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Abstract

We study consumer inertia in the mobile subscription market, focusing on the decision of
whether to switch to a competing provider. To identify the extent of inertia, we exploit price
changes faced by 270,000 consumers of a large telecom provider. We document that the
propensity to switch provider after the price change increases among consumers whose
costs decrease with the new prices. Furthermore, we find that the increase is largest right
after consumers are informed of the upcoming change—during the two months prior to the
tariff change—as opposed to when the price change is implemented. From these findings,
we infer what we call a poking effect; the information of an upcoming price change causes
consumers to engage in searches for alternative offers, leading to increased switching. We
supplement the analysis with a survey and find indications that the poking effect is due to
consumer inattention. To separate the effect on attention from the reaction to the actual price
change, we estimate a model of consumer choice with limited attention. We find that when
consumers are poked, it increases the share of consumers becoming attentive to competing
offers. This leads many consumers to switch providers earlier than they would otherwise,
explaining why they leave even though their terms with their current company improve.
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1 Introduction

Consumer inertia is of interest to both business managers and policy makers, as it can have
significant effects on market outcomes and dynamics. While previous studies have documented
the existence and effects of choice inertia,! our paper contributes to the literature by providing
evidence on the role of limited attention. Utilizing a text message notification sent from a
telecom provider to approximately 270,000 consumers regarding an upcoming price change,
we present evidence of what we refer to as the “poking effect”: the propensity to switch provider
(also referred to as “churn”) increases following the notification, not only among consumers
whose costs increase from the price change, but also among consumers whose costs decrease.
The estimated effect implies a non-negligible increase in the churn rate in the range of 50 to 80
percent for consumers whose costs decrease. We suggest that the main mechanism behind the
poking effect is a change in consumer attention from the price change which triggers search.
This is supported by survey evidence from 451 consumers.

Even though we can observe the consequence of increased attention, the economic signifi-
cance of attention will depend on the preferences of consumers and configuration of options
in the market. Therefore, we estimate a choice model that allows us to quantify both the share
of consumers who are attentive (interpreted as active choice behavior) and the effect of the
poke on attention.? The model describes consumers’ decisions to churn as a two-step process.
First, consumers become attentive or not. Second, conditional on being attentive, the consumers
choose their price plan (and provider). An important feature of the choice model is that it allows
us to separate the effect of the poke on consumers’ attention from that of removing their current
plans.® We estimate that the probability of being attentive in a given month is roughly five per-
cent in the period prior to notification, a figure that is very close to self-reported frequency of
price search from our survey. Furthermore, our estimates imply that the information regarding
the price change more than doubled the share of consumers being attentive.

Taken together our results indicate that many consumers are passive buyers in the sense that
their choice of provider is “closed”—they do not reoptimize unless some salient event triggers
them, for instance a price change. This type of behavioral pattern is consistent with inattention
interacting with search costs, where, for instance, salient events like aggressive advertising
campaigns signal that market prices have changed significantly, and that it is worthwhile to
engage in searches for alternative offers. Hence, the price change catches the limited attention
of consumers and provides a rationale for considering alternative providers.*

1See for example Madrian and Shea (2001); Handel (2013); Marzilli Ericson (2014); Miravete and Palacios-Huerta
(2014a); Grubb (2015b); Ho et al. (2017)

20ur model is similar to that estimated by Hortagsu, Madanizadeh, and Puller (2017), though our data are more
informative about changes in attention due to variation coming from the removal of the currently chosen plan for
one group of consumers, together with the information (SMS notification) these consumers received prior to the
removal.

3Forcing consumers to migrate from their current price plan to a plan chosen by the operator may increase
consumers’ propensity to churn because of both the removal of their chosen plan (even if attention is unaffected)
and the increase in attention to their choice of price plan when they are informed about the change.

“Note that search costs without inattention is not sufficient for explaining this behavioral pattern since the
poking effect is only occurring among the consumers affected by the price change. If search costs alone was the



We provide two further pieces of evidence consistent with inattention (or, rather, an increase
in attention) being the main mechanism behind the observed increase in switching. First, the
survey evidence shows that consumers of the relevant operator rarely check competing offers,
i.e., they are inattentive. At the same time, a substantial share of respondents say they would
check competing offers if their provider lowered the price on their plan. Hence, it is credible that
a price change triggers search. Secondly, to shed light on the potential role of choice mistakes,
we use information on price plans offered by competing providers, and show that among
the better off consumers who churn, 80 percent could do even better with their newly chosen
provider. Hence, these consumers generally seem able to make cost-minimizing choices in this
market.

Our dataset has two features that make it particularly suited for studying consumer inertia.
First, the change in monthly payments from being migrated to a new price plan varies substan-
tially among consumers, where some gain and some lose, depending on their previous price
plan and usage profile. The consumers who gain are particularly interesting for our analysis in
terms of identifying the poking effect. Second, consumers are informed about the change two
months prior to the (forced) migration, while none of the competitors change their prices or
offered plans during the period. This feature allows us to study the isolated effect of the infor-
mation on switching, as opposed to experience with new prices. Given the rapid and strong
consumer response following the notification, i.e., before the price change is implemented, we
can conclude that the poking effect is triggered by the information on the upcoming change,
and results in consumers revising their choice of provider.

Our paper is related to several recent studies focusing on the different aspects of choice
inertia.> Consistent with our findings, Ascarza, Iyengar, and Schleicher (2016) show an increase
in the churn rate among consumers exposed to a service provider’s retention program, and
propose reduced inertia as an important explanation for why the retention program failed.
The literature has also been concerned with understanding the causes of inertia, since such
knowledge has important implications for both the need for, and design of, policies aimed at
increasing consumer switching. In this regard, an important question is the extent to which
inertia is driven by frictions in consumer choice (such as search costs, switching costs, or inatten-
tion), or whether low rates of switching from current choices primarily result from (potentially
unobserved) preference heterogeneity.® If preference heterogeneity is the most important driver
of consumer choice, apparent inertia (in the form of low switching rates) can result from con-
sumers being well matched with their current choice. Our finding of increased churn among
consumers who would be better off under the new contract terms is hard to reconcile with
preference heterogeneity alone driving differences in choices. This points to an important role
of choice frictions in this market, where we argue that the nature of the changes we document

mechanism, we should expect some effect among subscribers unaffected by the price change, but with a similar
usage profile as the affected customers. This we do not find in our data.

5See Madrian and Shea (2001), Handel (2013), Miravete and Palacios-Huerta (2014a),Marzilli Ericson (2014),
Grubb (2015b), and Ho, Hogan, and Morton (2017). Also related are the literatures on the status quo bias (Samuelson
and Zeckhauser, 1988), the effect of reminders (Karlan et al., 2016; Hanna et al., 2014) and salience (see, for instance,
Bordalo et al., 2013).

6See, e.g., Hortagsu, Madanizadeh, and Puller (2017) and Dube, Hitsch, and Rossi (2010).



in consumer choices is most readily explained by (in)attention being the driving force.

Our paper proceeds as follows: Section 2 describes the data and the market environment.
Section 3 entails the reduced form difference-in-difference estimation of the poking effect and
survey results. In Section 4, we present and estimate the structural model of consumer attention
and choice. Conclusions are drawn in Section 5.

2 Data

Our study is based on data from a European mobile operator covering about 1.1 million con-
sumers, which is the universe of the operator’s postpaid consumers. We have up to 23 months
of billing data for each consumer, from September 2013 to July 2015.7 In addition to monthly
observations on mobile usage, including calling, SMS, and mobile data, the dataset contains
consumer characteristics such as gender, age, mobile spending, price plan, sign-up date for
current price plan, and churn.

In an effort to simplify its subscription portfolio, the mobile operator removed 13 calling
plans in May 2014, affecting about 270,000 consumers.® These consumers were moved to one
of two predefined plans depending on the specific plan of the consumer prior to removal.” An
important feature of our study is that the consumers were notified about the upcoming change
via SMS in March, i.e., 2 months prior to when it was effectuated.

Our data cover 6 months prior to the SMS notification, the month of notification, and 16
months after notification (14 months after reassignment). A central outcome of our analysis is
how the price change affected consumers” propensity to churn. When consumers churn, we
no longer have data on their mobile usage or spending. Hence, in each month, we only have
information on consumers of the mobile operator who have chosen not to churn.

The reassignment to new price plans implied a major change in the tariff structure for the
affected consumers. The assigned calling plans featured three-part tariffs—i.e., a monthly fee,
an included allowance, and a marginal price above the allowance—while most of the previous
plans were either two-part or simple linear tariffs. Consumers on 7 of the 13 removed price
plans were assigned to a price plan that included 100 minutes of calling, whereas consumers
of the remaining 6 price plans were assigned to a separate, new plan that included 100 SMS
messages.'? For the most part, these price plans were not sold simultaneously. Hence, we see
some plans strictly dominating others. With one exception, none of the removed plans had

"We only include consumers who carry the cost of their own mobile usage; hence, very young (age below
21 years) and business customers are excluded. After these restrictions, we are left with approximately 1 million
consumers in our final dataset.

81n the first month of our sample, we have about 320,000 consumers on plans that would be removed, though
this number decreased to 270,000 in the month prior to notification, due to both churn and consumers switching to
other calling plans offered by the same provider.

90ne of these plans had already existed on the market for 3 years, whereas the other was introduced at the same
time as the plan removal. Neither of the price plans were actively marketed prior to March 2014.

19Table A.1 and Table A.2 in the Appendix give an overview of the important prices for the removed plans along
with the new, assigned plans.



new consumers during our sample period.!! The new price plans differed from the old ones
both in terms of fixed fees, marginal prices, included volumes, and name. If the consumers did
not make an active choice, such as changing to another provider or another plan within the
company, the new plan would be effective from May.

For consumers who churn, we know the identity of their new provider, though we do not
know which price plan they chose from the new provider’s portfolio. However, using data
on the price portfolio of the competitors for the relevant time window (cf. Table A.3), we
can check if a churning consumer could leave for products that are less expensive, and how
much less expensive that product would be (see Figure 4 and the accompanying discussion).!?
Information on competing providers’ prices is also used when we estimate the choice model in
Section 4.

2.1 Survey data

We conducted a survey with 451 postpaid customers of the telecom company. The survey was
administered by Kantar TNS, a market research agency with presence in over 80 countries.'® In
addition to the survey questions (see section 3.3 for a detailed presentation), we collected demo-
graphics, such as gender, education, age and income. Descriptive statistics of the respondents
along the demographics can be found in Table A.5.

2.2 Identification strategy

The main purpose of our analysis is to investigate the existence and severity of the poking
effect—the churn caused by the information about the price change, as opposed to churn
among consumers experiencing an increase in expenditure due to the price change. In our
data, 270,000 consumers were notified by SMS about the upcoming price change, whom we
denote as poked, whereas the remaining consumers were not poked (received neither an SMS
nor a price change).!* The price change had a heterogeneous effect on the costs for the poked
consumers, depending on their prior plan and usage patterns. To identify the poking effect,
we divide consumers in groups based on how the new prices would influence expected costs,
where the groups are defined by (non-overlapping) ranges of changes in costs. We estimate the
effect of notifying the consumers on churn using a difference-in-differences (DiD) estimator
for each group of consumers, with poked consumers as the treatment group and non-poked
consumers as the control group. The goal of this exercise is to isolate the reaction to the no-
tification for consumers whose costs would be unchanged (or even decrease) following the

One of the price plans sees an influx of 6,200 new consumers from the beginning of our sample to notification,
which is small compared with both the total sample and the 100,000 consumers who were initially on the same plan.
This group is included in the sample for the results presented below, though our results are unchanged if these
consumers are excluded from the sample.

12Note that for technical data warehouse reasons, this information is only available for approximately one-half
of the relevant subgroup of consumers.

13Gee http:/ /www.tnsglobal.com /who-we-are for details.

14Being poked in our setting is thus equivalent to being treated in difference-in-differences parlance.



price change. The estimated increase in churn after the notification—but before the changes
are implemented—among consumers for whom the change is cost neutral (or cost reducing),
is interpreted as evidence of the poking effect. Note that the plans offered by competitors did
not change during this period, such that an increased churn among consumers who would be

better off is most readily explained by the poke in itself having an effect on consumer behavior.

2.3 Impact of the price change on consumers’ expenditures

Since our identification strategy is based on grouping poked consumers by the extent to which
the price changes affect their costs, we face an obvious measurement problem for consumers
who churn or switch plans prior to the actual price change, as we do not observe their realized
costs on the plan assigned by the operator. Following Hortagsu et al. (2017) and Ketcham
et al. (2015), we address this problem by calculating the cost given pre-consumption and new
prices to obtain hypothetical costs. This gives us an estimate of what the consumer would
have paid in the period prior to the poke if subject to the new price structure (i.e., keeping the
level and composition of consumption fixed). Next, we construct the variable Save, which is the
difference between the (monthly average) actual and hypothetical costs during the 6 months
prior to notification.!> Consider the following illustration as an example: if a consumer, on
average, paid 20 EUR per month in the pre-period, and that same consumption would cost 10
EUR per month with the new price plan, Save equals 10. We consider a consumer as better off if
the new price schedule would have lowered costs (Save > 0) and worse off if the price change
would have increased costs (Save < 0).

Note that Save is based on each consumer’s average consumption during the 6 months
prior to the poke (SMS notification), such that its validity depends on pre-consumption being
a reasonable approximation to the consumer’s counterfactual consumption under the price
structure of the assigned plan.!® Since marginal prices were generally different between the
removed and assigned plans, cf. Table A.1 and Table A.2, we would expect that this measure
of the extent to which a consumer is better or worse off to be a conservative one, since the
consumer should be able to do weakly better (in utility terms) from reoptimizing their usage
under the new marginal prices. It is also worth noting that the consumption patterns of the
consumers reassigned to new price plans are stable both before and after the price change,
indicating that these consumers do not adjust their consumption in response to changes in
marginal prices (cf. Figure 1).

15Save; = average[cost(X; | plan')] — average[cost(X; | plan™)], where plan' is chosen plan and X; is average
consumption, both of consumer i and prior to the notification. plan™® is consumer i’s plan after the potential
reassignment.

16Using past consumption to compare different price plans is analog to “potential savings from switching” in
Hortagsu et al. (2017), “above minimum spending” in Ketcham et al. (2015), and the definition of “maximum
potential savings” in Miravete (2003), though the latter use consumption under a flat rate price scheme as measure
for maximum consumption.



Figure 1: Average consumption among poked consumers
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Note: The figures shows the average monthly usage of Megabytes (left panel), calling minutes (mid panel) and SMS (right panel) for consumers
who are poked (notified about the price change) and reassigned to new plans. The vertical dashed line indicates the moving date, i.e., the date

the consumers face new prices.

2.4 Descriptive statistics

Table 1 provides summary statistics on the consumers who were (potentially) affected by the
price change (Poked) and those who were not (Other). The Poked group include consumers who
hold one of the reassigned plans at time of poking, and consumers who left the company while
holding one of the reassigned plans prior to the time of poking. Residency balances well across
poked and other consumers.” While, on average, the two consumer groups are different from
each other in terms of demographics and mobile usage. This is to be expected, since consumers
who have their subscription reassigned have stayed with their price plan for a longer period
prior to the reassignment. Note that tenure in this table is measured as the number of months
a consumer has held their current plan. This explains the notable reduction in tenure for the
poked group in the post-period, due to being assigned new plans.

Figure 2 shows the monthly churn rates for poked consumers and consumers on plans that
were not reassigned.'® Before the SMS notification, the churn rate among the poked group is
relatively stable and lower than that for other consumers. Notice that although the levels differ,
both groups seem to face very similar monthly variations, indicating that they are influenced in
the same way by the competitive environment. At the month of the SMS notification, however,
churn rate of consumers on notified plans more than triples compared with the month before,
staying high for the 3 months from notification until reassignment. There is a noticeable increase
in churn rate for the poked consumers in the month prior to notification due to the timing of
churn registration in our data.!® In our following estimates, this tends to overstate churn rate

17Place of residency is categorized using the operator’s categories.
8More precisely, consumers on the reassigned plans. Consumers that churn before the poking are not poked.

19U1r1for’cu1r1a’cely, we only have the exact date the consumers left the company for about half of the consumers
actually leaving. If we plot churn rate based on only consumers with registered churn dates, no increase in churn
rate is observed among the poked consumers before the poking date (cf. Figure A.1). Because of the lack of exact
churn dates for the rest of the consumers, a churn is registered as the last month a consumer uses the subscription to
call, send an SMS, or connect to the Internet. If a consumer leaves in March before using the phone at all that month,
the churn is registered in February. Poked consumers have, on average, lower traffic volumes than non-poked
consumers (cf. Table 1). Hence, they are more likely to not have used their phone at all before the poke, in the month
they were poked.



Table 1: Summary statistics

Poked Other
Pre Post Pre Post
Residency in: 4 largest cities 0.16 0.16 0.18 0.18
(0.37) (0.36) (0.39) (0.38)
City other 0.08 0.08 0.09 0.09
(0.27) (0.27) (0.29) (0.28)
Urban other 0.04 0.03 0.01 0.01
(0.19) (0.16) (0.11) (0.09)
Village 0.47 0.49 0.45 0.46
(0.50) (0.50) (0.50) (0.50)
Other 0.25 0.25 0.26 0.26
(0.43) (0.43) (0.44) (0.44)
Age 61.78 62.78 47.92 48.51
(14.52) (14.07) (14.25) (14.19)
Female, share 0.41 042 0.50 0.51
(0.49) (0.49) (0.50) (0.50)
Churn, percent 1.08 1.61 1.22 1.04
(10.32) (12.60) (10.96) (10.15)
Plan change, percent 0.39 8.59 4.46 4.61
(6.23) (28.03) (20.64) (20.97)
Tenure, months 49.28 13.02 12.30 13.97
(33.62) (24.03) (12.92) (12.37)
Save -6.44 -6.00 -10.07 -10.13
(9.64) (9.73) (19.36) (19.23)
Fixed fees 1.41 13.19 22.66 25.12
(2.70) (6.75) (9.61) (8.63)
Variable fees 8.99 8.16 18.48 15.80
(11.86) (12.54) (18.94) (19.16)
Voice minutes 83.13 99.37 219.03 230.80
(117.02) (141.14) (258.97) (287.45)
SMS 28.63 30.81 112.17 115.29
(57.88) (65.05) (146.68) (166.68)
Megabytes 14.83 56.15 443.08 821.32

(187.57) (387.27) (979.31) (1615.39)

No. of customers 284,627 266,830 665,207 618,669

Note: The poked group are customers who hold one of the reassigned plans at time of poking, or customers who left the company while holding
one of the reassigned plans prior to the time of poking. The other are customers on plans which are not reassigned. Pre indicates the six month
prior to the poking, while post is the 17 month from the poking month. Standard deviations in parentheses.



in the poked group in the period before notification, thereby giving a downward bias in the
estimated increase in churns.

We perform a robustness check to assess the potential for our results being affected by
large differences between poked and non-poked consumers, particularly in their tenure.?’ We
utilize an event in April 2011, where the operator simultaneously ceased sales of 2 migrated
plans and introduced 4 non-migrated plans (see Figure A.3). Development in churn is virtually
unchanged if we restrict our poked group to consumers who signed up for the 2 migrated
plans in the 6-month period prior to April 2011, and our control group to consumers who
signed up for one of the 4 non-migrated plans in the following 6-month period (see Figure
A.4).2! A noticeable difference is the lower overall churn among non-poked customers, making
the churn rate of the two groups essentially identical in the pre-period, suggesting that selection
involved in longer tenure is the reason for different levels of churn between the groups in the

pre-period when using the full sample.

Figure 2: Churn rates (percent)
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Note: The figure shows the monthly churn rate in percent separately for poked consumers (black line) and non-poked consumers (gray line).

The time from poking consumers to their actually being reassigned to a new price plan is indicated by the gray area.

2.5 Market and competitive environment

The telecom markets in Europe are generally characterized by having two to four vertically
integrated network operators and numerous service providers. The markets are national, but

20Gee Israel (2005) for a study of the importance and effect of tenure on consumer behavior in the setting of auto
insurance.

21This reduces our sample from 937,223 individuals (272,222 in the poked group) to 67,025 (17,436 in the poked
group), measured in the month prior to notification (February 2014).



subject to increasing regulatory pressure from the European Commission in the direction of
reducing market boundaries. Market penetration is generally very high, often measured as
exceeding 100 percent (meaning that there are more mobile phones than people). Firms offer
both prepaid and postpaid subscription, but the majority of European mobile users are postpaid
users, which implies that they subscribe to their telecom provider’s service and pay bills on a
regular basis.??> With regard to product quality, service providers are differentiated along several
dimensions, where geographic coverage and mobile Internet speeds are the most important.
Other dimensions of differentiation include, for instance, customer support quality, mobile
phone offers, and bundled digital services (cloud storage, virus protection, music-streaming

services, etc.).

Since our identification strategy is based on utilizing a sudden price change, it is important
to understand the competitive dynamic, that is, how and whether competitors might respond.
In this section, we explain how firms compete for consumers and argue that competitor re-

sponse is not likely to be of concern.

An important feature of the market dynamics of telecommunications is the existence of both
list prices and specialized offers given to consumers. Prices and advertising that are public are
often referred to as above-the-line offers, whereas offers given in private to consumers as part
of special campaigns are referred to as below-the-line offers. The extent of below-the-line offers
in a market typically depends on the intensity of competition and national regulation. Below-
the-line offers can be given to both existing consumers and consumers of other suppliers. A
supplier has much more information about its current consumers than those of its competitors.
This difference in level of information makes the nature of below-the-line offers very different
between these two groups: offers to existing consumers can be tailored and specialized, but
this is not possible for consumers supplied by competing providers. The market from which
we have data has a relatively low extent of below-the-line offers given to consumers from

competing suppliers.

This dynamic in above- and below-the-line pricing is important for how competitors might
respond to the price change studied here. Competitor response is a concern since it could drive
consumer churn and thereby weaken identification. We believe that competitor response is
not likely to be of concern. First, with regard to above-the-line prices, the relevant competitors
do not change their prices during the relevant period of our study. Second, with regard to
below-the-line prices, the consumers affected by the price change constitute a select group
of consumers who are not identifiable by competing providers wanting to approach them
with offers. We have also discussed this price change with the responsible managers to ask
whether they were aware of any below-the-line campaigns from competitors in response to the
price change. Managers typically have very detailed knowledge about what competitors are
doing through real-time consumer feedback. The responsible managers were not aware of any

campaigns started as a direct response to the price change.

22Prepaid services usually do not have regular payments, and usage is limited by the extent to which the con-
sumer has paid in advance for megabytes, SMS, and voice calls.

10



3 Estimating the poking effect

It is conceivable that many consumer decisions are based on habits, due to, for example, time
and attention constraints. Past purchase behavior may therefore be repeated without much
consideration. Such a pattern of repeating past behavior can extend until something special
happens or catches the consumer’s attention—what we refer to as a poke—which forces them
to make an active choice, potentially reconsidering their previous decision. Put differently, their
choice of service provider is closed unless given a reason to reconsider, i.e., reopen the decision,
and make an overall assessment of the offers available on the market. There are several kinds
of events that could poke a consumer to reopen their choice of provider, such as advertising
campaigns, an unexpectedly high bill, changes in prices, or some other event making their
subscription to the service more salient. In this paper, we focus on estimating the poking effect
from sending a notification of the price change by SMS.

3.1 Difference-in-difference estimation

From Figure 2, we see that there is a strong increase in churning following notification of the
contract change. This should not come as a surprise since a large proportion of the consumers
would experience an increase in monthly costs with the new prices. To elicit the poking effect
caused by the notification, we are particularly interested in the response of consumers whose
expected cost would decrease or remain unchanged. To this end, we estimate a difference-in-
difference model where we split consumers into discrete groups of predicted savings (Save),
and estimate how the notification affects the churn rate within groups of consumers who will
be relatively better or worse off after the change in terms of cost.

We define four time periods: before, during, and two after periods. Before contains the 6
months prior to the notification about the price change for the treated consumers. During
covers the months March to May 2014, where March is the month of notification, and May is
the month where consumers are reassigned. The after periods split the remaining time into
two 8-month windows. Our goal is to investigate the extent to which the change in expected
expenditures can explain the increase in churn following the price change, with particular
focus on the during period. For ease of exposition, we ignore the after periods in the following
presentation; however, they are included in the estimation.

We then split consumers into 12 categories depending on their change in expenditures (i.e.,
the value of Save).?? For consumers who were not poked, Save measures the savings they would
have obtained if had they been reassigned or chosen the new price plan themselves. For each
category of Save, we estimate the following model:

churn = ')’dpoked + )\dduring + 5dduringdpoked + x/,B +e€, 1)

where d g is an indicator for the during period, i.e., the months following the SMS notifica-

2In practice, our model could be considered and formulated as a triple difference specification, with a difference
in DiD changes between groups of consumers with different levels of predicted savings.

11



tion; d yokeq is an indicator equal to one if the consumer received a SMS notification; and x is a

vector of controls, containing age, gender, and area of residence.*

We are particularly interested in J, as it measures the change in churn for the poked group
in the months following the SMS notification compared with before the price change. For our
estimates to be valid, we need the assumption of common trends to hold within each savings
group. In our sample, pre-treatment trends are very similar for each group (see Figure A.2 in
the Appendix), thus making us conclude that the control group provides us with a reasonable
approximation to what the churn rate in the poked group would have been in the absence of
the notification.

3.2 Empirical results and discussion

Figure 3 shows the estimated increase in churn,  from Equation 1, i.e., the increase in churn
in the during period compared with the before period for the poked consumers per category of
predicted Save. Not surprisingly, we see that the increase in churn is larger with lower Save.
However, the increase in churn is also substantial for consumers predicted to be unaffected
or better off under the new price plan. Among the consumers predicted to save from the new
price plans, churn increases by 0.5 to 1 percentage points, which amounts to an increase of 50
to 80 percent relative to the before churn rate.?

Furthermore, we do not find evidence of heterogeneity in the poking effect within areas
stated as important drivers of behavior in the previous literature; salience of specific prices (cf.
Grubb, 2015a; Bordalo et al., 2012; Gabaix and Laibson, 2006),? or salience of the size of a bill
(cf. Grubb, 2015b).%” On the other hand, we do find substantial heterogeneity in the poking
effect if we classify the consumers by age, cf. Figure A.5. Overall, younger consumers are more
prone to churn and respond to the price change.

We denote the increase in churn as a poking effect, though we stress that this is merely a
description of behavior. For managers, knowing about this effect is valuable, as it helps them

24More precisely, the formulation of our model is

churniy = ydpotea + Y (Aids + Gididorea ) + X + it
teT

where T = {during, aftery,aftery}. In principle, we could estimate time and treatment effects month by month.
This does not change our conclusions in any meaningful way (results are available from the authors upon request).
For ease of exposition, we divide time into broad groups, and report results on the during period exclusively.

25We cluster standard errors by the price plan the consumer holds prior to the poke and the month in which the
consumer entered this price plan. Thus, consumers entering the same price plan in the same month are in the same
cluster, i.e., consumers who entered a price plan under similar market conditions. If we were to cluster observations
by consumer instead, all standard errors would be smaller.

26The change in the monthly fixed fee can be expected to be more salient than the other price changes. Hence,
we could assume consumers who experience a larger increase in the fixed fee to be more prone to churn. However,
we do not find any difference in the poking effect for consumers facing a large compared with a small increase in
the fixed fee.

27 All consumers experience an increase in the fixed fee, cf. Table A.1 and Table A.2. In the telecom industry, bill
shocks—an unusually high bill—are perceived to increase the propensity to churn (c.f. Grubb, 2015b). Even so, in
the before period, bill shock does not correlate with churn, and we do not find evidence for a recent bill shock to
explain the churn increase in the during period among the poked consumers.
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Figure 3: Estimated increase in churn rates (in percent) for the poked in the during period by
predicted savings categories
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Note: The figure shows estimated churn increases, in percentage points, from the before to during period (6) for different intervals of predicted
savings categories with 95 percent confidence intervals indicated by error bars. Robust standard errors clustered at the individual’s choice of

price plan before the poke, i.e., a combination of price plan and the tenure on that price plan (3,089 clusters).

understand the potentially unintended consequences of making changes in contract terms for

existing customers.

3.3 Survey evidence and discussion of the role of inattention

Having established the existence of a poking effect, what can we infer about the underlying
mechanisms? Given the nature of the intervention—an unexpected SMS that informs con-
sumers that prices will change—it seems natural to assume that the effect is due to some form
of limited attention. Consumers have limited time available, and it is time consuming to con-
stantly keep track of alternative offers in the market. The SMS could serve as a signal (or poke)
that catches their attention and suggests that it is time to reopen their choice of telecom provider

and get an overview of alternative offers available.

However, there are other explanations which also are consistent with the poking effect:
Since service providers have an incentive to increase profits at the expense of consumers
(when possible), it is rational for consumers to view price changes with skepticism. Hence,
some consumers—even when they would be better off—may automatically assume that a price
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change leads to higher costs, and therefore switch providers. Alternatively, some consumers
may miscalculate the effect of the price change on their costs and switch due to an erroneous
belief that costs will increase. In this section we look closer at the importance of these explana-

tions.?8

With regards to miscalculating the effect of the price change on costs, there are two pieces
of evidence which point in the direction that this is not an important factor. First, among the
poked consumers who churned but whose costs would have decreased with the new prices,
we find that about 80 percent leave for an operator offering a plan that will reduce their costs
even further. This can be seen in Figure 4.2 The figure hence indicates that most consumers
are neither uninformed nor unable to make cost-minimizing decisions in this market. Hence, it
is likely that most of these consumers are able to understand that the new prices would lower
their cost. Second, the poked consumers generally has a lower level of mobile phone usage than
the average consumer (cf. rows ”Voice minutes”, “SMS” and "Megabytes” in Table 1), implying
that the complexity of calculating the impact of the price change is low.

But, as previously mentioned, consumer may automatically assume that the price change
is bad news, no matter how good it may appear. This heuristic is arguably rational, as it holds
true for more than 50 percent of the poked consumers. In order to investigate the importance
of this explanation relative to the role of limited attention, we conducted a survey on a sample
of 451 customers of the telecom company.

The first question in the survey use the frequency of reoptimization as a measure of attention.
We asked How often do you check the prices of other mobile service providers than your current provider?
About 60 percent of respondents check prices rarer than every second year, indicating that most
consumers are fairly inactive with regards to keeping track of prices. Hence, inattention is likely
to be an important source of consumer inertia in this market. We calculate that around 7% of
the consumers check prices in any given month, based on the answers in this survey.!

The second question assesses how an announced price decrease would be interpreted by
consumers. We asked Imagine that your current mobile service provider lowered the price on your
price plan. What best describes your reaction? We had four different answers that the respondents
could choose from based on two dimensions: trust/distrust and poke/no poke. The responses

2There are other mechanisms that could potentially interact with our main effect in important ways, such as
learning from experience (see, e.g. Miravete and Palacios-Huerta, 2014b). In our setting, this would imply that
consumers decide to churn based on learning how the new prices affect them. Since the poking effect we identify
is at its strongest immediately after notification—before the consumer has had the time to experience new prices—
learning cannot be the driver of the most dramatic changes in behavior we document here. It is possible that learning
plays some role in the elevated churn we see for poked consumers in Figure 2, in the period after the change is
implemented (from May 2014 and onwards), though this effect is much less pronounced than the increase prior to
the change. Hence, the timing of the effects rules out learning as the driver of the poking effect.

The figure only includes consumers who churn in the 3-month period after being informed about the price
change (N = 10, 839); in other words, prior to the price change being effectuated.

30 At the time of the poking, competitors offer price plans that dominate those held by the poked consumers, cf.
Table A.3 versus Table A.1 and Table A.2.

31We assigned a (monthly) probability of checking prices to each respondent equal to the inverse of the reported
duration (in months), and setting the duration of “Less often” (than every second year) to every fourth year. This
means that those who report to check prices monthly are assigned a probability of 1, while it is 1/3 for those who
report to check quarterly, etc.
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Figure 4: Cost difference between new plan and competitor’s lowest-cost plan
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Note: The figure shows, limiting the sample to consumers who will experience reduced expenditures with the new prices and churn in the
during period (N = 10,839), the histogram over each consumer’s difference between the cost of their new assigned plan compared with the
lowest expenditure plan offered by the operator they churn to. The solid vertical line indicates how much these consumers, on average, save by
churning if they chose the competitor’s least-expensive plan. The dashed vertical line at zero separate consumers who leave for operators that

do not offer less expensive plans (left side) from consumers who leave for operators offering less expensive plans (right side).

were as follows (our classifications added in bold).

e Trust/no poke: I would be glad and not thought more about it. I want to spend as little time as
possible on prices

Distrust/no poke: I would find it suspicious, but not thought more about it.

Distrust/poke: I would find it suspicious and used the opportunity to check the prices of compet-
ing providers

Trust/poke: I would be glad, but used the opportunity to check the prices of competing providers

Don’t know

The results are shown in Figure 6. It it immediately clear that distrust is rare when facing a
price decrease, and that a significant share of consumers are poked: 19 percent would welcome
the change, but at the same time used the opportunity to check competing offers. Together with
the answers to the frequency of price search (first question), we calculate that roughly 25% of
customers will check prices following such a poke.3?

$2Calculated by assigning a probability of 1 to check prices for consumers reporting that they would use the
opportunity to check the prices of competing providers, while assigning a probability to check prices equal to the
inverse of the reported frequency of search from the first question (see Footnote 31 for details).

15



Figure 5: Frequency of competitor price comparison

Monthly

Quarterly

Annually

Semi-annually

Less often

Don't know

I T T T

0 20 40 60
percent

Note: The figure shows survey results of the question “How often do you check the prices of other mobile service providers than your current
provider?” 446 respondents, in which all are customers of the relevant telecom operator, answered the question. The respondents chose between

the categories shown in the figure. Five respondents, who did not answer, are not included in the figure.

Lastly, we wanted to explicitly measure the consumers’ level of trust/distrust in their mobile
service provider. The respondents were asked To what extent do you agree with the following
statement: "I can trust that my mobile service provider does not try to trick me with hidden prices and
fees”. Only 18 percent disagree with this statement, which we interpret as evidence that distrust

is not widespread among consumers.

Taken together the survey responses provide indicative evidence that i) inattention is com-
mon among consumers in this market, ii) a price decrease would poke a significant share of
consumers to reoptimize, and iii) distrust is not widespread. These responses point to attention
playing an important role in explaining consumer inertia in this market. Moreover, the poking
effect is most likely driven by an increase in attention.
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Figure 6: Consumer response to a price decrease
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Note: The figure shows survey results of the question “Imagine that your current mobile service provider lowered the price on your price plan.
What best describes your reaction?” 447 respondents, in which all are customers of the relevant telecom operator, answered the question. The

respondents chose between the categories shown in the figure. Four respondents, who did not answer, are not included in the figure.
4 A model of consumer attention and choice

In this section we estimate a model of consumer attention and choice. The main intuition
behind the model is based on the notion that a consumer can be either attentive or inattentive.
An inattentive consumer is on “autopilot”, i.e., automatically repeating past behavior without
further thought. An attentive consumer is involved, in the sense of actively optimizing by
considering the alternatives on the market. Thus, a churn event is a combination of becoming
attentive (i.e., considering alternative offers) and choosing a plan from a different provider. At
the same time, there will be consumers who are attentive but decide not to churn since their best
option is with their current company (possibly also staying on their current plan). An important
feature of our model is that it allows us to separate the effect of the poke on consumer attention
from the effect of removing consumers’ current plans.

The model can be described as a two-stage process of consumer choice. In Stage 1, the con-
sumer either becomes attentive or stays inattentive. In Stage 2, conditional on being attentive,
the consumer chooses between the plans currently offered on the market. Thus, churn happens
when the consumer is attentive and prefers one of the plans offered by competing providers
over those offered by the current provider. Potential “implicit brand effects” will have an influ-
ence on decisions in Stage 2: Consumers who are attentive but still do not churn in the presence
of less expensive alternatives on the market are willing to pay a brand premium.

When consumers are informed about a price change, their propensity to churn increases,
already 2 months before the price change is effectuated. This behavior is consistent with con-

sumers behaving forward-looking in the following way: Imagine making a choice knowing
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Figure 7: Mobile operator trust and hidden prices
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Note: The figure shows survey results of the question “To what extent do you agree with the following statement: "I can trust that my mobile
service provider does not try to trick me with hidden prices and fees”. 449 respondents, in which all are customers of the relevant telecom
operator, answered the question. The respondents chose between the categories shown in the figure. Two respondents, who did not answer, are

not included in the figure.

there is only a certain probability that you can revise your choice at any given point in the fu-
ture, e.g., due to inattention. When you learn that the payoff of a particular choice will change
in the future, this should be factored into your current decision. This type of forward-looking
behavior implies that consumers increase their propensity to churn when they are informed
about an upcoming price change, even though they would have preferred their initial choice
of price plan in any given period (e.g., if the plan would not change in the future, if consumers
could freely choose at any point in time, or if they were myopic).

4.1 Model specification

Formally, we estimate a model of the joint probability of being attentive and the optimal choice
of plan conditional on being attentive. Let p/ be the probability that consumer i is attentive
in month ¢, and let p$(j) be the probability that consumer i chooses plan j € J; in month ¢
(conditional on being attentive), where J; is the set of plans offered by all firms in month .3 Let
yi+ denote consumer i’s choice of plan in month t. The probability of observing a choice y;; #
Yis—1 is pi pS (vir), whereas the probability of observing yi; = yis—1 is p/ip$ (yir—1) + (1 — pf).
In the case where a consumer changes plans from one period to the next, the consumer would
necessarily be attentive, whereas the consumer repeats the previous choice either if i) they are

attentive and it is the optimal choice (which occurs with probability p# pS (vis—1)); or ii) they

33Note that we do not include an outside option in the choice set, since it is not relevant in our case. The market
penetration of mobile services is nearly full in the market considered here, and we do not find any evidence that
consumers stop using mobile services when they churn. We therefore assume that consumers choose one of the
plans offered on the market in our model.
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are inattentive (which occurs with probability 1 — p#). This basic structure of the model is
equivalent to the one utilized by Hortagsu et al. (2017) to study consumer inertia in the Texas
retail electricity market. Similarly, we take a reduced-form approach to modeling p*, specifying
it as a logit depending on age, gender, and centrality of area of residence of the consumer.
However, our setting provides additional, identifying variation through the addition of time
dummies interacted with the treatment status of the consumer, which captures the effect of the
poke as a shifter of attention. We specify the probability of becoming attentive as a standard

binary logit:
A efA(Wi/dpoked/t)
pit o 1 —+ efA(Wi/dpoked/t)
T T
fA(Wz'/ dpoked/ t) = leﬂ + ’)’dpoked + Z Ardr + Z Ordy - dpoked/ (2)

=1 =1

where W, is the vector of individual characteristics listed above; d- is an indicator for ¢ being
the Tt of the sample; and d ., is an indicator for consumers who, at any point prior to the
notification (in March 2014), are on a plan that will be moved, or who were on such a plan
when the notification was sent (regardless of whether they switch plans later). The notification
sent out by the firm thus provides a useful source of variation. When we condition on the
(potential) change in payoff from staying with the current choice at the time when the consumer
learns of the upcoming change, the notification itself allows us to quantify consumers” attention

separately from their choice behavior.

We let the flow utility of consumer i from plan j in month ¢ be given by
Vije = acijr + ) Kpdjf, ©)
f

where c¢;j; is the cost of the plan to the consumer and d;; are indicators for plan j being sold
by firm f. The pattern we find in our reduced-form analysis is consistent with consumers
being inattentive and forward-looking, and we therefore chose to model them as accounting for
future inattention when being attentive and making an active choice. A consumer will expect
the duration until the next time they make an active choice to be the reciprocal of the attention
probability 1/p#, and the relevant value to the consumer when deciding between the plans,
disregarding discounting, is Vij; = v;j;/ pft‘.34 Under circumstances where no changes in the
contract structure of any plans are expected, the maximum of the current period utility (given
by v;jt) and that of the expected flow utility until the next active choice (given by V;;;) coincide.
This distinction is relevant to consumers who are informed of the upcoming change in contract
and who become attentive before that change is enacted.>® Even if their current plan is optimal

34Note that this expression is only valid if pf[‘ (and v;j) is fixed over time, or if we assume that the consumer
expects their current “level of attention” to last into the foreseeable future. Otherwise, the correct expected duration

isy 2, Tpft . HST;ll (1 — pft n S). Since the differences in terms of implications for choice behavior in our model

should be small, we opt to use the simplified term in our analysis. Furthermore, it would not be clear how we should
extend p{} out of the time frame of our sample, in addition to the assumption of consumers having perfect foresight
of changes in future inattention not necessarily being appealing.

35Gee Appendix B for a derivation of the relevant choice values from dynamic optimization of the consumer’s
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given the price structure of plans offered in the market at that time, these consumers might
decide to choose a plan that is worse than their current one to avoid being stuck with the new

conditions because of inattention.

Since the notification of the change comes 2 months prior the change itself, consumers
who become attentive at this point will get at most 2 months on the current plan before their
conditions change. Letting tc denote the month of the change (March 2014, where treated
consumers will be reassigned to the new plan), the value of choosing the current plan 2 months
before the change is

A )2
V _ 1 1 A (1 - p l’,tc*2)
LYite-3tc—2 — + ( - pi,tc—Z) Ui/yi,tc—?utcfz + A Ui’yi,tC—B»rtC’
Pite—2
where y; ;.3 denotes the current choice (from the perspective of making a choice 2 months
before the change); v;,, .2 is the current (flow) payoff on the current plan; and v;,,
is the payoff under the contract terms after the change. The first term is the expected value
of one “voluntary” month on the current plan and an additional month on this plan because
of inattention. The second term is the expected value from not making an active choice until
the new contract terms take effect and being stuck with the new prices because of inattention.
Similarly, for a consumer who is notified and is attentive one month before the change, the value

of choosing the current plan is

1- VzAtc—l
Vi/yi,tc—zlfC*l = Viyise-atc—1 + A Uiyiseastcr
itc—1
where there is now 1 month actively chosen on the current plan, before inattention might lock
the consumer in with the new terms with a probability 1 — Pftc—l in each period.

We model the full (expected) utility of choosing plan j as
uijr = Vije + €ije

where €jj; is an i.i.d. Type I Extreme Value random utility term. Thus, the choice probabilities
(conditional on attention) are given by

eVl]f

Ykeg, €V

P () @)

We assume that all consumers actually choose a mobile subscription, i.e., that no consumers

stop having a mobile subscription.3®

The likelihood of observing consumer i’s choice y;; in period t is then

Lit = pips (vie) + (1 — pip) M(yie—1 = vir),

problem.

36For the discrete choice model, this implies that we do not have a separate outside option.
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where the last part corresponds to the probability of observing a repeated choice due to inatten-
tion (1(y;¢—1 = yit) is an indicator for the observing the same plan in ¢ and f — 1 for consumer
i).

The log-likelihood of the sample is given by

Inl = ZEInLit,
it

which we maximize with respect to the model parameters.

After estimating the parameters of the model, we can calculate the probability of churn as
follows: Let D; denote the set of plans offered by competing providers in month t. Choosing a
plan from this set means that the consumer churns. The probability of churning is thus given
by

Pri(churn) = piy - 3 pig(j), 5)
jeD,
which we can use to assess the model against what we observe in the data. Note that our
choice model does not directly target churn; the probability of churn conditional on attention
(Ljep, 15 (j)) depends on how well the model approximates consumer choice over the full set
of contracts.

4.2 Results from model estimation

Figure 8 presents the main results from Stage 1.3 There are several interesting things to note
from the figure. First, the estimated share of consumers who are attentive in a month is fairly
low, around 5 percent. This is relatively close to the 7% share of attentive consumers implied by
the survey responses (see Section 3.3). Second, the text message informing about an upcoming
price change (the poke) had a strong effect on consumers’ attention. The share of consumers be-
coming attentive more than doubled following the poke. This is in line with the strong response
to the poke implied by the survey responses, though much smaller. We find it encouraging that
our model estimates are fairly in line with the survey evidence, especially since we find it likely
that the (implied) attention rate and poking effect are somewhat exaggerated in the survey
due to potentially rosy beliefs about own behavior (particularly for reported increases in price
search due to a hypothetical price decrease).

Note also that attention varies strongly with age, the base attention rate being nine percent
for consumers aged between 20 and 30 years and four percent for consumers aged more than 80
years (see Figure 9). We also find statistically significant, though relatively modest, coefficients
the use of calls, text, and data. The results suggest that consumers who on average use more
calling and texts are less attentive, whereas the opposite is true for data use. Since the variables
are standardized to unit variance, the estimated coefficients imply that the impact (in log-odds)
of a one standard deviation increase in usage is equivalent to between one-half and one-third
of the impact of going from 20 to 30 years of age.

37See the Appendix, Table A.6 for a table of coefficients.
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Figure 8: Predicted effect of poke on attention
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Note: The figure shows the estimated levels of attention from the model, in percent of consumers being attentive. The black line indicates
the poked consumers, while the gray line indicates those not poked. The model allows attention to vary separately for poked and non-poked

consumers in each month, in addition to demographics and mobile usage patterns.

Figure 9: Attention by age

10

20 30 40 50 60 70 80

Note: The figure shows the average predicted levels of attention, in percent of consumers, from the estimated model across 10-year age groups

(left side of interval provided) for the period prior to the poke.

In Figure 10, we compare the predicted churn from our model (Equation (5)) with the
actual churn observed in our data. This exercise serves as a validation that our dynamic model
provides a good description of actual behavior. Though the predicted levels of churn are about
0.5 percentage points lower than the actual levels for the poked consumers and about 0.25
percentage points higher than the actual levels for the non-poked consumers, the estimated
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changes over time closely match the observed patterns.

Figure 10: Predicted effect of poked on churn
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Note: The figures show the predicted effect of the poke on churn, in percent, for the poked consumers (black line) and those not poked (gray
line). Panel (a) shows the implied rate of churn from the model, while panel (b) shows the observed rate of churn in the subsample used for
estimation. The model allows attention to vary separately for poked and non-poked consumers in each month, in addition to demographics and

mobile usage patterns.

We also obtain an interesting result on brand valuation from the estimation of Stage 2. This
effect can be thought of as the average monetary value of staying with the current provider
instead of churning. From the coefficient estimates, we find this brand value to be roughly 10
EUR.® Put differently, for many consumers, there are cheaper options available on the market
that are not chosen to the extent we should expect from a naive model focusing only on the
monetary cost of usage. Hence, there are other aspects of the providers, perhaps related to
quality of service or pure brand preference, that influence consumer choice (conditional on
being attentive). Furthermore, a model ignoring inattention might severely overestimate brand

valuation, due to consumer inertia being attributed to loyalty rather than choice frictions.

5 Concluding remarks

We document a significant and strong increase in consumer churn following a notification
about a future price change. This effect also holds for consumers whose costs become lower
with the new prices. Taken together, our results point to the existence of a poking effect: the

38See the estimated coefficients in Table A.6. Note that the scale of the cost variable is in units of 10 EUR. The
brand value is calculated by assuming that the marginal utility of income is equal to (the negative of) the coefficient
on cost (see, e.g., Train, 2009, p. 39), while the additional utility of choosing the current provider is equal to the
difference between the coefficients on the current provider and other providers, yielding

WTPbmnd _ ﬁcurrent - ﬁother _ 0.84 —0.22 — 0.97,

—Beost 0.64

i.e., 9.7 EUR brand value of the current provider compared with other providers.
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notification about the price change causes many consumers to “wake up” and start searching for
alternative offers. We suggest that the main mechanism behind the poking effect is a reduction
in inattention, i.e., that consumers have a low probability of actually considering alternative
offers, while the notification increases their attention to the possibility of purchasing a different
product. We also conduct a survey which provides supporting evidence on the important role
of inattention and how a poke might trigger search for alternative offers.

Using a two-stage discrete choice model we then estimate the extent of consumer attention
and how it was affected the poke. We find that, on average, about five percent of consumers
are attentive in the months leading up to the price change, and that the poke causes the propor-
tion of consumers becoming attentive to more than double. This result has interesting policy
implications, as it shows that potentially simple interventions can have a significant effect on
consumer switching through increasing attention.

Our results have managerial implications, in particular for providers in markets where con-
sumer involvement is relatively low, such as telecom, insurance, and banking. In such markets
consumers tend to be passive for longer periods, until some special event triggers them to re-
optimize. Managers should be aware that changes in terms and conditions, and even a price
decrease, could trigger churn as it causes many consumers to become attentive and “reopen”
their choice of provider. Our findings also suggest that managers could mitigate this effect by
making sure that the new terms and conditions are not only better than before, but compet-
itive compared to the new offers that have entered the market since the last time terms and
conditions were updated. Lastly, our results show that inattention is not necessarily static and
unchanging, even within individuals, suggesting that it is possible to reduce this potentially

important impediment to capturing new consumers through targeted measures.
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Appendix A Supplementary analyses

Table A.1: Poked plan overview Migration 1

Plan Prices
Fixed fee Minutes Minute price SMS price MB price
included above incl. above incl.

Old plan A 89 60 0.09 0.07 1.25
Old planB 4.9 20 0.18 0.07 1.25
Old planC 29 0 0.05 0.05 1.25
Old planD 4.9 0 0.09 0.07 1.25
Old planE 0 0 0.05 0.05 1.25
Old planF 0 0 0.05 0.05 1.25
Old planG 5.9 0 0.10 0.07 1.25
New plan1 129 100 0.05 0.05 1.0

Note: The table gives an overview of prices of seven old plans (old plan A-G) and the new plan (New plan 1) that these seven old plans are
moved to. Standardized currency.

Table A.2: Poked plan overview Migration 2

Plan Prices
Fixed fee SMS Minute price SMS price  MB price
included above incl. above incl.

OldplanH 29 0 0.07 0.04 1.25

Old planI 0 0 0.09 0.07 1.25
Oldplan] 6.9 0 0.16 0.07 1.25

Old planK 0 0 0.05 0.05 1.25

Old planL 0 0 0.05 0.05 1.25

Old planM 0 0 0.04 0.04 0.50
New plan2 9.90 100 0.05 0.05 1.0

Note: The table gives an overview of prices of six old plans (old plan H-M) and the new plan (New plan 2) these six old plans are moved to.
Standardized currency.
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Figure A.1: Churn rates using actual churn date
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Note: The figure shows the churn rate separately for poked (black line) and non-poked (gray line) consumers. The time from poking to the

actual price change is indicated by the shaded area.
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Figure A.2: Churn rates within savings categories
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Note: Each panel shows the churn rate for a specific category of savings, separately for consumers who are poked (black line) and all other

consumers (gray line). The time from poking to the actual price change is indicated by the shaded area.
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Figure A.3: Timing of subscriptions to contracts used to construct restricted sample
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Note: The figure shows the distribution of sales over time around a period where 2 subsequently migrated plans were discontinued and 4
non-migrated plans were introduced. The light, dotted lines indicates the window we use to construct our restricted sample (from October

2010 to October 2011).
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Figure A.4: Comparison of churn rates in restricted and full sample
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Note: The upper panel (Restricted sample) shows churn rates for the subsample of consumers who signed up for contracts in the 6 months
before and after 2 migrated plans were discontinued and 4 non-migrated plans were introduced. The bottom panel (Full sample) shows churn
rates for the full sample (equivalent to Figure 2). Churn rates are separated for consumers who are poked (black line) and all other consumers

(gray line). The time from poking to the actual price change is indicated by the shaded area.

Figure A.5: Churn rates within age categories
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Note: The figures shows churn rates for consumers above 60 years (left panel) and below 60 years (right panel). Churn rates are separated for
consumers who are poked (black line) and all other consumers (gray line). The time from poking to the actual price change is indicated by the

shaded area.
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Table A.3: Overview of main competitor prices at time of poking

Plan Prices

Fixed Min. price SMS price Incl. Incl Incl.

fee above incl. aboveinc. MB  min SMS
Comp. 1: plan A 20 0 0 1000 unlimited unlimited
Comp. I: planB 30 0 0 5000 wunlimited unlimited
Comp. 1: planC 10 0.04 0.04 150 150 150
Comp. I: planD 40 0 0 8000 unlimited unlimited
Comp. 2: plan A 30 0 0 3000 unlimited unlimited
Comp. 2:planB 20 0 0 500 unlimited unlimited
Comp. 2: planC 40 0 0 6000 unlimited unlimited
Comp. 2:planD 50 0 0 8000 unlimited wunlimited
Comp. 3: planA 5 0.04 0.03 0 0 0
Comp. 3:planB 20 0 0 1000 wunlimited wunlimited
Comp. 3:planC 30 0 0 5000 unlimited unlimited
Comp. 3:planD 10 0.04 0.04 150 150 150
Comp. 4:plan A 20 0 0 1000 wunlimited wunlimited
Comp. 4:planB 30 0 0 5000 unlimited unlimited
Comp. 5:plan A 5 0.04 0.04 0 0 0
Comp. 5:planB 40 0 0 6000 unlimited unlimited
Comp. 6: plan A 30 0 0 3000 unlimited unlimited
Comp. 6: planB 25 0 0 1000 unlimited unlimited
Comp. 6:planC 15 0.05 0.05 200 200 200

Note: The table provides an overview of the main offers by the main competitors at the time of poking (when consumers were informed about

the price change). The main competitors do not make any major price changes in the next 3-month period.
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Table A.4: Results controlling for save categories

Predicted savings categories @) 2) 3)
Save (-50,-15] 3.988***  3.990***  3.390***
(0.178)  (0.177)  (0.149)
Save (-15,-10] 3.771%%% 3. 771***  3.522%**
(0.120)  (0.118)  (0.093)
Save (-10,-7.5] 2,941 2.916%** 2.802***
(0.133)  (0.131)  (0.117)
Save (-7.5,-5] 2131 2.103***  2.096***
(0.121)  (0.120)  (0.106)
Save (-5,-2.5] 1.385%**  1.362*** 1.380***
(0.104)  (0.103)  (0.093)
Save (-2.5,0] 1.008***  0.987***  0.994***
(0.117)  (0.116)  (0.107)
Save (0,2.5] 0.882* 0.867*** (.881***
(0.117)  (0.115)  (0.109)
Save (2.5,5] 0.731***  0.712**  0.726***
(0.130)  (0.129)  (0.123)
Save (5,7.5] 0.632***  0.630***  0.635***
(0.141)  (0.140)  (0.136)
Save (7.5,10] 0.917%% 0.898***  (0.932***
(0.235)  (0.233)  (0.224)
Save (10,15] 0.507***  0.494***  (0.541***
(0.171)  (0.169)  (0.163)
Save (15,50] 0.525**  0.510**  0.521**
(0.216)  (0.213)  (0.204)
Demographics No Yes Yes
Demogr. interact with treatment No No Yes

Note: The table shows estimates of the churn increase in the during period per predicted savings category, i.e., y3 in Equation 1. Model (1)
reports estimates without any control variables. In model (2) we add controls for age, gender, and place of residence, whereas in model (3) we
also interact the demographics with treatment (being poked and time period). Robust standard errors clustered on consumers’ choice of price
plan before the poke, i.e., a combination of price plan and tenure on that plan, 3,089 clusters. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A.5: Survey descriptives

Percent
Female 48.34
Income Below 20.000 5.10
20.000-29.999 7.54
30.000-39.999 14.86
40.000-49.999 21.95
50.000-49.999 15.52
60.000-49.999 8.86
70.000-49.999 7.54
80.000-99.999 7.32
100.000 or above 4.21
Don’t want to answer 7.10
Age Below 30 9.31
30-44 17.96
45-59 27.49
60+ 45.23

Note: The table shows descriptive statistics of gender, income, and age for the survey respondents.
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Table A.6: Model coefficient estimates

Coeff. Std. err.

Stage 1: Attention parameters

Constant -1.87 0.01
Feb14 —0.10 0.01
Mar14 —0.02 0.01
Aprl4 —0.06 0.01
May14 —0.05 0.01
Poked -1.12 0.01
x Feb14 0.01 0.01
x Marl4 0.12 0.01
x Aprl4 0.76 0.01
x May14 0.54 0.01
Female —0.05 0.00
Age
21-30 —0.10 0.01
31-40 —0.16 0.01
41-50 —0.24 0.01
51-60 —0.34 0.01
61-70 —0.44 0.01
71-80 —0.58 0.01
Residency
Four largest 0.01 0.01
Urban —0.01 0.01
Village —0.06 0.01
Unknown 0.65 0.01
Stage 2: Choice parameters
Cost —0.64 0.00
Current provider 0.84 0.01
Other provider 0.22 0.01
Individuals 621, 856
Observations 3,019,439
InL —1,086,197

Note: The upper part of the table shows estimated coefficients for Stage 1of the choice model (attention), while the lower part of the table
shows estimated coefficients for Stage 2 (choice of plan conditional on being attentive). Current provider refers to the relevant company.
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Appendix B Dynamic model and choice probabilities

We can define the ex ante (integrated) value function as
VG, T) =EV(,T,0,6) = ¥ [ V(i T,0,)pi(a)ge(e)de
a

:pA1n<Z exp {u(j’) + BV (7, J)})

]EJ

N {u() +BV3G, T}, (6)

where p? = p,(1), i.e., the probability of being attentive. The log of summed exponentials is
the well-known expression for expected utility when choosing between several options with
additive extreme value, type-1 random utility terms, also known as the inclusive value. Let I 7
denote the inclusive value from choice set 7. When the consumer does not expect any changes
in the set of available plans, i.e., J = J’, we can express a partial solution to the ex ante
Bellman equation as

-y 1—p4 .
VG.T) = =g T gy O @

where the common denominator reflects the possibility of staying inattentive in any number of
consecutive periods adjusted for discounting.?* Note that only the second term depends on the
endogenous state variable j, where j reflects the choice made in the last attentive period. When
the consumer becomes attentive, the previous choice is not important to the consumer, only the
future possibility of repeating the current choice because of inattention.

In periods where the consumer is attentive, the value of a choice j net of € is

v(j) = u(j) + BV (i, T"), (®)

which defines the (conditional) choice probabilities through

Pr(jl7) =Pr{v(j) + e(j) = v(k) +e(k), Vk € T\ j}
ev()

— - 9
Yreg k) ©)

In the case where the consumer does not expect any changes in the choice set, and we set g =1,
we can insert for Equation (7) in (8), which simplifies to

o(j) = ;Auo') +17, (10)

where we see that I 7 is common to all choices, and therefore will not affect the choice probabil-

39This expression is only valid if p is constant over time.
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ities:

Pr(j|.J) = ———.
Ykeg € i
Only the current flow utility of each plan is involved in the decision when consumers expect the
supply of plans to be stable. The reciprocal of p* reflects the expected time until the consumer
is attentive again, i.e., the expected time being stuck with the chosen plan without being able

to reoptimize.*

For consumers who are informed that their current plan will change in the future and no
longer be available, the decision problem is different from that outlined above. Though we allow
this event to have an effect on choices through its impact on attention, it should be expected
to change current behavior even when keeping p* fixed, since consumers will account for the
possibility that they might be inattentive in the future (when the terms actually change). This
could lead consumers to change their plan when attentive prior to the change in terms, even if
they are on the optimal plan considering the current choice set in isolation.

Denote by J) the choice set prior to the change, 7; the choice set after the change, and 7 the
set of plans that will be changed. In the period when the change is implemented, any previous
choice j € Jc will be changed to j. Letting C(j) be an indicator for j € Jc, and assuming that
consumers do not expect any further changes to the choice set in the future after the change is
implemented, the ex ante value function in the period in which the change takes place can be

written as
1—pA -

V(j, i) =1z + p” [CHu() + (1= C())u(i)], (1)

where we have set B = 1. The choice-specific value function in the period before the change
(tc — 1) is then obtained by inserting into Equation (8):

A

o 1(j) = 1, +C(j) <u(j) 2 - u<f>) L) pl 0

which, for the plans that will be changed next period (C(j) = 1), reflects the expected time of
being stuck with payoff u(j) due to inattention, adjusted for the difference between u(j) and

u(j) in the same period. To see the intuition behind this expression, imagine a consumer for
whom j is the optimal plan in Jy, while there are better plans than j in 7. Then, there is a trade-
off between the gain from getting one last period on the optimal plan against the loss of an
1;§A
against the best plan other than j that will be available both before and after the change.*! For

expected subsequent periods on a suboptimal plan, where this gain and loss is evaluated
the plans that will not be changed, the choice-specific value is the same as that in Equation (10).
Choice probabilities are given by the multinomial logit formula with v;._1(j) for each plan in

Jo as arguments.

4ONote that B = 1implies that I 7 is infinite, and should therefore be interpreted as a notationally convenient
and reasonable approximation.

“IWe have assumed here that the consumer cannot choose a plan that will be changed in the subsequent period
other than the one they are currently subscribed to, which was the case in our empirical setting.
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The ex ante value function for the period before the change (which is the relevant continua-
tion value for the decision two periods before the change) can be found by inserting for (11) in
(6), which yields

Vie-1(j, Jo) = plie—1 + (1= pH)Ig

1= p4) ) (w6 + 1Sl

p4 1
Pou)) + (=) ut)].
p p
Again, inserting this value into Equation (8) yields the choice-specific value function two peri-
ods before the change:
vre-2(f) =p 1 + (1= pH)I7
A2

() ((z— () + “‘pi?u(f)) +(1=CG)) ()

The general form of the choice-specific value function with a known change s periods in the

future is
s—1
Ote—s(j) = ;(1 — )T T e+ (1 p?) Ty,
s—1 _ ,A\s ~
+C() (zo (1= p)u) + “pf)um) +(1=C() Szu0),

though we will only need the values up to two periods in advance, since the relevant consumers

are notified 2 months prior to the change.

Note that the inclusive value terms will be irrelevant in the choice probabilities, as they shift
all choice values by the same amount given the consumer’s available choice set.
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