative variables, so that the
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intercepts give the mean effect for the reference customer: a
male individual of average age and with average income who
has subscribed to the respective channel an average time ago.
For the other coefficients, a positive (negative) sign indicates
an increase (decrease) in the cancelation hazard, correspond-
ing to a decrease (increase) in the remaining lifetime and life-
time value of a subscription.

The results show that longer-lasting subscriptions are can-
celed less often than shorter-lasting ones and that organiza-
tions cancel their subscriptions less likely than individuals.
These findings hold true for both channels. Regarding con-
sumer heterogeneity, the channels differ. While no significant
differences in cancelation behavior are found between men
and women of different ages for the mobile channel, some
differences exist for the offline channel. More concretely,
older customers are found to cancel their subscription to the
offline channel (their offline subscription) less likely than
younger ones. This is consistent with results from previous
research suggesting that old people stick to their accustomed
news consumption behavior rather than to change it (Chan
2015). Furthermore, women are found to cancel their offline
subscription more likely than men. This may again be ex-
plained by the fact that it usually is a man who holds a sub-
scription in a family, so that women cancel theirs, e.g.,
when they marry. Differences among individuals who
have subscribed to the mobile channel only exist with
regard to the BPI: Individuals from richer regions cancel
their subscription more likely than individuals from
poorer regions. No corresponding effect is found for

the offline channel. A potential interpretation of these
findings will be given below.

Table 4 shows our results on how the two channels influ-
ence each other. The main result here is that the intercept for
the offline channel (δ0,1) is significant, which means that the
mobile channel has an influence on the offline channel. As δ0,1
is negative, this influence is complementary: The hazard of
canceling an offline subscription is significantly reduced for
customers who have a parallel subscription to the mobile
channel (a mobile subscription). For an average customer, this
reduction is from 1.26% to 0.92% (−27.10%). We define an
average customer as one who is a man, a woman, or an orga-
nization with respective probabilities derived from the relative
frequencies given in Table 1, with mean values for all quanti-
tative variables. Interestingly, we also find evidence for a com-
plementary effect of the offline channel on the mobile chan-
nel, as δ0,2 is as well significant and negative: Having a par-
allel offline subscription reduces the hazard to cancel a mobile
subscription from 1.22% to 0.27% (−77.87%).

A possible explanation for this mutual complementarity
stems from the niche theory (Dimmick et al. 2004): Many
customers read printed newspapers when they are at home,
but they may prefer to consume the content via a mobile app
when they are in a situation unsuitable for printed newspapers
(e.g., when they travel in a crowded bus). The two niches
complement each other, as the new niche allows for additional
situational spaces for news access (Westlund and Färdigh
2011). This is supported by the aforementioned findings that
mobile app usage depends on the context (Böhmer et al. 2011)

Table 1 Overview of customers
in our dataset Group

Subscription(s)

Individuals Organizations Total

Men Women

Only offline 59.62% 19.40% 12.63% 91.65%

Only mobile 4.39% 0.99% 0.82% 6.20%

Both 1.29% 0.30% 0.56% 2.14%

Total 65.30% 20.68% 14.01% 100%

Other characteristics Mean Std. dev. Mean Std. dev.
Age (in years) 63.11 17.87 56.68 20.13

Income (BPI) 106.06 16.49 107.15 17.59

Table 2 Overview of
subscriptions in our dataset Channel

Status

Offline Mobile Total

Active up to t1 89.44% 8.04% 97.48%

Ended before t1 2.39% 0.14% 2.52%

Total 91.83% 8.17% 100%

Other characteristics Mean Std. dev. Mean Std. dev.
Duration up to t0 (in months) 70.37 94.20 18.82 7.83
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and may explain why the relationship between these media is
not substitutive. Now, if the customers are satisfied after hav-
ing used one of them (e.g., because their information need has
been fulfilled), this may increase their likelihood to keep the
other one, as satisfaction is a key determinant of customer
retention (Anderson and Mittal 2000). Thus, both media are
complementary to each other.

While the intercepts indicate channel complementarity for
the reference customer (see above), the remaining coefficients
inform about whether this complementarity also exists for other
customers, that is, how customer heterogeneity influences the
channel relationship. They show that the average result gener-
alizes to most customers, regardless of whether they have a
long-lasting or a short-lasting relationship with the publisher,
whether they are individuals or organizations, and whether they
are men or women. Also, we do not find significant differences
between older and younger customers. The latter result is espe-
cially interesting because it seems to contradict the
abovementioned results of previous research, which suggest

that age is a moderator of the type of channel relationship
(Chan et al. 2015, Thorson et al. 2015). A potential explanation
for this is that age is (only) a determinant of canceling each
individual subscription (or a single subscription), which our
results have confirmed at least for the offline channel (see
above). This emphasizes the need to isolate effects of variables
on the individual cancelation hazards on one hand and the
channel relationship on the other hand. Of course, it should also
not be forgotten that the results of previous research were de-
rived from survey data, which means that they reflect reported
rather than actual media consumption behavior.

The only variable that we find to be a significant determinant
of the channel relationship is the customers’BPI: The richer the
region is where a customer lives, the more likely it is that she
will use both channels complementarily to each other. In com-
bination with the abovementioned result that richer customers
cancel their mobile subscription more likely than poorer ones,
this points to the following interpretation: Rich customers do
not need to care much about the cost due to the mobile app.
Therefore, they aremore inclined to try this mobile app out than
poorer customers. If they like it, they will continue to use it,
regardless of whether they also have an offline subscription or
not, which explains the result on channel complementarity. If
they do not like it, however, they will cancel their mobile sub-
scription as easily as they have started it.

Structural model

The average hazard and retention curves (i.e., the plots of hi,j (t)
and Si,j (t)) that can be extrapolated from our results are depicted
in Fig. 1a and b, respectively, for illustrative purposes. For better
comprehensibility, they have been interpolated between points
in time, although they are discrete in reality. From Fig. 1a it can
be seen how the interdependence between both delivery chan-
nels induces a time-dependency in the cancelation hazards of
subscriptions that are accompanied by a parallel subscription to

Table 3 Determinants of the
hazard of canceling a single
subscription

Offline channel Mobile channel

Variable Coef. Std. err. p Coef. Std. err. p

(Intercept) −4.3384 0.0412 <0.0001 ***

<0.0001 ***

−4.2694 0.1290 <0.0001 ***

Duration −0.0190 0.0007 <0.0001 *** −0.1131 0.0103 <0.0001 ***

1-Individual −0.2681 0.0695 0.0001 *** −1.8047 0.4884 0.0002 ***

Individual x Income (BPI) −0.0017 0.0012 0.1570 +0.0123 0.0040 0.0020 **

Individual x Age −0.0194 0.0012 <0.0001 *** −0.0061 0.0057 0.2901

Individual x Gender +0.3160 0.0435 <0.0001 *** +0.1984 0.1748 0.2564

Pseudo-R2 (Nagelkerke 1991): 9.35%. Significance is as follows:

* p < 0.05

** p < 0.01

*** p < 0.001

Table 4 Determinants of the mutual influence of the two channels

Variable Coef. Std. err. p

(Intercept for offline channel) −0.5383 0.2540 0.0341 *

(Intercept for mobile channel) −1.6427 0.4087 0.0001 ***

TimeAsCustomer +0.0033 0.0028 0.2369

1-Individual −0.0441 0.4512 0.9222

Individual x Income (BPI) −0.0308 0.0131 0.0186 *

Individual x Age +0.0046 0.0110 0.6765

Individual x Gender −0.4425 0.4234 0.2960

A negative coefficient indicates an increase in channel complementarity.
Significance is as follows:

*p < 0.05

**p < 0.01

***p < 0.001
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the respective other channel (dual subscriptions). If this interde-
pendence would not exist, the hazards were constant over time
and would coincide with those of single subscriptions. As a
consequence, this would also apply to the corresponding sur-
vival curves. One can see from Fig. 1b that this is not the case,
as dual subscriptions are retained longer than single subscrip-
tions. The figure also illustrates that, after controlling for differ-
ences in their duration up to t0, mobile subscriptions are, on
average, retained longer than offline subscriptions.

Figure 2a shows how the hazard and survival curves trans-
late into subscription and customer lifetimes. Since we cannot
reveal the absolute values of these figures due to confidenti-
ality, we give them in percentages of the CL of a customer

with a dual subscription (a dual customer) and refer to these
percentages as lifetime units. One can see that the subscription
lifetime (SL) of a single offline subscription (marked as A1,
47.78 units), which equals the CL of the corresponding cus-
tomer, is lower than its mobile equivalent (B1, 68.38 units).
The difference (+43.12%) describes by how much the CL of a
dual customer would be higher than the CL of a customer with
a single offline subscription if the channels were independent.
However, since a complementary interdependence exists, the
lifetime of an offline subscription is higher by 27.49% (A2) if
it is accompanied by a parallel mobile subscription. The re-
verse effect is even stronger (46.24%, B2), so that the CL of a
dual customer is determined by the SL of her mobile

VLCLC:dnegeL

Customer type single 
offline 

single 
mobile dual single 

offline 
single 
mobile dual 

Baseline values from SL(s)/SLV(s) of 
existing subscription(s) A1 B1 C1 D1 E1 D1+E1 

+ Increase due to channel complementarity on 
   SL(s)/SLV(s) of existing subscription(s) A2 B2 C2 D2 E2 D2+E2 

+ Increase/decrease due to residual effects or 
discount (F2) A3 0 0 D3-D2 E3-E2 -F2 

= Total size A1+A2+A3 B1+B2 C1+C2 D1+D3 E1+E3 F1 

Fig. 2 Average contribution of
dual-channeling to (a) CL and (b)
CLV by customer type

Fig. 1 Average (a) hazard curves
and (b) survival curves by
subscription type
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subscription. It can be partitioned into two components: one
that describes her hypothetical CL if the channels were inde-
pendent (C1 = B1) and one that measures the increase in CL
that is caused by their complementarity (C2 = B2). An impor-
tant insight now is that if a parallel mobile subscription can be
sold to a customer who has a single offline subscription, her
CL increases in total by 109.30% (A2 + A3), which is much
greater than the reverse effect (B2). On one hand, this is sim-
ply due to the difference in the baseline SLs (B1-A1). On the
other hand, such a customer’s lifetime is prolonged not only
due to the effect that channel complementarity exerts on the
SL of her existing offline subscription but, in part, also due to
the analog effect on the SL of her new mobile subscription
(B2-A2). Note that, conditional on the cancelation hazards,
these results do neither depend on subscription prices nor on
profit margins.

These factors are taken into account when we translate the
SLs and CLs to corresponding lifetime values. For their calcu-
lation, a discount rate has to be specified. We set to 0.48%,
which is the current 10-year-average of the interest rates of
German government bonds, representing a risk-free interest
rate. This is a common choice (e.g., Roemer 2006). Figure 2b
shows the resulting average values. Again, we cannot reveal
them in absolute terms due to confidentiality, so we relate them
to the CLVof a dual customer (before subtracting the discount
she gets) and refer to the corresponding percentages as lifetime
value units. Several insights can be gained from the figure:
first, one can see that the subscription lifetime value (SLV) of
a single mobile subscription (E1, 51.29 units), which equals the
CLV of the customer who holds it, is much higher (by
124.66%) than its offline equivalent (D1, 22.83 units). This
is, on one hand, because of the longer SL of mobile subscrip-
tions (after t0) but, on the other hand, also due to the publisher’s
higher profit margin for the mobile channel.

If the channels were independent of each other, the CLVof
a dual customer were given by the sum of the CLVs of a
customer with a single offline subscription and a customer
with a single mobile subscription minus the decrease due to
the discount (F2, 44.97 units). Notably, the publisher from
whomwe have received our dataset would be better off in this
case not to offer a parallel offline subscription at the current
price to a customer with a single mobile subscription, since
her CLV were greater without the parallel subscription than
with it. This is because the increase in her CLV due to the new
subscription would be lower than the decrease due to the
discount.

Channel complementarity adds value to the subscriptions
of a dual customer; the increase is greater for her mobile
subscription (E2, 21.40 units, 41.71%) than for her offline
subscription (D2, 4.48 units, 19.62%). Correspondingly, her
hypothetical CLV without consideration of the discount
increases by 34.91% (D2 + E2, 25.88 units). Since these
changes result from changes in the SLs and CLs, it is

interesting to calculate an Befficiency factor^ by dividing them
through the latter. This factor is again greater for the mobile
channel (E2/B2 = 67.66%) than for the offline channel (D2/
A2 = 34.11%), which means that a one-unit increase in the
lifetime of a dual customer’s mobile subscription due to chan-
nel complementarity is more valuable to the publisher than the
corresponding increase in the lifetime of the offline subscrip-
tion. Regarding the hypothetical CLV, the efficiency factor is
81.83% ((D2 + E2)/C2), which means that a one-unit increase
in the lifetime of a dual customer due to channel complemen-
tarity increases her hypothetical CLV by roughly 0.82 units.

Finally, the total effect of offering customers another con-
tent delivery channel can be calculated by the differences be-
tween the CLVof a dual customer after the discount has been
subtracted (F1, 55.03 units) and the CLVs of customers with a
single subscription. The results are as follows: If a parallel
mobile subscription can be sold to a customer who has a single
offline subscription, her CLV increases by 141.00% (D3,
32.20 units). In comparison, a parallel offline subscription
sold to a customer who has a single mobile subscription in-
creases her CLV by only 7.29% (E3, 3.74 units). This is, on
one hand, because of the analogous result regarding the CL
and, on the other hand, due to the publisher’s higher profit
margin for the mobile channel. The corresponding efficiency
factors of 61.65% (=D3/(A2 + A3)) and 11.83% (=E3/B2)
also are in favor for the mobile channel. They mean that a
one-unit increase in the CL of a customer who has a single
offline subscription due to a new parallel subscription to the
mobile channel corresponds to an increase in her CLV by
roughly 0.62 units, while the reverse effect is much weaker
(roughly 0.12 units).

Conclusions

Main findings

In this paper, we have investigated whether mobile apps can
defend print media from losing customers and, thus, revenues
by a model-based comparison of respective subscription and
customer lifetimes and lifetime values. The answer is
confirmative, as we have found a complementary effect of
the mobile channel on the offline channel. This means that a
parallel subscription to the mobile channel can prolong the
lifetime of a subscription to the offline channel, which trans-
lates to a higher lifetime value. We have also found evidence
for an even stronger reverse effect. When it comes to customer
lifetimes and their values, however, we have found the in-
crease due to a new parallel subscription to be much greater
for customers who only have a subscription to the offline
channel than for those who only have a subscription to the
mobile channel. This is because the respective baseline values
remaining at the time of analysis are lower for the former
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customers, which results from a slightly greater hazard of
cancelation and, regarding lifetime values, from a lower profit
margin.

We have also analyzed whether the aforementioned results
differ between different customers. While we have found in-
dications for the presence of customer heterogeneity with re-
gard to the hazard of canceling a single subscription, the gen-
eral complementarity between the offline and the mobile
channel has been found to exist for all customers except for
the poorest ones (or rather those living in poor regions).

Generalizability

Before we discuss the implications that these findings have for
research and practice, it is necessary to elaborate on whether
(or to which degree) they are generalizable. This is because
they have been derived from data on only a single publisher
(of a respected German national newspaper), which also rep-
resent only a single point in time of operation. These two
restrictions may limit the generalizability with regard to the
following aspects:

First, one can ask how representative the point in time is
even for the focal publisher. This would not be the case, for
example, if it would coincide with a special advertising cam-
paign by a competitor. However, we are not aware of any such
special circumstances in our case. Also, while it is likely that
seasonal or special effects (e.g., when a cruel terror attack
occurred) influence daily purchases of newspapers by non-
subscribers, it is unlikely that they strongly influence cus-
tomers’ cancelation behavior.

The second question that arises is how much the results
depend on the characteristics of the printed and the mobile
version of the newspaper, or rather the difference between
these characteristics. For the publisher we have considered,
both versions are identical in terms of content. This is an
almost ideal situation for isolating the value added by mobile,
but not all publishers follow this approach, and if the two
versions differ strongly, it is not clear whether our findings
will still hold. However, there is a good reason to assume so:
We have argued above that the two versions are complemen-
tary likely because they are adapted for different niches (e.g.,
at home use vs. use in a crowded bus). If this is true, the
complementarity should not be influenced much by differ-
ences between the two versions (as long as they still both
fulfill the customers’ needs).

Third, the question arises to which degree our results hold
for other publishers who offer a similar product through the
observed channels. In this case, a distinction has to be made
between results regarding channel complementarity and its
impact on CLs on one hand and on CLVs on the other hand.
As far as CLs are concerned, there is no reason to assume that
complementarity would not hold. Results on CLVs depend, by
their nature, on the focal publisher’s prices and profit margins

and on the discount offered to customers when they subscribe
to several channels. Therefore, they will certainly vary inmag-
nitude between publishers. However, since they are deter-
mined by CLs, our results imply that a mobile app should
increase CLVs also for other newspaper publishers as long
as the discount they offer for dual subscriptions is not too large
(the exact maximum amount can be determined from Fig. 2b).

Separate research is necessary for very different products
offered via the observed channels (e.g., a mobile plan sub-
scription that can be purchased and maintained mobile or
offline). The same is true for subscriptions to products offered
via different media (e.g., a sports channel that can be con-
sumed via TV or a mobile app). Still, such research can be
carried out rather easily by applying our model to correspond-
ing data.

Implications and limitations

The main practical implication of this paper is that offering a
mobile app can help publishers to retain their customers for a
longer time. For many of them, this will translate to higher
CLVs and, thus, to higher revenues, such as it is the case for
the publisher we have considered. However, it is important to
note that one cannot infer from this that offering a mobile app
is always advisable. This is, on one hand, due to the costs of
developing and maintaining the mobile app and, on the other
hand, due to some limitations of our approach: Most impor-
tantly, we have only analyzed subscription cancelation behav-
ior (that is, existing customers), while interdependencies be-
tween content delivery channels may also exist regarding sub-
scription behavior (that is, new customers). Furthermore, we
have defined CLVs based on the prices and profit margins of
subscriptions, while publishers can profit from customers also
in other ways (e.g., from advertising or product referrals).
However, the resolution of these two limitations can be ex-
pected to lead to higher figures for the CLVs rather than to
lower ones, which is in favor of offering a mobile app.

Publishers can, moreover, use our model to investigate the
relationship between any two content delivery channels they
serve in their individual context. This is what we recommend.
In fact, the publisher fromwhomwe have received our dataset
relies on calculations that are similar to the ones we have
made, though less rigorous.

In the case that a publisher decides to serve the mobile
channel, our results also inform him on how he should an-
nounce this offer to existing customers. Since we have found
that income (as represented by a BPI) is the only demographic
that affects the cancelation hazard of a mobile subscription or
channel complementarity, there is no need to target, e.g., cer-
tain age groups. Rather, the publisher should focus on keeping
people from richer regions as mobile app customers, since
they are more volatile than people in poor regions are, as
shown above.
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Our work also has implications for research. To the best of
our knowledge, it is the first study to evaluate the relationship
of the offline channel and the mobile channel and its determi-
nants based on real performance data. Therefore, our
results confirm from the publisher’s perspective what
some authors (see the related-research section) have
found in surveys of customers.

Future research can also use our model. It is neither bound
to the offline and the mobile channel nor to certain industries.
Rather, it can be applied to almost any subscription data, so
that it should be applicable in many sectors that involve sub-
scriptions. Our model informs researchers and practitioners
about the (determinants of the) hazard that a subscription to
a certain channel is canceled, the interdependence between
channels, the impact of this interdependence on CLs and
CLVs, and total CLs and CLVs. Therefore, it can be used to
decide which channels should be served.

However, our model currently is able to account only for
two channels, while publishers may serve more channels in
practice. In particular, we have not considered the online chan-
nel in our study. Future research can, therefore, extend the
model to three or even more channels and include the online
channel for a broader analysis of the various potential
relationships.
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