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Selling Subscriptions'

By LIRAN EINAv, BEN KLOPACK, AND NEALE MAHONEY*

We study one benefit to firms of selling subscriptions: the prospect
that consumers will continue to pay for subscriptions they no longer
value. We use comprehensive data from a large payment card net-
work to document that months during which cards are replaced, when
active renewal is required, are associated with much higher rates of
cancellation. Using two stylized models of consumer inertia—driven
by inattention or switching costs—we estimate that these cancellation
frictions roughly double seller revenues on average, holding fixed ini-
tial subscribers. We use the estimated models to explore the impact of
possible regulatory remedies. (JELDI12, D18, L81, 1L88)

A growing number of retail products are now sold as subscriptions, which are
typically billed on a monthly basis and automatically renewed unless a consumer
actively cancels. While subscriptions have been common in some product categories
for years (e.g., newspapers and gym memberships), their use has recently expanded
to digital products (e.g., media streaming services and software licenses), home secu-
rity systems, consumer products (e.g., clothing, shaving products, and makeup), and
ingredients for home-cooked meals. According to some estimates, the “subscription
economy”” more than quadrupled in size over the last decade (Zuora 2022).

This rapid growth is often attributed to two factors. On the supply side, digital
products have become a larger share of the retail sector, and such products may lend
themselves more naturally toward a subscription model. On the demand side, there
seems to have been an increased emphasis on convenience, and subscriptions are
often associated with more convenient, hassle-free transactions.'

In this paper, we explore the potential for a third factor to play a quantitatively
important role in the growth of the subscription economy. Because subscriptions
are automatically renewed, consumers who are inertial may continue to pay for
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subscriptions they no longer value. Indeed, there are now multiple new companies
whose business model (marketed as a subscription!) is to help subscribers find and
cancel unwanted subscriptions. If consumers do not fully anticipate their inertia at
sign-up, this may create supply-side incentives to offer subscriptions to exploit iner-
tial consumers, amplifying the growth of subscription offerings.

To quantify these incentives, we use transaction-level data from a large payment
card network to analyze consumer renewal and cancellation behavior for ten popu-
lar subscription services in the United States. Our research design takes advantage
of our ability to observe card replacement (when cards expire, are lost, or stolen)
and to link new cards to the cards they replaced. Because the replacement card is
associated with new card information (such as the expiration date, security code,
and sometimes the card number), consumers typically need to update their billing
information with the subscription provider, inducing an active renewal decision.
We document a sharp drop in subscriber retention rates during the month of card
replacement. The sharp drop is clearly present for all the subscription services we
study although it varies substantially in magnitude.

The patterns we observe could result from some combination of inattention or
switching costs. Because our data and variation do not allow us to tease apart the
relative importance of these factors, we separately specify and estimate both inatten-
tion and switching cost models to economically interpret these patterns and quantify
the impact of inertia on seller revenues.

In both models, subscribers are myopic and sign up for a service when their flow
utility (plus sign-up costs) is greater than the price, with utility evolving according to
an AR(1) process in future periods. In the inattention model, we assume a fully atten-
tive subscriber would cancel their subscription as soon as their flow utility falls below
the monthly charge. Yet we assume that in most periods (with the exception of the
month of card replacement), subscribers are imperfectly attentive and make an active
choice with probability A < 1. Consumers thus sometimes continue paying for a
subscription even when they “shouldn’t.” In the switching cost model, we assume
that subscribers are fully attentive each month but face a (symmetric) switching cost
. In months without card replacement, subscribers pay the switching cost to cancel,
while in months with replacement, they pay the switching cost to renew.

We estimate each model separately for each subscription service. Despite hav-
ing only three parameters for each service, the models replicate the key patterns in
the data remarkably well. Consistent with the sharp drop in retention rates during
the month of card replacement, we estimate a fairly large degree of inertia. In the
inattention model, the average estimate of the attention parameter A is 0.18, with a
range of 0.04 to 0.50 across subscriptions. The estimates of switching costs « are
also large relative to the variation in preferences. For instance, the median ratio of
switching cost to the standard deviation of initial consumer surplus is 0.8, again with
substantial variation across subscriptions. Naturally, the estimates of inattention and
switching costs are strongly correlated across services.

We use the estimated model to perform counterfactual exercises that assess
how much more quickly consumers would cancel their subscriptions if there was
no inertia, which corresponds to fully attentive consumers (inattention model) or
default cancellation every month (switching cost model). We find that seller reve-
nues (or equivalently average subscription durations) are significantly higher due to
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subscriber inertia with important heterogeneity across services. Specifically, in the
inattention model, we find that inertia increases seller revenues by 87 percent on
average, with increases that range from 14 percent to more than 200 percent depend-
ing on the service. In the switching cost model, inertia raises revenue by 120 percent
on average, with a range of 17 percent to 259 percent.

The optimal policy response depends on the underlying source of inertia. If it
stems from inattention, policies that require active choice may be welfare improving.
If it derives from switching costs, then the optimal policy may depend on whether
the switching costs are welfare relevant and whether they can be reduced through
policy actions (such as the recent Federal Trade Commission click-to-cancel rule
(Federal Trade Commission 2024)). A full analysis would also require modeling the
impacts of the policy on the pool of initial subscribers (extensive margin) and effects
on prices or product offerings, which are outside the scope of our stylized models.

Our view is that inattention is probably the more dominant force although
the evidence is circumstantial, and both mechanisms likely play a nonnegligible
role. The limited research that directly compares inattention-type mechanisms to
switching-cost-type mechanisms indicates that inattention-type mechanisms are
quantitatively more important (Andersen et al. 2020; Heiss et al. 2021).7 Consistent
with inattention being important, a recent survey found that nearly 90 percent of
consumers underestimated their monthly spending on subscriptions, with the aver-
age respondent spending more than three times their initial estimate (West Monroe
2021). The Rocket Money subscription management service emphasizes consumer
inattention in its marketing with advertisements featuring consumer testimonials on
hundreds of dollars in forgotten subscriptions.” This uncertainty about mechanisms
notwithstanding, we use the estimated models to explore the potential impact of
simple policy remedies, which—in the spirit of recent policy guidance from the
Federal Trade Commission (2021)—would require firms to provide consumers with
an active renewal decision at regular frequencies. In the inattention model, we find
that requiring active choices at a six-month frequency would reduce the excess rev-
enue from inattention by 45 percent. The switching cost model makes a similar
quantitative prediction; moving from default renewal to default cancellation once
every six months would reduce excess revenue by 48 percent.

As mentioned, our study focuses on the renewal or cancellation decision (inten-
sive margin), taking as given the set of subscribers who initially sign up for the
service (extensive margin). The counterfactual revenue effects would naturally be
smaller if consumers anticipated their future inertia when they signed up and adjusted
their enrollment decision in response to a policy change. This question is studied in
important complementary work by Miller, Sahni, and Strulov-Shlain (2023) in the
context of a newspaper subscription in Europe. Using a field experiment that varies
whether a subscription automatically renews or cancels, they find that consumers
are less likely to sign up under automatic renewal, indicating that consumers par-
tially anticipate their future inertia. In addition to our focus on the intensive margin,

2Evidence and discussions in de Silva (2023), Giglio et al. (2021), and Ascarza, Iyengar, and Schleicher (2016)
also point to a more prominent role for inattention-type mechanisms, but these findings are not central to these
papers.

3 See https://www.youtube.com/watch?v=ykap7HHGUZI for an example. The service also addresses switching
costs by helping consumers cancel their subscriptions.
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our work also differs from Miller, Sahni, and Strulov-Shlain (2023) in that we study
multiple subscription services and document significant heterogeneity across both
services and consumers.

Our paper builds on a large literature on consumer inertia in consumer product
markets. This includes the seminal DellaVigna and Malmendier (2006) study on gym
memberships that finds substantial cancellation lags for customers with automatically
renewing contracts. It also includes studies by Esteves-Sorenson and Perretti (2012)
on television channel choices, Handel (2013) and Brot-Goldberg et al. (2023) on
health insurance enrollment, and Posner et al. (2023) on political contributions. Our
paper also relates to a contemporaneous study by Jespersen (2022) that finds that sub-
scribers whose payments are rejected are 70 percent more likely to cancel.”

Our study connects to a literature on optimal contract design for “behavioral”
consumers who exhibit inattention or limited self-control (e.g., Eliaz and Spiegler
2006, 2008). DellaVigna and Malmendier (2004) show that firms may exploit the
overconfidence of present-biased consumers by designing contracts with back-
loaded pricing and automatic renewal. Johnen (2019) studies how firms trade off the
exploitation of naively inattentive consumers and the adverse selection of sophisti-
cated consumers who make an active decision about contract renewal and can avoid
high renewal prices.

Finally, our paper relates to a growing literature in computer science and law
that studies the prevalence and impact of deceptive user interfaces on websites and
smartphone apps, sometimes referred to as dark patterns (e.g., Mathur et al. 2019;
Di Geronimo et al. 2020). Using experiments, Luguri and Strahilevitz (2021) show
that dark patterns induce consumers into signing up for subscriptions they would
otherwise avoid. Our paper is more broadly related to policy efforts to reduce iner-
tia in subscription plans, such as the “click to cancel” rule proposed by the Federal
Trade Commission (2024).

The rest of the paper is organized as follows. In Section I we describe the data, the
selection of subscription services, and the construction of the sample. In Section 11
we present descriptive evidence that motivates our key exercise and illustrates our
empirical strategy. Section III presents the model, its estimation, and the counter-
factual exercises, which allow us to quantify how inertia affects firm revenues. The
final section concludes.

I. Data and Sample Construction
A. Data

Data Source.—Our primary data source is transaction data from a large pay-
ment card network in the United States between August 2017 and December 2021
(Anonymous Firm 2017-2021). Using publicly available information on total

#Goettler and Clay (2011) analyze consumer choices between flat fee and pay-per-use plans. They show that
rational, forward-looking consumers who face uncertain utility and cancellation costs may inefficiently sign up for
the flat fee and fail to switch.

SReme, Rehr, and Szthre (2021) and Ascarza, Iyenga, and Schleicher (2016) study the dynamics of inattention
and subscription attrition.

©Qur study is more tangentially related to the literature on default effects and active versus passive choices in
retirement savings (e.g., Madrian and Shea 2001; Carroll et al. 2009).
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subscribers for the services in our baseline sample (described below), we estimate
that our data cover approximately 30 percent of subscribers.

An observation in our data is a transaction, and the information on each transaction
is similar to the typical information one would find on monthly credit card statements:
the name of the merchant, a unique card identifier, a transaction amount, and a date.
Importantly, there is no information on the specific goods or services that were pur-
chased nor their prices. The sample is depersonalized and does not contain the name,
address, or any other personally identifiable information about the cardholder.

Critically for the empirical strategy we describe below, a card in the data is associ-
ated with a unique account identifier, so that multiple cards within the same account
can be linked. Thus, if a card expires or is lost or stolen, its replacement card will
have a new card identifier but retain the same account identifier. Because the quality
of the account identifier variable is low for cards that were replaced in the early part
of our sample, we focus our analysis on cards that were replaced in July 2018 and
after. We note that we cannot link multiple accounts held by the same consumer, so
we treat accounts as independent of each other.

Identifying Subscription Services.—We use an industry report as a starting point
to identify the set of subscription services for our study. Specifically, we start with
a list of 21 categories and 49 specific subscription services used by West Monroe
(2021) for their consumer survey of subscription spending. We augmented this list by
searching for industry reports for each category and adding any additional subscrip-
tion services with more than 500,000 subscribers (as reported by public sources).
This process yielded a list of 69 subscription services. Of these 69 services, we were
able to identify 57 via “manual” name searching in the payment card data./’

We imposed the following additional criteria to arrive at a final list of subscription
services. First, we required that subscription services had a minimum of 500,000
average monthly subscribers in our data, which eliminates 31 of the 57 services. We
then dropped four services that are primarily sold in long-term contracts (two cell
phone and two internet service providers), six services that were sold by merchants
with many nonsubscription products,’ two services with average subscription length
shorter than six months, two services that were launched toward the end of our
observation period, and two services with nonmonthly billing.

Our final sample is comprised of ten large subscription services. We identify them
throughout by letters (A-J) as our data use agreement prevents us from revealing the
merchant names. The ten services include both digital and nondigital products cov-
ering multiple merchant categories, including entertainment, security, retail goods,
and newspapers.

The product offerings of these ten services remained largely stable during our sam-
ple period with relatively small changes in pricing.” We investigated the consumer

7We can provide additional details on the process that led to selecting these 69 subscription services upon
request and subject to review by the data provider.

8 Because we are unable to observe which items were included in a transaction, it is hard for us to identify sub-
scribers separately from other customers for a merchant that sells both subscriptions and other products.

9Two of the ten services made one-time price increases of $1-$2 to the monthly rate of the base subscription
package, a third service increased the monthly price of their family package by $1, and a fourth service reduced the
price of their base package while increasing the price of their premium services.
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response to these price changes in the data and found it to have a negligible impact
on consumer cancellation rates, so we abstract from these (small) changes for the rest
of the analysis. Moreover, we use service-specific month fixed effects in our empir-
ical specification, which should absorb any impact of changes in prices or product
offerings.

B. Sample Construction

Our research design focuses on subscription renewal around card replacement.
We thus limit our sample to consumer credit and debit accounts!" that had their
cards replaced exactly once between July 2018 and January 2021. There are about
23 million accounts (and about 35 million account-service pairs) that meet these
criteria and transacted with at least one of the ten subscription services analyzed.

We organize the data at the monthly level and use the last transaction made on the
old card to define the last month in which the old card was available and the subse-
quent month as the first month in which the new card is active. We drop accounts for
which there was a gap of more than one month between the last time the old card
was used and the first time the new card was used (7 percent of the sample of 23
million accounts mentioned above) and accounts where the old card continued to be
used after the replacement card was issued (an additional 12 percent of accounts).
These restrictions leave us with about 19 million accounts and approximately 28
million account account-service pairs.

To construct our final sample, we make further restrictions to ease the analysis
and graphical exposition of our results. Specifically, we include an account ser-
vice in the final sample if card replacement occurs exactly 6, 12, or 18 months'’
after sign-up.'? Once included in the sample, we track each account service for 25
months and require that the account is active, that is, that the account is associated
with at least one transaction (any transaction) in each of the 25 months. Accounts
that do not satisfy this activity requirement are excluded from the analysis sample.
The resulting analysis sample is a relatively small subset—870,358 account-service
pairs, representing 800,545 distinct accounts—of these 28 million account-service
pairs. '

Our final sample thus contains a collection of cohorts of initial subscribers to
each subscription service. A cohort of subscribers to a particular service is defined
by a sign-up month and a card expiration at month x, where x is equal to 6, 12, or
18 months. The initial subscription month runs from January 2018 through July
2019.' For a given service, we therefore observe a total of 57 cohorts: 19 cohorts

19This excludes card types intended for business use and prepaid cards.

"'The choice of 6, 12, and 18 is our (admittedly arbitrary) attempt to evenly span the 25-month panel structure
to facilitate graphical presentation of the data.

12Recall that the earliest month in our data is August 2017; to focus on initial subscriptions, we keep subscrip-
tions that start in January 2018 and after.

13Some consumers sign up for more than one subscription service. While card replacement could in princi-
ple lead to correlated cancellation decisions, we do not detect such a pattern in the data. Cancellation decisions
are no more correlated during card replacement months than nonreplacement months. We therefore treat each
account-service pair as an independent observation throughout the paper.

4 July 2019 is the latest month for which we can observe a card replacement that occurs 18 months after
sign-up.
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defined by their sign-up months, each partitioned to three subcohorts that are based
on the number of months (6, 12, or 18) at which card replacement occurs.'”

We apply two final “data cleaning” steps that facilitate the subsequent analysis.
First, we guarantee that each account-service observation follows a simple data struc-
ture that would fit a hazard model: if we observe an account transacting with a service
but “skipping” a single month, we “fill in” that month,'¢ and if we observe two months
or more without transactions with the service, we assume that the cardholder unsub-
scribed to the service regardless of any subsequent transactions (which we interpret
as “resubscriptions”).'” Second, we exclude the first month we observe a transaction
for each cohort. For most services, we observe a much larger drop in subscriptions
after the first month than after subsequent months. We thus view this first month as
“special” (e.g., a “trial period”), and in what follows we consider the “sign-up month”
as the second month in which we observe a transaction in our data. This restriction
reduces the number of account-service pairs from 870,358 to 635,021.

II. Descriptive Evidence

Empirical Constructs.—Consider a cohort (s,x), which is associated with a given
service, a sign-up month s, and card replacement which occurs in month s + x.
Denote the number of subscribers in each month r > s by N (t; s,x) , and define the
cohort-specific retention rate as

(1) Rn(t;s,x) = N(t;s,x)/N(s;s,x),

where n = t — s is the age of the cohort in months. That is, the retention rate is the
share of initial subscribers that remain subscribed at age n.

The top panel of Figure 1 presents the data in their most granular form. It is
focused on one subscription service (“service A”) and only on the 19 cohorts whose
cards are replaced 12 months after sign-up (x = 12). For those 19 cohorts, we plot
the retention rate, R,, in each month, throughout the 24-month observation period.
The pattern is quite similar across the cohorts, revealing a smooth decline in reten-
tion rates over time, with a sharp drop in retention rates around the card replacement
month (month 12).

Although the raw patterns across cohorts are quite similar, it seems natural to
aggregate across cohorts to adjust for any possible differences in cohort sizes, ser-
vice popularity, seasonal variation, and (relatively small, as mentioned earlier)
changes in the product offering and monthly subscription prices.

To do so, we estimate the following regression separately for each service:

(2) Rn(t;s’x) = /Bt + Vnx + Etsx s

SFor four (out of the ten) services, we observe only 56 (rather than 57) cohorts because the relatively small
service size and small number of card replacements we observe in 2018 lead to no observations associated with
January 2018 subscribers whose card is replaced in July 2018.

16That is, if we observe no transaction in month s + 7 for a given service, we still consider this account as
“subscribed” as long as there are transactions in months s + ¢ — 1 and s + ¢ + 1. This adjustment is quantitatively
small and raises the average subscription duration in the entire sample from 17.2 to 17.6 months.

17 About 20 percent of accounts that unsubscribe for two months or more return to the service within the
25-month window.
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FIGURE 1. AGGREGATING RETENTION RATES

Notes: Figure shows retention rates by month since sign-up for subscription service A and cohorts with card
replacement 12 months after sign-up. The top panel shows the raw retention rates for all 19 cohorts. The bottom
panel shows the adjusted retention rate, kn (x), which aggregates across cohorts netting out calendar-month fixed
effects. See Section II for details.

where (3, is a calendar-month fixed effect and +, , is a fixed effect for the number of
months since sign-up, which is allowed to flexibly vary with x. We weight observa-
tions by cohort size, N (s; s,x) , to reflect the behavior of the average subscriber. With
these estimates in hand, we define the adjusted retention rate as

(3) i?n(x) = &n,x/ﬁ/l,x >

where the 4, s are the estimated coefficients from equation (2).

The bottom panel of Figure 1 displays this empirical construct for the 19 cohorts
shown in the top panel of the figure. That is, it plots R, (x) for the same service
(“service A”) and x (x = 12), and it shows how the adjustment aggregates across
cohorts and smooths out some of the cohort-specific noise.

Figure 1 reveals our inability to perfectly time the date of card replacement.
Specifically, it shows that the sharp drop in retention rates does not happen in a sin-
gle month but instead occurs over two consecutive months. This pattern will repeat
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itself throughout, and we will explain below how we adjust for it when estimating
the model.

Supplemental Appendix Table B1 summarizes the drop in retention rates
during card replacement, reporting the average monthly change in retention rates
(R, (x) — R, , (x)) during the two-month replacement window and outside of it for
each subscription service. On average, the monthly drop in retention is 0.08 during
the replacement window, four times larger than the 0.02 drop during other months.
This understates the difference since, as discussed above, we cannot pin down the
exact month of card replacement.

Account Activity around Card Replacement.—QOur economic interpretation of
the sharp drop in retention rate around card replacement (discussed in more detail
below) is that it reflects a change in the default choice faced by the cardholder.
Doing nothing prior to card replacement results in subscription renewal, while doing
nothing after the card is replaced leads to cancellation.

A potential threat to this interpretation is that card replacement may have a more
general impact on consumers’ spending across their portfolio of credit and debt
card accounts. For instance, if replacement is associated with an interruption in card
access (e.g., while waiting for the new card to arrive in the mail), then the cardholder
may switch their subscription to a different account. In this case, the sharp drop
in retention rate would simply reflect substitution of the subscription to this other
account rather than cancellation.

To assess this concern, Supplemental Appendix Figure B1 uses the entire analy-
sis sample and presents the variation in account activity around the month of card
replacement. The top panel shows the number of monthly transactions associated
with the account, that is, the number of monthly transactions on the old card prior to
replacement and the number of monthly transactions on the new card after replace-
ment. The bottom panel repeats the same exercise but uses total monthly spending
on the account.

The plots show some disruption in account activity during the month of card
replacement followed by a quick and almost full recovery to prereplacement levels.
The average number of monthly transactions falls from 44.2 in the month before
card replacement to 36.8 in the month of replacement before recovering to 42.1
two months later. Average monthly spending falls from $2,202 to $1,928 before
recovering to $2,114.'% The small decline in activity could be driven by subscrip-
tion lapses. While the plots look very similar if we exclude transactions at the ten
subscription services we study, to fully eliminate any renewal effects we would
need to exclude all subscription services, which we cannot do because we cannot
identify all subscriptions. Consistent with this explanation, Supplemental Appendix
Figure B2 shows a complete recovery for the gas and groceries categories of spend-
ing where there are no subscriptions. The difference in monthly transactions in the
three months before and after card replacement (excluding the two months around
replacement) is 0.00 percent for groceries and —0.18 percent for gas, compared to
—4.13 percent overall.

'8 The reason that it takes two months rather than one to recover to the original level is due to our inability to
perfectly time the month of card replacement, as discussed earlier.
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Cancellation Rates around Card Replacement.—Figure 2 presents the adjusted
retention rates, f?,,(x), for the analysis sample. Each panel shows retention rates for
a separate service (indicated by the letter in the top right corner of the plot) with
separate lines for cohorts of accounts with card replacement at 6, 12, and 18 months.

The retention patterns are quite heterogeneous across the ten different services,
but the common theme across them is a sharp drop in retention rates around card
replacement. The drop is noticeable but relatively small for some services (e.g., C,
G, and J) and is much larger in some of the others (e.g., A, B, D, and I). Across the
services, the magnitude of the drop at card replacement is quantitatively similar for
subscribers whose card is replaced 6, 12, and 18 months after sign-up.

To economically interpret and quantify these patterns, we next specify two mod-
els of subscriber renewal behavior. We then use the estimated models to quantify
the impact of subscriptions on seller revenues along with the revenue impact of
counterfactual policies.

III. Quantifying the Impact on Revenues

Our primary objective is to estimate the revenue impact associated with the
automatic renewal of subscription services. To do so, we specify and estimate two
alternative models. In the first model, inertia is driven by inattention, while in the
second, inertia stems from switching costs. The descriptive patterns are consistent
with either underlying source of inertia, and our data and variation do not allow us to
tease apart the relative importance of these mechanisms. Of course, the underlying
source of inertia—inattention or switching costs—may have implications for policy.
We return to this issue in our discussion of policy responses below.

Because the focus is on the revenue impact for sellers rather than the utility impact
on consumers, the models are static and highly stylized and should be viewed as
a positive (rather than normative) description of renewal behavior. Other than the
source of inertia, we try to keep the models as similar as possible.

A. Inattention Model

Consider a specific subscription service, which is associated with a monthly sub-
scription price p,'” and a potential subscriber i, whose flow utility from the service
during month ¢ is denoted by u;,.

We assume that u;; follows a Markov process, such that u;, ~ F ( . 1), and
that consumers—once they are already subscribed—do not take into account any
dynamic considerations, so their renewal decision only relies on the comparison
between the flow utility u;, and the price p. This latter assumption is consistent with
consumers being myopic or alternatively with consumers being forward looking but
failing to anticipate their future inattention.

Given these assumptions, all new subscribers must have #;, > p in the month in
which they subscribe to the service for the first time, so we normalize the sign-up

9The estimation below is carried out on a service-by-service basis, so we omit service subscripts for exposi-
tional clarity throughout.
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FIGURE 2. RETENTION RATE BY MONTHS SINCE SIGN-UP, ALL SUBSCRIPTION SERVICES AND COHORTS

Notes: Figure shows the adjusted retention rate, i?,, (x) by month since sign-up, separately by groups of cohort with
card replacement at 6, 12, or 18 months after sign-up and subscription service (denoted by the letter in the top right
corner of each panel). The adjusted retention rate aggregates across cohorts net out calendar-month fixed effects.

See Section II for details.

month to # = 0 and denote the cross-sectional distribution of u;, for new subscribers
by G(uio‘ Uiy > P)-
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In a typical month ¢, a subscriber can be either attentive or inattentive. If inat-
tentive, the subscriber automatically renews the subscription. If attentive, the sub-
scriber renews if and only if u; > p. Subscribers are attentive in a given month
with probability A; € (0, 1]. Importantly, in the first month after card replacement,
we assume subscribers are perfectly attentive (A = 1) because they are asked to
actively enter the details of their new card.

Parametrization.—We define the net flow utility as v; = u; — p and assume
that it follows an AR(1) process (without a constant),

(4) Vie = PVig—1 T+ E€irs

where ¢, follows a mean-zero normal distribution with a standard deviation that is nor-
malized to one. We assume that the distribution of initial net utilities—G(uio |ug > p)
or equivalently G(vy|vj > 0)—is given by an exponential distribution, v,y ~
Exp( 77) , which has a mean and standard deviation 7. Finally, we assume that the atten-
tion probability A is the same across people and over time (for a given service). We
explore alternative assumptions in Section IIIE.

Taken together, the model can be summarized by three service-specific param-
eters: the trajectory of flow utility from the subscription service (p), the extent to
which new subscribers are close to the renewal margin (7), and the monthly proba-
bility of attention (). In Supplemental Appendix A we illustrate some of the mod-
el’s comparative statics and provide intuition about the way the descriptive patterns
map to the model’s parameters.

Estimation—We estimate the model separately for each subscription service
using the method of simulated moments. Specifically, we focus on matching the
moments in Figure 2: the adjusted retention rates Rn(x) for each subscription ser-
vice, which vary by month since sign-up n and months between card replacement
and sign-up x (which takes on values of 6, 12, or 18 months). To account for the
fact (mentioned earlier) that we cannot perfectly time the month of card replace-
ment, we omit the month of card replacement from the set of moments we try to
match.”Y Overall, for each subscription service, we have 66 moments: for each of
the three values of x (6, 12, and 18 months after initial subscription), we have 23
monthly retention rates, and we use all of them except the month in which the card is
replaced. In estimating the parameters, we weight each moment by its correspond-
ing cohort size (Z; N(s;s,x)).

To construct model predictions for a given set of parameter values, we use the
model to simulate retention rates as a function of the three model parameters p, A,
and 7 (see Supplemental Appendix B for more details) and estimate the parame-
ters by minimizing the quadratic distance between the simulated moments and their
empirical counterparts. While the parameters are allowed to vary flexibly across

29For example, if card replacement occurs in month six, Figure 2 shows the sharp drop in retention rates occur-
ring over month six and month seven. By omitting the month-six retention rate from the set of moments we match
in estimation, we are essentially allowing the card replacement to occur in either month six or month seven.
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subscription services, we require them to be the same for a given subscription ser-
vice across the three values of x (6, 12, and 18).

B. Switching Costs Model

The switching cost model hews as closely as possible to the inattention model,
retaining the same parametric assumptions about the initial distribution of v, and its
evolution over time.

The key modification we make is to the treatment of inertia. Instead of modeling
it as arising from inattention, we assume that subscribers are fully attentive every
month but face a (symmetric) switching cost x.>! In months without card replace-
ment, subscribers pay the switching cost to cancel, and so they renew if and only if
v;; > —k. In months with card replacement, subscribers pay the switching cost to
renew, and so they remain subscribed if and only if v; — x > 0. For internal con-
sistency, we assume that initial subscribers also face the switching cost when they
sign up, which means that v;y is drawn from the Exp(7) distribution that is truncated
from below at  rather than from the unconditional distribution Exp(7).

Like the inattention model, the switching cost model is summarized by three
service-specific parameters: the trajectory of flow utility from the subscription ser-
vice (p), the extent to which new subscribers are close to the renewal margin (7),
and the switching costs (k). As before, we estimate the model separately for each
subscription service, matching the moments shown in Figure 2, and we allow the
parameters to vary flexibly across subscription services but require them to be the
same for a given subscription service across the three values of x (6, 12, and 18).

C. Model Fit and Parameter Estimates

The parameter estimates for the inattention and switching cost models are shown
in Table 1. Supplemental Appendix Figures B4 and B5 show the fit of the two mod-
els, plotting the predicted retention rates from the estimated model against their
empirical counterparts, service by service. In general, the fit of the model is quite
good, especially when taking into account the stylized nature of the model and the
fact that it only has three parameters for each subscription service.”? >

The estimates of the inattention parameter A are straightforward to interpret. The
natural benchmarks are A = 1, when consumers are fully attentive every period,
and A = 0, when consumers are fully inattentive every period. The estimates of A
range between 0.045 (service I) to 0.502 (service G) across subscription services.
For service I, almost all subscribers in a given month are inattentive and renew their

2'n principle, switching costs could be asymmetric. For instance, Fraccaroli, Mahoney, and Thabet (2024)
find that many newspapers impose “sludge” that makes it difficult to cancel subscriptions, and the recently final-
ized Federal Trade Commission click-to-cancel rule is designed to reduce unnecessarily large cancellation costs.
However, the cancellation patterns we observe only allow us to identify the sum of renewal and cancellation costs.

22We note again that the model, by design, does not try to fit the fact that in the data the drop in retention rates
covers two months rather than one. As discussed before, this is an artifact of our inability to perfectly time the card
replacement in the data, and it is a pattern that we intentionally do not aim to replicate with the model.

23 Because we use the same moments for estimation, the objective function is comparable across the inattention
and switching cost models. For half of the subscription services the fit is essentially identical, while for the other
half the inattention model performs a little better.
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TABLE 1—PARAMETER ESTIMATES BY SUBSCRIPTION SERVICE

Inattention Switching Costs
Service p A n p K n
A 0.987 0.111 0.864 0.981 1.081 0.761
(0.003) (0.002) (0.023) (0.002) (0.011) (0.023)
B 0.841 0.180 0.004 0.898 0.848 0.004
(0.011) (0.002) (0.000) (0.003) (0.009) (0.000)
C 0.947 0.271 1.596 0.949 0.567 1.485
(0.006) (0.014) (0.099) (0.005) (0.034) (0.129)
D 1.019 0.090 1.407 1.001 1.213 1.276
(0.014) (0.006) (0.141) (0.007) (0.055) (0.181)
E 0.999 0.131 2.560 0.998 0.986 2.111
(0.002) (0.003) (0.049) (0.001) (0.012) (0.044)
F 0.979 0.093 1.961 0.980 1.215 1.839
(0.007) (0.004) (0.121) (0.004) (0.032) (0.137)
G 0.945 0.502 3.829 0.944 0.234 3.909
(0.003) (0.000) (0.072) (0.002) (0.007) (0.063)
H 0.999 0.095 3.208 0.997 1.177 2.825
(0.003) (0.002) (0.081) (0.002) (0.017) (0.093)
I 1.058 0.045 0.475 1.001 1.769 0.444
(0.041) (0.003) (0.104) (0.006) (0.060) (0.131)
J 0.819 0.288 0.229 0.853 0.662 0.058
(0.011) (0.006) (0.023) (0.005) (0.010) (0.015)

Notes: Table reports parameter estimates and bootstrapped standard errors (in parentheses) for the inatten-
tion model (first three columns) and switching cost model (last three columns) described in Section III. We
estimate the model separately for each of the ten subscription services, A-J. The standard errors are the stan-
dard deviations of the 1,000 bootstrap estimates.

subscription in a passive way, suggesting that inertia contributes significantly to the
seller’s revenues. This can loosely be seen in the shape of the retention rates for
service I: a flat pattern before and after card replacement and a very sharp decline
at card replacement, during which more than 30 percent of subscribers are lost. For
service G, the empirical pattern is quite different: a fairly steep decline in retention
rates over time and only a small incremental decrease in the month of card replace-
ment. Yet even for this case, our estimate of \ is well below one, implying that (on
average) subscribers make an active decision only every two months.

The estimates of the switching cost parameter  are harder to interpret. Our pre-
ferred approach is to compare them to the 7 parameter that represents the mean
and the standard deviation of the initial consumer surplus (since it is exponentially
distributed). Like other papers with switching-cost-type parameters (Handel 2013;
Berger et al. 2021), our estimates of switching costs are quite large and sometimes
implausibly big. The median ratio of switching costs to consumer surplus is 0.8, and
three services (B, I, and J) have ratios of three or larger. As shown in the top panel
of Supplemental Appendix Figure B6, the attention and switching cost estimates are
strongly negatively correlated across services (correlation of —0.92). Naturally, ser-
vices that are rationalized by low attention in the inattention model are rationalized
by high switching costs in the switching cost model.

The majority of the estimates of the p parameter are very close to one, sug-
gesting that preferences for the service are (on average) stable after sign-up, and
approximately follow a random walk. For several of the services, estimates of p are
well below one, implying that these services may find it difficult to retain consum-
ers for longer durations. These are services that may benefit the most from inertial
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consumers. Supplemental Appendix Figure B6 shows that the estimates of p are
very similar across models (correlation of 0.96).

The 7 estimates reflect the extent to which new subscribers who sign up for the
service are mostly marginal subscribers who are at risk of quickly unsubscribing
absent inertia (low 7) or mostly inframarginal subscribers who would require a
sequence of negative preference shocks before they cancel (high 7). The estimates
are quite heterogeneous across services. Service B draws almost entirely marginal
subscribers (n = 0.004 for both models), while services E, G, and H are associ-
ated with relatively high n estimates that are greater than two. Again, as shown in
Supplemental Appendix Figure B6, the 7 estimates are very similar across models
(correlation of 0.99).

D. Counterfactual Exercises

The Impact of Inertia on Revenues.—We now use the models to quantify the
impact of consumer inertia on seller revenues. To do so, we use the two models and
their estimated parameters described above and simulate the renewal decisions of a
cohort of initial subscribers over ten years (120 months). For the inattention model,
we assume a baseline where subscribers face no card replacement throughout, so
they are attentive each period with probability A\. We then repeat the same exercise
but assume fully attentive subscribers (A = 1) and compare the results. For the
switching cost model, we assume a baseline where the default is automatic renewal
and so the subscriber has to pay a cost x to cancel, and we then repeat the exercise
where the default is automatic cancellation and the subscriber has to pay a cost x to
renew. Throughout, we make the simplifying assumption that subscribers who do
not renew are lost “forever.” This is a strong assumption but can be motivated by the
observation that getting old subscribers to resubscribe to the subscription service
could be almost as costly as attracting “fresh” subscribers. We discount revenues at
a rate of 1 percent per month.*

The results are shown in Table 2, with panel A displaying results from the inat-
tention model and panel B displaying results from the switching cost model. The
first column of the table shows the share of consumers who are unaffected by the
counterfactual exercise because they remain subscribed even without inertia. For
the inattention model, the second column of the table shows the average number
of months that the remaining affected consumers subscribe when they are atten-
tive with probability A\ every period, and the third column shows the average num-
ber of months they subscribe when they are fully attentive in every month. For the
switching cost model, the second column shows the average number of months if
the default is renewal and consumers have to pay the switching cost to cancel, and
the third column shows the average number of months if the default is cancellation
and consumers have to pay the switching cost to renew.*> The last column reports
the ratio of the revenues (measured by the number of subscriber-months) the seller
obtains (over a horizon of ten years) between these two scenarios.

24The revenue benefits from inattention are not very sensitive to discounting.
23 For this counterfactual, we hold fixed the initial valuation draws v;, and assume that subscribers are defaulted
into cancellation, rather than renewal, and remain subscribed if v;; + > 0.
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TABLE 2—REVENUE IMPACT OF INERTIA

Avg. months subscribed

Service Share unaffected If inattentive If attentive Revenue ratio

Panel A. Inattention

A 0.04 37.0 13.7 2.10
B 0.00 14.2 3.9 3.30
C 0.00 21.8 13.7 1.51
D 0.28 42.0 9.4 1.59
E 0.21 41.9 20.3 1.40
F 0.04 45.2 20.0 1.87
G 0.00 23.8 20.4 1.14
H 0.24 49.3 22.9 1.41
1 0.26 54.7 3.9 2.16
J 0.00 9.9 4.2 2.25
Mean 0.11 34.0 13.2 1.87

Avg. months subscribed

Share unaffected If default renew If default cancel Revenue ratio

Panel B. Switching costs

A 0.02 36.8 12.1 2.49
B 0.00 14.2 3.6 3.59
C 0.00 21.9 12.2 1.69
D 0.14 48.1 14.2 1.92
E 0.17 45.8 19.0 1.56
F 0.03 45.2 18.4 2.04
G 0.00 23.5 19.7 1.17
H 0.19 525 22.6 1.54
1 0.09 56.8 9.2 3.13
J 0.00 10.1 33 2.90
Mean 0.06 355 13.4 2.20

Notes: Table reports our counterfactual estimates on how inertia affects firm revenue. Panel A shows
results using the model of inattention, while panel B shows results using a model with switching costs.
For each subscription service, we simulate the monthly subscription choice of 100,000 hypothetical
subscribers for 120 months after sign-up. Column 1 in each panel reports the share of subscribers
not affected by inertia because they never cancel even if they make an active choice in every month.
Columns 2 and 3 show (for subscribers that cancel at some point absent inertia) the average number of
months they are subscribed with and without inertia, respectively. Column 4 shows the revenue ratio
with and without inertia, aggregating over both affected and unaffected subscribers. We construct the
revenue ratio as follows: For each subscription service, we simulate the monthly subscription choice
of 100,000 hypothetical subscribers for 120 months after sign-up. The denominator is the discounted
sum of monthly subscribers if consumers make an active choice in every month (i.e., if consumers
are fully attentive in the inattention model and default into cancellation in the switching costs model).
The numerator is the discounted sum of monthly subscribers if subscribers are never required to make
an active choice and only pay attention with probability A every month (inattention) or face default
renewal (switching costs). We discount future revenues at a rate of 1 percent.

Overall, we find that the revenue effects from inertia are substantial and highly
heterogeneous across subscription services. Under the inattention model, estimated
attention—relative to the counterfactual of full attention—raises revenue by 87 per-
cent on average, with a range of 14 percent for service G to 230 percent for ser-
vice B.?% In other words, if consumers were fully attentive, the average subscription
duration would drop from 23.8 months to 20.4 months for service G and from 14.2
months to 3.9 months for service B. It is plausible to suspect that, from a business

26 Supplemental Appendix Figure B7 illustrates the mapping between the model parameters and the implied
revenue ratio.
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perspective, the inattention of their consumers has a first-order relevance for sub-
scription services like B.

The switching cost model predicts even larger revenue effects, with the average
service seeing an increase in revenue of about 120 percent, compared to 87 per-
cent under inattention. There is similar heterogeneity, with revenue increases
ranging from 17 percent to 259 percent across services. As shown in Figure B6,
the revenue ratios for each service are highly correlated across models (correlation
of 0.94).

Exploring the Impact of Possible Policy Responses.—Our modeling framework
does not allow us to conduct a full welfare analysis of potential policy responses.
Due to limitations of our data and variation, we take as fixed the pool of initial sub-
scribers, prices, and product offerings. Under policy counterfactuals, these features
could change in ways that may offset our revenue estimates.

Moreover, as discussed, we are unable to tease out the relative importance of inat-
tention and switching costs in driving subscriber behavior. If inattention is the pre-
dominant factor, there may be a rationale for policy that induces consumers to make
active decisions or alerts them of their subscriptions. If switching costs are key, then
the policy rationale is less clear. If switching costs are welfare-relevant, immutable
features of the environment, then policy intervention may not be justified. However,
if switching costs are not welfare relevant or can be reduced through appropriate
interventions, then there may be a case for policy intervention.

These limitations notwithstanding, it is useful to conduct some simple counter-
factual exercises, both to provide a qualitative sense of how subscription patterns
might evolve in our stylized setting and because these estimates could be combined
with outside estimates of unmodeled factors to build toward a more comprehensive
policy assessment.

A natural policy remedy to consider, in the spirit of recent Federal Trade
Commission (2021) guidance, is one that reduces inertia by requiring subscribers to
make an active choice on a periodic basis. During these active choice periods, the
subscription would terminate unless the consumer actively chooses to renew it (inat-
tention model) or pays the switching cost of renewing it (switching cost model).

Figure 3 reports the revenue ratio by subscription service when consum-
ers are counterfactually induced to make an active choice every X months, with
X € {1,3,6, 12, 18,24,00}. In the inattention model, requiring an active choice
every six months would reduce the excess revenue from inattention by 45 per-
cent, nearly halfway between the extremes of full inattention (active choice every
oo months) and full attention (active choice every 1 month). In the switching cost
model, defaulting consumers into cancellation every six months would reduce
excess revenue by 48 percent.

E. Robustness and Heterogeneity

Robustness.—To examine the sensitivity of our findings, we estimate several
alternative specifications of the baseline inattention and switching cost models.
Panels A and B of Supplemental Appendix Table B3 summarize these results,
reporting summary statistics for the estimates of A, x, and the revenue ratios across
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Panel A. Inattention model
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FIGURE 3. REVENUE IMPACT OF REQUIRED ACTIVE CHOICE

Notes: Figure shows the revenue impact of requiring subscribers to make an active choice every 1, 3, 6, 12, 18,
24 months, or never (co0) by subscription service under a model of consumer inattention (top panel) and switch-
ing costs (bottom panel). The plot shows the ratio of revenue under a counterfactual where consumers make an
active choice every X months to revenue under a counterfactual where subscribers make an active choice in every
month. We construct the revenue ratio as follows: For each subscription service, we simulate the monthly subscrip-
tion choice of 100,000 hypothetical subscribers for 120 months after sign-up. The denominator is the discounted
sum of monthly subscribers if consumers are required to make an active choice every month (i.e., if consumers are
fully attentive in the inattention model and default into cancellation in the switching costs model). The numerator
is the discounted sum of monthly subscribers if consumers make an active choice every X months. We discount
future revenues at a rate of 1 percent. The baseline is that subscribers are never required to make an active choice
(00) and only pay attention with probability A every month (inattention) or face default renewal (switching costs).
Supplemental Appendix Table B2 provides the underlying numbers in both plots.

subscription services, as well as how these service-level objects correlate with those
from the baseline model.

The first two rows of panel A report results from specifications that allow inat-
tention to vary over time since sign-up. The results from both specifications are
similar to the baseline results. The third and fourth rows of panel A consider a
case of A < 1 at card replacement, which accounts for the possibility that when
a card is replaced, some merchants may be able to update payment information
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automatically for some consumers. Our estimates of A remain almost the same,
although the revenue ratio results become even more striking.

Panel B reports results from a similar exercise using the switching cost model.
Specifically, we assume that only a subset of consumers are defaulted into cancel-
lation when their card is replaced, while the rest default to renewal. This alternative
assumption tends to increase our estimates of both x and the revenue ratio, consis-
tent with the findings from panel A.

Heterogeneity across Consumers.—Supplemental Appendix Figure B8 shows the
retention rates separately for the 1.4 percent of consumers who used their card at
some point for a cash advance, which is a proxy for low financial sophistication
(Agarwal et al. 2009), and consumers who never took out a cash advance.?’ There
is a sharper drop in retention rates around card replacement for consumers who take
out cash advances, which is indicative of greater inertia among these consumers.

In panels C and D of Supplemental Appendix Table B3, we show results from
reestimating the baseline model for these two groups of consumers separately
for the inattention and switching cost model. Consistent with patterns shown in
Supplemental Appendix Figure B8, consumers who used cash advances are less
attentive (lower \) and have a revenue ratio that is 75 percent larger on average.
Although we find it less natural to interpret this heterogeneity through the lens of
the switching cost model, the switching cost estimates are also larger for the cash
advance group. These patterns are (weakly) persistent across all subscription ser-
vices (Supplemental Appendix Figure B9).

We have also explored heterogeneity along other cardholder attributes but do not
detect meaningful heterogeneity by demographics of the zip code where the account
holder has the largest number of transactions (not reported).

Heterogeneity across Subscription Services.—The A\ and k estimates vary sub-
stantially across the ten subscription services we study. This heterogeneity could
reflect a combination of differences in the nature of the services as well as hetero-
geneity in the consumers who purchase them. Quantifying the role of subscription
service characteristics is challenging. The services differ along many dimensions,
including their product categories, whether they provide digital or physical goods,
and their salience to inactive users. With only ten subscription services and multiple
dimensions of heterogeneity, it is hard to attribute the differences in A or s to spe-
cific factors.

To try to disentangle the role of consumer characteristics from subscription ser-
vice characteristics, we separately analyze a subset of cardholders who signed up for
multiple subscription services. For four of the most common pairs of services, we
estimate the baseline model separately for the cardholders who subscribed to both
services and for those who subscribed to only one. If consumer characteristics drive
most of the heterogeneity, the A estimates should be more similar when we hold the
set of subscribers fixed (that is, when we estimate the model using the population
of those who subscribe to both services) relative to the A estimates recovered from

27Cash advances allow cardholders to borrow a certain amount of cash against their credit card’s balance. It is
often associated with fees and high interest rates, so it is widely considered an expensive form of borrowing.
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other consumers. Unfortunately, the results are mixed and do not allow us to draw
strong conclusions.*®

IV. Conclusions

In this paper, we use payment card replacement to examine the consequences
of consumer inertia for subscription revenue. Focusing on ten large subscription
services that we can reliably identify in our data, we document a sharp drop in the
monthly renewal rate when the payment card is replaced relative to other months
when the subscription is automatically renewed without an active decision by the
consumer.

We specify and estimate stylized models where inertia either arises from inatten-
tion or switching costs. In both models, we find that inertia roughly doubles sub-
scription revenue relative to counterfactuals with full attention (inattention model)
or default cancellation (switching costs model). We also estimate substantial hetero-
geneity, with the excess revenue from inertia ranging from less than 20 percent to
more than 200 percent across subscription services. Our counterfactuals hold fixed
the pool of initial subscribers (extensive margin) and prices or product offerings;
endogenizing these factors may lead to smaller revenue effects.

While this inertia raises concerns about firms exploiting “behavioral” consumers,
automatic renewal also conveys convenience benefits, suggesting that the extreme
policy of requiring consumers to make an active renewal choice every month may
not be optimal.*” We quantify the revenue impact of more balanced remedies, which
would require active renewal at intermediate frequencies. We find, for example, that
requiring consumers to make an active choice every six months cuts the excess
revenue from inertia by about half. For some types of subscription services, such as
those for digital goods, requirements could depend on account activity (e.g., firms
could be required to obtain active renewal for accounts that have been dormant for
a certain period of time). Exploring these policies would require data with product
use and is an interesting topic for future work.

We highlight two important caveats, which we referenced earlier, to the inter-
pretation of our results. First, a key limitation of our study is that we condition on
the initial subscription decision. As Miller, Sahni, and Strulov-Shlain (2023) docu-
ment in the context of newspaper subscriptions, the propensity to subscribe is also
affected by the autorenewal features of the contract. Combining the initial subscrip-
tion and monthly renewal decisions would be a promising direction for future work.
Second, given the limited variation in our data, we do not model the pricing behavior
of sellers, which could be impacted by policy interventions that reduce consumer
inertia (Dubé, Hitsch, and Rossi 2010; Cabral and Villas-Boas 2005). A complete

28 For two of the pairs (services A and E, and services E and H), we estimate As that are more similar for the
cardholders who subscribed to both. Yet, for the pair of service A and service H, we find that consumers who sub-
scribe to both have As that are equally far apart as those who subscribed to a single service. For the pair of services
E and G (a pair that displays large difference in the estimate of \), we find that the estimates of As for those who
subscribed to both closely resemble the baseline estimates. See Supplemental Appendix Figure B10.

29For example, if inertia stems from switching cost, a “forced” active renewal would result in many consumers
paying their switching cost every month to renew their subscription.
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welfare analysis that considers the equilibrium effects of reducing inertia is outside
the scope of our analysis but is another interesting area to explore.
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