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Abstract. We examine how operational or technological transformation impacts consumer
value, as well as the effectiveness of a firm’s pricing strategies. We develop a model of
multidimensional screening featuring forward-looking consumers who make short-run
consumption and long-run purchase decisions. Using a detailed panel of consumer data
from a rental-by-mail firm, we estimate consumer utility for current consumption, obtaining
heterogeneous preferences for bunching and smoothing consumption. Using counterfactual
analysis, we evaluate the impact of improving service time. We find that the firm with im-
proved service timemight createmore value for all consumers, but its profits and even revenues
could diminish because value extraction becomes more difficult. We find a novel mechanism
that causes this effect, which is driven by increased consumer heterogeneity in the valuation for
each product and reduced differentiation across products. This result persists evenwhen the firm
can reoptimize its price levels based on the service time. We find that a change in the pricing
strategy might be required for the firm to obtain higher revenue with improved service time.
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1. Introduction
The operational and technological environments that
firms face often undergo significant changes that im-
pact both firms and consumers. We empirically study
how such improvements impact consumers and firms.
When such changes improve service quality or service
time, they have the potential to create significantly
more value for consumers, and they may have dif-
ferential impacts across multiple dimensions of value.
Firms also need to tailor their pricing to continue to be
able to extract the surplus that is created in such a case.
More specifically, we develop a model from micro-
foundations to examine the following questions:

a. How do improvements in service time due to
operations or technology impact consumers’ consump-
tion choices and willingness to pay for the service?
How are the different dimensions of consumer value
each impacted by the service time improvement?

b. Do operations or technology quality improve-
ments (by decreasing service time) make customer seg-
mentation easier or more difficult? What are the
revenue and profit impacts of these quality im-
provements? Does the firm always benefit from such
improvements?

c. In a multidimensional screening setting, which
pricing mechanisms allow the firm to capture greater
value? Which mechanisms are better able to achieve
the trade-off between surplus creation and surplus
extraction for long and short service time?
Our empirical setting is that of a firm providing

rental-by-mail (RBM) movies—the Netflix DVD model,
whereby the service or service time plays a critical role in
consumer valuations of the firm’s product. We develop
a model of consumer choices from microfoundations,
to be able to characterize how the service time impacts
consumer utilities, and consequently, choices.
The unique data contain a representative sample of

consumers, for whomwe observemonthly payments,
and detailed, daily-level movie shipping records. The
data reveal a number of interesting patterns. First, we
find that consumers watch many fewer movies than
the plan allows, foregoing immediate consumption.
Second, consumption is more likely to occur when con-
sumers hold a long level of inventory or have shorter
service times, everything else being equal. Third, con-
sumers exhibit inertia in plan choice. Fourth, the ser-
vice time (operational effectiveness) has a significant
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effect on consumers’ demand dynamics. Each of these
findings has important managerial implications.

We develop an empirical framework of consumers’
shorter-term (daily) consumption choices and longer-
term (monthly) purchase choices, which captures the
empirical features of the RBMmodel. The framework
is readily customizable to other settings. This model
of quantity choice features an ordered choice frame-
work for consumption and plan choices; it is developed
from microfoundations and can be applied to similar
choice settings. We use this framework to (a) charac-
terize consumers’dynamic decision-making processes
and quantify the distribution of their valuations of the
service; and (b) assess the effects of the service time
resulting from improved operations or technological
changes. We evaluate how firm costs, which are driven
by consumers’ consumption decisions, and revenue,
derived from purchase decisions, are both impacted by
changes due to operational and technological changes.

We model the intertemporal trade-offs inherent in
consumer dynamics across short-run and long-run
time scales. First, in the short-run dynamics, the con-
sumer trades off immediate versus future consumption.
Consumers in our model are heterogeneous in multiple
dimensions, in terms of their taste for consumption and
in terms of whether they prefer intertemporal smooth-
ing or bunching. Second, with regard to long-run dy-
namics, the consumer trades off the subscription price
and the additional flexibility in consumption (e.g., more
movies in the mail). This decision is impacted by the
set of products available from the firm. Our model
explicitly characterizes these two types of trade-offs
induced by the plan quota and service time.

Estimating the model with heterogeneous consumers
brings about a number of computational challenges.
Modeling both the short-run and long-run dynamics
requires us to characterize a very large state space. We
adapt the estimation framework developed by Imai
et al. (2009) (IJC), which allows a flexible, hierarchical
Bayesian model of individual-level heterogeneity.

From the firm’s perspective, we have a multidi-
mensional screening problemwhereby the firm offers
a menu of contracts and heterogeneous consumers
self-select. We examine a number of counterfactual
scenarios by altering the service time. We find a non-
monotonic relationship between operational perfor-
mance and both profits and even revenues for the
firm.We uncover two general mechanisms underlying
these findings and find that reducing service time can
increase consumer heterogeneity in valuations, mak-
ing itmoredifficult to extract surplus. To the best of our
knowledge, this effect and mechanism have not been
examined or suggested, either empirically or theo-
retically. Further, we show that the firm could over-
come this pitfall by changing its pricing strategy,
either by charging a unit price or by customizing the

subscription prices according to the service time. Fi-
nally, we examine the case when the service time is
zero, with this instantaneous delivery motivated by
streaming services, such as Netflix. We show that the
bundling of the streaming service using monthly
subscriptions can be profitable, but only when mar-
ginal costs are fairly low. These findings illustrate the
importance of understanding the interaction between
value creation (based on service time) and value ex-
traction (based onpricing strategy) and showhow they
must be aligned to avoid a harmful outcome.
More broadly, vertical quality-type improvements

are considered to be better for surplus generation for
consumers, aswell as for surplus capture byfirms.We
demonstrate the critical role of the pricing strategy in
this argument. We show that reoptimizing the price
levels to account for such improvements may not be
sufficient and that exogenously improving service
time (“quality”) might be harmful. Specifically, the
firm’s revenue and profits could decreasewith service
time improvements, unless the firm changes its pricing
strategy or value capture mechanism.
Another way to view our results is that business

model choices that were appropriate for low opera-
tional effectiveness might prove harmful for profit-
ability when we have operational improvements. We
empirically demonstrate how pricing strategy has the
ability to shape both how much value is created for
consumers and how much value can be captured.
Consumer heterogeneity in product valuations plays
a critical role and can increase when operations and
technology improve, and we are able to characterize the
valuation with our microfoundations-based model.
Our major contributions involve the examination

of consumer choices, as well as optimal firm pricing
strategy under changing operational or technological
environments. First, there are few empirical charac-
terizations of how operational effectiveness (service
time) impacts consumer value (willingness to pay
[WTP]) and different dimensions of value (we exam-
ine both consumption value and option value). Spe-
cifically, we quantify how firm actions impact the
distribution of valuations (WTP) andhow these change
for each of the firm’s product offerings, owing to im-
provements in service time.
Our results suggest that improvements in service time

resulting from operations or technology can make it
more challenging for the firm to extract surplus. There
are two underlying reasons for this result, and we in-
troduce a new mechanism to the literature at the inter-
face of marketing and operations. First, we find that the
heterogeneity in valuations for each product (plan) in-
creases when service time is reduced. Increased hetero-
geneity makes it more challenging for the firm to capture
surplus. Second, we find that with improved service
time, consumers’ valuations across the products actually
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become more similar, making segmentation much
more challenging using a menu of product offerings.
Both these factors diminish the firm’s ability to extract
its share of the surplus, even though improved service
time unambiguously increases the total available surplus.

Second, we demonstrate how moving from one pric-
ing strategy to another impacts revenues and profit-
ability, incorporating the strategic responses of forward-
looking customers. Third, we empirically identify how
pricing mechanisms that create the most surplus may
be less profitable for the firm. We also characterize the
pricing strategy (mechanism) that improves surplus
extraction as operational effectiveness increases. Finally,
we show that the firm needs to change not only price
levels but also its pricing strategy in response to im-
proved operations; otherwise, it might actually gen-
erate lower revenue with operational improvements.
Overall, we find that the potential misalignment be-
tween operational efficiency and the pricing strategy
can be costly, in terms ofmissed profits in the short run,
and tempered incentives for the firm to invest in op-
erational and technology changes in the long run. Firms
need a systematic framework to understand consumers’
consumption and purchase decisions, before and after
the operational and technological changes. Consequently,
the firm can adapt its pricing strategies accordingly to
be alignedwith the operational and technology changes
and to identify the appropriate boundary conditions for
the applicability of alternative pricing options.

The rest of the manuscript is organized as follows.
We examine related literature (Section 2) and provide
institutional details regarding the setting and data
patterns (Section 3). We then present the model (Sec-
tion 4), identification and estimation (Section 5), re-
sults (Section 6), counterfactuals (Section 7), and
discussion (Section 8).

2. Literature Review
Our research contributes to multiple streams of litera-
ture. First is the link between the operations and mar-
keting capabilities of the firm, which contribute to the
overall profitability of the firm. There are few empirical
studies that have demonstrated how the effectiveness
or pricing or other marketing strategies are impacted
by operational or technological transformation. We both
demonstrate this connection in our empirical setting and
uncover a novel mechanism that causes the effects.

Our paper is closely connected to the price discrimi-
nation and product differentiation literature, especially
second-degree price discrimination with consumer self-
selection fromaprice–quantitymenu(Mussa andRosen
1978, Maskin and Riley 1984). Because subscrip-
tion plans vary by the amounts of quotas, subscrip-
tion pricing is a special form of second-order price
discrimination studied under monopoly and com-
petition (Rochet and Stole 2002, Stole 2003, Crawford

and Shum 2007). A related study has examined the
potential value of first-degree price discrimination in
Netflix movie rentals, using high-dimensional data to
connect browsing behavior and consumer character-
istics to valuations (Shiller 2014). Informed by the
throttling practice of Netflix, the RBM rental firm
could also implement location-based pricing (Miller
and Osborne 2014, Ngwe 2017). Firms that offer
multiple quantity levels are also known to distort
their quantities from the first best under incomplete
information (McManus 2007). However, in our case
the plan quota is discrete with Q = 1, 2, or 3.
However, this stream of literature has not consid-

ered the impact of operational or technological
changes, which cause the novel mechanism for lower
profitability under better service time.We believe that
our contribution is the first to empirically make this
connection. Through the lens of themultidimensional
screening literature (Armstrong and Rochet 1999),
consumers of the RBM service may have different
value dimensions. Thus, the pricing decision by our
focal firm involves using different subscription plans
to separate consumers. To the best of our knowledge,
we are the first to study the multidimensional screen-
ing problem in the context of different pricing strategies.
Another stream of literature evaluates the rental-by-

mail business model, with theoretical models. Among
the issues examined are the implications for the rental
firm’s purchasing, stocking, and inventory alloca-
tion decisions (Bassamboo et al. 2009), waiting costs
(Cachon and Feldman 2011), service time, and usage
and pricing strategies (Randhawa and Kumar 2008,
Tong and Rajagopalan 2014). However, our primary
questions of interest have not been examined here.
More broadly, our empirical framework models in-

dividual, daily-level consumption decisions and flexi-
bly captures both the observed drivers of consumption
decisions and unobservables (e.g., the amount of time
available to watch movies) that may create correla-
tions between consumption decisions. Unlike existing
studies, our framework explicitly recognizes the
closed-loop delivery process of the RBMprocess and the
temporal interdependence between consumption de-
cisions. Second, these studies also greatly simplify con-
sumers’ purchase decisions, so that the firm’s pricing
decisions are limited to setting a single subscription
fee or a per-usage fee. Our distinct framework in-
tegrates both consumption and purchase decisions
and examines a wide range of pricing strategies.

3. Empirical Setting and Data
Our empirical setting is the rental-by-mail business
model. RBM services are widely adopted in the
United States: well-known examples include movie
rentals (e.g., Netflix), games (e.g., Gamefly), books
(e.g., Bookswim), and apparel (e.g., RentTheRunway).
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RentTheRunway alone now serves 9 million sub-
scribers.1 As the name suggests, RBM services typi-
cally use the U.S. Postal Service or courier services
to deliver the rental products to the consumer. The
delivery process is “closed loop”; that is, the company
ships a “new” rental product only after it receives a
returned product from the consumer. An important
operations aspect of the delivery RBM process, detailed
in Appendix A, is the service time, or the time it takes
for a complete shipment cycle (see Figure A.1). RBM
services predominantly use a subscription pricingmodel,
whereby the consumer chooses from a menu of sub-
scription plans for a specified period—typically one
month. Eachplan is characterizedbyaprice andamailing
quota (number of rental products checked out at a time).

We next describe the data and then examinemodel-
free evidence as well as evidence from reduced-form
models. Our objectives are twofold. First, we want
to gain insights into what drives consumers’ con-
sumption and purchase decisions. Second, we aim to
identify factors important to incorporate in devel-
oping a structural model, and others that might be
reasonably abstracted away.

3.1. Empirical Setting and Data Description
An anonymous online movie rental service in the
United States (henceforth the “focal firm”) provided
the data on the condition of confidentiality. The focal
firm operates on the same business model as Netflix.
It uses U.S. Postal Service first-class mail to send its
subscribers DVDs, along with postage-prepaid en-
velopes for the return of DVDs. The focal firm offers
niche content of family-friendly movies and, with
fewer than 100,000 subscribers, it is small compared
with Netflix. It offers four regular subscription plans,
with mailing quotas of one, two, three, and five, re-
spectively. We focus on the three most popular plans
with quotas one, two, and three. We refer to these
plans as the “Low plan,” “Medium plan,” and “High
plan,” respectively. The same set of plans was offered
during the entire observation period, and there were
no changes in the monthly subscription prices: $11.95
for the Low plan, $19.95 for the Medium plan, and
$29.95 for the High plan. The firm’s subscription
policy is that by default, the consumer’s current sub-
scriptionplanwill be renewed for thenextmonthlybilling
cycle. Furthermore, the consumer may only change her
plan at the beginning of, but not within, a cycle.

The data set contains detailed information about
the payment and shipping records for a representa-
tive sample of 400 consumers observed between
August 2003 and May 2005, for approximately two
and a half years. Each consumer is identified by a
firm-assigned ID and a (partial) credit card number.
The payment history records for each consumer in-
clude the amount and date. By matching the payment

sequence and the menu of plans offered, we recon-
struct the purchase sequence (i.e., plan choices) of a
consumer. We use the first payment date to determine
when the consumer joined the service and the last
payment to determine consumer exit.
The focal firm delivers to consumers nationwide

from a single distribution center in a mountain state.
Thus, there is natural variation in the service time
across consumers, based on the distance between the
distribution center and the consumer’s mailing ad-
dress. Specifically, the firm characterizes the service
time as either five days for consumers who are
geographically close or seven days for those who
are located farther away. The shipping history for a
representative consumer contains the rental records
for all rented movies during her subscription. Spe-
cifically, for each movie rental, we observe the exact
dates when it was sent out and received by the firm.
The rental records show that in almost all instances
(≥ 99.5%), the firm promptly shipped the same number
of movies to the consumer on the next business day after
it received the returned movies. Given that the con-
sumer needs to populate her own movie queue, there is
the potential issue that if the consumer has not added
a sufficient number of movies to the queue, the firm
would not be able to ship anything after it received a
product from the consumer, leading to the closed
loop being broken.2 In practice, more than 95% of
the consumers in our sample maintain a sufficiently
large number of movies in their queues.
We infer the date when the consumer received a

movie on the basis ofwhen themoviewas shipped out
by the firm and the one-way shipping time. Similarly,
the date of consumption is inferred using the date when
the movie was returned: this assumes that consumers
will return the movie immediately after watching it,
an assumption that has been made in the literature
(Milkman et al. 2009).
We construct the entire subscription and rental

history for all 400 consumers, spanning approximately
113,000 daily-level observations, detailed in Table 1.
For any given day when the consumer is an active
subscriber, we know the plan she subscribes to, the
number of days until the next payment, the number
of movies that she has available for immediate con-
sumption (movie inventory), and the number ofmovies
in the mailing process. From Table 1, observe first that
movie inventory and movies in the mail add up to
the quota, at individual and aggregate levels. Aver-
age movie inventory is 70.2% of the average purchased
quota, indicating service time can constrain consumer’s
usage. Second, the average daily consumption is
low (0.103), and higher during weekends. Third, the
Medium plan is the most popular, chosen in 73% of all
time periods, followed by the Low plan (14%) and the
High plan (13%). Fourth, consumers are approximately
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equally split between shorter and longer service times.
Finally, there is substantial variation in the number of
days consumers subscribe to the service.

3.2. Evidence from the Data
We present model-free evidence on consumption and
purchase decisions over time. We first consider a
number of likely seasonality (monthly and weekday/
weekends) and heterogeneous viewing preferences.
We then examine whether consumers demonstrate
consumption smoothing or bunching.

3.2.1. Effects of Movie Inventory and Service Time on
Consumption Rates. Because of the closed loop pro-
cess, the mailing quota is the sum of (1) movie in-
ventory and (2) movies in the mailing process, which
will be received later by the consumer. Observe that
the consumer’s maximum daily-level consumption is
restricted to her movie inventory, rather than quota.
The consumption probability varies according to (1)
quota, (2) the size of the movie inventory (zero, one,
two, and three), and (3) the individual-specific service
time (five or seven days).

A few observations follow from Table 2. First, the
overall consumption rate is low.For example, consumers
donotwatch anymoviemore than 85% of the time even
with multiple movies available. Second, for each of
the service times, the probability of having positive

consumption generally increases with the size of the
movie inventory. Third, comparing consumers with
different service times, we find that conditional on the
number of movies available, the longer the consumer
needs towait (i.e., a longer service time), the lower the
consumption probabilities. The same pattern is ob-
served for all three levels of nonzero inventory sizes.
These observations indicate that the consumer’s us-
age is affected by both the inventory and service time.

3.2.2. Seasonality. To investigate whether seasonality
impacts consumption, we examine it at the week and
month levels of aggregation. Figure 1(a) suggests that
at the aggregate level, the weekend consumption might
be systematically different from the weekday consump-
tion. Given our empirical setting, this impact might be
expected and should be incorporated in the model.
To examine whether similar monthly variations exist,

we compute the average consumption for each calendar
month.Wefind that themonthly average consumption is
quite stable, with a mean (standard deviation [SD])
consumption of 2.99 (0.07). Given the low coefficient of
variation, 0.024,wedonotfindmonthly seasonality to be
an important driver for consumption rates.

3.2.3. Heterogeneous Viewing Preferences. Consumers
may be heterogeneous in their viewing preferences
across movie genres, so they may hold on to certain
movies for a longer time before watching them (e.g.,
Milkman et al. 2009). To investigate this effect, we
examine movie title information in the shipping records
for more than 11, 000 movies sent out to the 400 con-
sumers. On the basis of themovie titles, we categorize
the movies into nine main genres (Action, Children,
Classics, Comedy, Drama, Romance, Sci-fi, Suspense,
War), which jointly accounted for more than 99% of
all movies delivered. We also find that consumers
watch an average of 5.9 genres. We then compute the
number of days each movie was kept by the consumer
as the time elapsed between when she received the
movie and when she returned it, which is used as a
proxy for utility. In the results in Table D.3 in Appen-
dix D, we find no evidence that genre impacts how
long consumers hold DVDs.

Table 1. Summary Statistics

Mean Standard deviation Min Max

No. of consumers 400
Quota 1.98 0.49 1 3
Movie inventory 1.39 0.83 0 3
Movies in mail 0.59 0.76 0 3
Consumption 0.103 0.36 0 3
Low plan 0.14 — — —
Medium plan 0.73 — — —
High plan 0.13 — — —
Service time 6.01 1.001 5 7
Tenure in days 283.0 238.4 30 989

Notes. Observation period: August 2002 to May 2005. Number of
observations: 113,014.

Table 2. Data: Inventory and Consumption

Service time

5-day 7-day

cit � 0 cit � 1 cit � 2 cit � 3 cit � 0 cit � 1 cit � 2 cit � 3

Inventory = 0 100.0 0.0 0.0 0.0 100.0 0.0 0.0 0.0
Inventory = 1 89.6 10.4 0.0 0.0 92.4 7.6 0.0 0.0
Inventory = 2 87.5 9.4 3.2 0.0 91.5 6.0 2.5 0.0
Inventory = 3 84.9 10.2 3.3 1.5 91.3 5.2 2.1 1.4

Note. Values are percentages.
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3.2.4. Consumption Bunching or Smoothing. A large
movie inventory affords the consumer the opportunity
to either engage in consumption bunching (i.e.,watching
multiple movies on the same day) or smoothing (i.e.,
watching one movie in a day). We investigate whether
consumers are homogeneous in their preferences for
consumption bunching. For each consumer,we compute
the proportion of bunching (i.e., instances in which the
consumer has either two or three movies available and
chooses towatchat least twomovies). Figure 1(b) shows
the distribution of consumption bunching. Across
all consumers, bunching accounts for 24.8% of all fea-
sible occasions. Further investigation reveals substantial
heterogeneity: the range is between 0 and 100%, and the
standard deviation is 24.7%.Amajority of consumers do
not bunch their consumption. This result implies that it
is important to account for bunching and smoothing as
an important dimension of consumer heterogeneity.3

4. Model
In this section, we develop an integrated model of con-
sumers’ endogenous purchase and consumption. Con-
sumers first make a long-term decision (i.e., choosing a
plan or discontinuing the service at the beginning of each
subscription cycle, which is a month for the focal firm).
Next, consumers make a short-term consumption de-
cision every period (day) on howmanymovies towatch.

We denote the set of payment or billing time pe-
riods using Tp, and the set of weekend time periods
(i.e., Saturdays and Sundays) asTw. Consumers in the
model are indexed by i ∈ I, plan choices by q ∈ Q,
consumption choices by c ∈ Ct, and time periods by t.
Plans in our setting correspond to a quantity indicating
the maximum number of movies the consumer can
check out at any time. The plan choice set Q is fixed
across time, and consumers can make plan choices
at regular payment periods, (i.e., t ∈ TP). Consumers
can choose to change the plan or leave the service

(outside option): q ∈ Q � 0, 1, 2, 3{ }, where 0 repre-
sents the outside option. In a nonpayment period,
t /∈ Tp, consumers cannot change their plan. The unit
of analysis in themodel thus incorporates both theplan
and consumption choices available to a consumer at
any time period. For notational convenience, we drop
the i subscript on parameters.

4.1. Short-Run Period Utility of Consumption
The instantaneous period utility for consumer i in pe-
riod t when choosing a decision cit, denoted as u(cit),
is specified as a linear-quadratic form.4 The linear-
quadratic utility function is a popular choice model for
consumers’ usage decisions in other settings with sub-
scription plans (e.g., Iyengar et al. 2007, Lambrecht
et al. 2007).

u(cit) � α1cit + α2c2it + α3citνit + αwcit I t ∈ Tw[ ]︸������︷︷������︸
Weekend Effect

+ αcscit log(ωt)︸�����︷︷�����︸
Content Set

. (1)

The first two terms with coefficients α1 and α2 de-
note the linear and quadratic terms of the utility
function.5 The third term incorporates the stochastic
term or shock, νit, interacted with the consumption util-
ity. The single-dimensional shock can be thought of as
impacted by amount of leisure time, or movie viewing
preferences. We specify the distribution of this shock
throughapositive, continuousdistribution, inpractice the
log normal. Higher values of the shock would then imply
higher marginal utility from consumption, if we have
α3 > 0. Consumerswhoprefer to intertemporally smooth
their consumptionwould thus have relatively high values
of α1 and low values of α3. In contrast, higher values
of α3 would lead to higher preference for bunching.
The fourth term indicates theweekend effect, whereby

consumers can receive a different (possibly higher

Figure 1. Consumption Patterns from the Data
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when αw > 0) utility for watching movies during the
weekend, and is also multiplicative in the consumption.
The last term is intended to capture how a consumer’s
utility could vary with the content set, the size of the
content library available from the firm. Note that
content set utility is interacted with the consump-
tion amount cit, so it only accrues when a consumer
watches at least one movie in that period (i.e., cit �� 0).
Higher positive values of αcs would indicate con-
sumers having higher marginal consumption utility
when the content set is large, which can occur when a
consumer is more likely to find a better match with
her preferences from a larger content set. We model
this through a concave function (log) in practice, which
allows for increasing utility from more content with a
diminishing marginal impact.

We have examined the static instantaneous (period)
utility of a consumer in the above discussion. If con-
sumers were myopic (i.e., static utility maximizers),
then they would make consumption choices to maxi-
mize the function above. However, this does not
account for the fact that the current decisions of con-
sumers have a significant impact on their future utility.
Because the future sequence of consumption opportu-
nities (choice set) depends on the current period de-
cision, it is important to understand these trade-offs.

4.2. Short-Run Dynamics
The basic intertemporal trade-off in consumption
is the following: suppose a consumer watches all
movies in her possession during the current period.
Then, she has to wait for τ days (service time) to re-
ceive new movie titles. This would imply that if she
received high shocks, νit during the intervening pe-
riods before she receives new titles, she has to forgo
those consumption opportunities. To formalize this,
we define the short-term state space. The state for
consumer i in period t has four components and is
defined as sit: sit � xit,wit, zit, ωt( ). The components of
the state variable are as follows: xit indicates the
mailing state of the consumer, wit denotes the day of
the week, zit tracks the time (number of days) to the
next cycle date, when the consumer is allowed to
change plans, and, finally, ωt captures the content set
available. The first three components of the state
space have deterministic transitions, whereas the
last state variable denotes the content set and is
modeled as constant. We examine the evolution of
each component in turn next.

4.2.1. Mailing State. Consumerswatch receivedmovies,
return them, and obtain new movies after the service
time. Formally, we define the service time τ as the time
it takes for a consumer who mails a movie in period t
to receive a new movie, that is, in period t + τ( ). The
service time includes both the two-way mailing time

and processing time. It is therefore exogenous to the
consumer and partly determined by the delivery service
(e.g., the postal or courier service).
We introduce the mailing state xit, which fully char-

acterizes the closed loop rental process and the con-
sumer’s dynamically evolving consumption set. This
vector details the state of each product (movie) through
the process of obtaining a movie, watching it, and
returning it to the firm, which in turn processes the
returned movie and mails out the next movie to the
consumer. The service time critically determines the state
space. The mailing state for consumer i in period t is

xit� x0it, x
1
it. . ., xsit︸︷︷︸

Number of movies
expected in period (t+s)

,. . ., xτiit

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠, (2)

where τi is the service time for consumer i. Note that
x0it is the number of movies currently held by the con-
sumer, whereas xsit denotes the number of movies that
the consumer will receive in the future period t + s( ),
where s ∈ 1, 2, . . . , τi{ }. Observe that the total number
of movies across all of the states x0it, x

1
it, . . . , x

τi
it

( )
must be

equal to the number of movies in the plan:
∑τi

s�0 xsit � qit.
Although the service time is exogenous, the tran-

sition process for xit is endogenous and determined by
the consumption and plan choices made by the con-
sumer. We detail the mailing state transition in Ap-
pendix C.1. Importantly, the consumption decisions are
intertemporally linked owing to the consumer’s cur-
rent inventory level, which imposes two constraints
for the consumer. The first and explicit constraint is
that the inventory imposes a hard cap on current
consumption. The second and less explicit constraint
is through the trade-off consumers must make be-
tween current and future consumption opportunities.
Given the uncertainty, the consumer has to determine
a consumption plan to optimize the total utilities from
both immediate consumption and consumption in
the near future. To capture consumers’ intertemporal
trade-offs, we need to understand how current choices
made by the consumer will impact future choice sets.
We conceptualize two different sources of intertem-
poral trade-offs, expanded in detail below.
The first intertemporal trade-off evaluated by the

consumer is between watching the available movie(s)
now versus later. The intuition becomes apparent as
we consider a consumer with the smallest plan, q � 1
and a service time of τi � 5 days. When the consumption
utility is low owing to an idiosyncratic shock, the con-
sumer is likely to derive higher utility from postponing
consumption. In other words, waiting provides an op-
tion value for the consumer. Such an intertemporal
trade-off is driven by the uncertainty in consumption
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utility, which is not possible for the consumer to
perfectly predict owing to uncertain factors, such as
available time for consumption.

Specifically, at time period t, the consumer receives
an idiosyncratic consumption shock of νit. If the shock
is sufficiently high (e.g., due to unanticipated time
availability or a suitable occasion), then the consumer
will have the following trade-off. She could watch the
movie in period t but would have to wait for τi � 5
days for the next movie to arrive. Thus, even if she has
a better occasion (i.e., a higher idiosyncratic shock) to
watch movies during the days t + 1, . . . , t + 5{ }, she
will not havemovies towatch. Thus, the consumerwould
want to wait for a sufficiently high level of shock to
choose in order to consume within the current period.

Second, in addition to the above trade-off, consumers
with plans q> 1 account for the number of movies that
are expected to arrive in the near future whenmaking
their consumption decisions. Consider a consumer
who subscribes to a three-movie plan (Q � 3) and two
situations: (a) she either has a high current inventory
(three movies), with nomovies in the mail or (b) a low
current inventory (one movie), with two movies
scheduled to arrive in themail after five days.Will she
be equally likely to watch one movie in each of the
situations (a) and (b)? We note first that she derives
the same amount of immediate utility from imme-
diate consumption under both (a) and (b). However,
there is a difference due to the intertemporal trade-off. If
she watches a movie in scenario (a), she will still have
two movies in her inventory if a sufficiently high
consumption occasion arises the next day. On the other
hand, if she watches a movie in scenario (b), she will not
have any movies to watch for the next five days until a
movie arrives. Thus, she will likely miss high-value con-
sumption opportunities that occur in the near future.

More broadly, consumption decisions will be dif-
ferent because they lead to different future options.
Because consumers value the (discounted) future
utility, as well as the immediate utility, it is rational to
reduce consumption when the current inventory is
low and increase it when inventory is high. The above
mechanism extends to consumers across multiple
plans, but the level of shocks required to make a
current consumption decision will be different across
different states, as well as across different plans for
the same consumer. Furthermore, the above argu-
ments suggest that a shorter (longer) service time
reduces the value of waiting for a forward-looking
consumer, and consequently increases (decreases) the
likelihood for immediate consumption.

4.2.2. Additional Short-Run States. We include a
weekend state variable that captures the day of the week.
It is the day of the week variable wit ∈ 1, 2, . . . , 7{ }, be-
ginning with Monday (day 1), and ending with Sunday

(day 7). We detail the weekend state transition in Ap-
pendix C.2.
Thenext state variable is the time from the billing period

zit, which takes values from the setZ, zit ∈ Z � 1, . . . ,T{ },
where T is the length of the billing cycle. Recall that
Tp denotes the set of all payment or billing periods.
In periods with zit �� T, consumers make only con-
sumption choices, whereas in periods inwhich zit � T,
theymake choices on both consumption and the plan.6 In
the short run the content state ωt is fixed, and we
examine its evolution in the long-run dynamics dis-
cussion below. zit is reset to 1 on payment period and
increments by 1 (i.e., zit � zi,t−1 + 1 on nonpayment
periods).
A forward-looking consumer solves the following

short-run T-period consumption problem:

max
ciτ∈Ciτ∀τ≥t

uit cit, νit( ) + E
∑t+T−1
τ�t+1

βτ−tu ciτ νiτ( ), νiτ( )
[ ]

. (3)

This finite-horizon dynamic program can be repre-
sented in terms of the Bellman equation of the period-
specific ex ante value function Vt as a function of the
state variable sit defined earlier.

Vt(sit) � Eν max
c∈Cit

uit c, sit, ν( )(
[
+ β Esit+1 |sit Vt+1 si,t+1( )|sit, c[ ])]

. (4)

Because this is the short run, we set the value function
beyond the terminal period to be zero (i.e., Vt � 0 for
t ≥ T). We also use the expected value function at the
beginning of the short run denoted as V0 in the long-
run dynamics.
Section 4 embeds two key trade-offs corresponding

to short-run dynamics. The first is the trade-off be-
tween current and future consumption. A myopic
consumer might choose to watch all movies when
the immediate consumption utility for that option is
the highest of all options, whereas forward-looking
consumers might wait because they internalize the
negative impact of watching all movies immediately,
in that they would have nothing in the inventory
until the service time has elapsed. The second is
the trade-off between intertemporal smoothing and
bunching. In particular, consumers with high α3 and
lowα1 have stronger incentive to bunch consumption,
whereas consumers with high α1 and low α3 derive
value from regular, periodic consumption. In Ap-
pendix B we show how the thresholds and choice
probabilities are derived.

4.3. Long-Run Plan Choice
In the long run, consumers make trade-offs between
high- and low-quota plans: high-quota plans charge

Kumar and Sun: Pricing for Operational and Technological Transformation
8 Management Science, Articles in Advance, pp. 1–29, © 2019 INFORMS



higher prices, yet they not only allow consumers higher
utility with more options for immediate consumption,
but also diminish the likelihood that consumers will
stock out during time periods with a high idiosyn-
cratic shock. Both immediate utility and greater flex-
ibility in consumption become even more important
as the content set increases, and consumers obtain
higher consumption utility owing to the larger variety
in product choices.

The period long-run utility function during pay-
ment periods t ∈ Tp follows:

U qit
( )�V0 sit qit, ωt

( )( )+αpp qit
( )

εit+αswI qit �� qi,t−1
[ ]

. (5)

The above period utility incorporates the short-run
value functionV0 defined above as the short-run value
function at the beginning of a plan period (month).
Both the short-run value V0 and price depend on the
plan choice qit made by the consumer. The price co-
efficient is αp (expected to be negative), and the shock
εit impacts the disutility of price multiplicatively.
Thus, we use a single scalar shock to rationalize the
plan chosen by the consumer. If αp < 0, when εit is high
the consumer is more likely to choose a plan with a
lower price, everything else equal.

An alternative would have been to just use a
multinomial choice model. If we had used a multi-
nomial logit specification, say, with separate shocks
for each plan, then the model would ascribe positive
probability to plans that are dominated. We specify
the shock εit using a log normal distribution inde-
pendent and identically distributed across consumers
and time periods. The final term represents the switch-
ing costs. We model the idea that consumers face a
switching cost whenever they choose a plan that is
different from the previous choice (i.e., qit �� qi,t−1). This
term captures the common feature of subscription
services (and also our setting), such that if the con-
sumer does not make an active plan choice change
in the billing period, then she retains the previously
chosen plan. Similar to other research, we do not
attempt to ascribe microfoundations to the switching
costs (Goettler and Clay 1997, Shum 2004, Handel
2013). As an example, switching costs could be in-
terpreted as the time and effort cost of logging into
the firm’s website to switch to a different plan, though
the firm does not explicitly charge a fee to change plans.
Note that the consumer may discontinue the service
by choosing plan 0 (i.e., qit � 0) and will incur the
switching cost as well.

4.4. Long-Run Dynamics
In the long run, the above utility specification in-
cludes intertemporal trade-offs in plan choice for the
consumer involving the content set, prices, and
switching costs. Recall that in choosing a plan, con-
sumers account for the expected sum of discounted

utilities for consumption choices that are enabled by
a specific plan. Thus, consumers who have a higher
consumption utility will, everything else being equal,
tend to choose higher plans in the model. Additionally,
as the size of the content set changes, consumers will be
more inclined to upgrade to higher plans, because they
might obtain higher utility from consumption. Finally,
consumers face a switching cost in changing plans,
which can cause them to continue with their current
plan, even though a higher plan might become more
attractive because of a larger content set. To capture
these trade-offs, we define the long-run state Sit � wit,(
qit, ωt) to include the day of week, the current plan
choice, and the content state. The first two are deter-
ministic, whereas content state is stochastic as de-
scribed below.

4.4.1. Content Set State. The final state variable ωt

denotes the size of the content set or the number of
movies available in period t. From the consumer’s
perspective, it evolves exogenously as a random pro-
cess. Note that ωt is the same for all consumers.
Consumers form expectations about the stochastic
evolution of the content set, and we specify this state
variable by a probability distribution across a discrete
number of content set sizes, ω ∈ 1, 2, . . . ,Nω{ }, and
with a (Nω ×Nω) probability transition matrix Ω.
Consumers have rational expectations and will ex-
pect the content set size to evolve according toΩ.7 We
let the content set directly impact the consumption
utility in Equation (1), so that consumers obtain an
increasing utility with a larger content set, but with
diminishing marginal utility.8

The infinite-horizon dynamic program can be re-
presented in terms of the Bellman equation of the ex
ante value function W as a function of the state var-
iable Sit:

W(Sit) � Eε max
q∈Q

(
U q,Si,t, ε
( )[

+ βT ESit+1 |Sit W Si,t+T( )|Sit, q[ ])]
. (6)

Equation (6) embeds the trade-off in long-run dynam-
ics. The time-frame for long-term decisions is every
T periods, so the future utility is discounted by βT.

5. Identification and Estimation
We detail how consumer preference parameters are
separately identified and the variation in the data that
aids in such identification.Then,weprovideanoverview
of the estimation process (a detailed algorithm is pro-
vided in Appendix C).

5.1. Identification
We begin with the consumption parameters that can
be identified with daily consumption patterns. First
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is the discount factor. Note that the identification of
the discount factor is well known to be generically
confounded in dynamic discrete choice models without
an exclusion restriction (Magnac and Thesmar 2002).
We do not attempt to estimate it, and rather set the
daily discount factor at β � 0.999 for all consumers, as
in most of the literature in dynamic discrete choice
models.

Next, we examine the consumption parameters α1,
α2, and α3, which we identify only using short-run
consumption data. We have to normalize one of these
parameters for identification, and given our empiri-
cal interest in understanding heterogeneous con-
sumers who have either different baseline consumption
utility or high variance in consumption utility, we nor-
malize α2 � −1, while estimating α1 and α3.

The consumption parameter estimates are deter-
mined by the average consumption rates as well the
variance of consumption in terms of bunching versus
smoothing. The average consumption frequency during
periods when the consumer has at least one movie
available identifies α1. Among consumers with the
same average rate of consumption, some might show
higher variance in day to day consumption, which
would lead to higher values of α3.

For the weekend coefficient, αw, identification is
provided by the difference in the consumption prob-
ability during the weekends, compared with week-
days, with a larger value of the coefficient indicating a
higher difference in consumption probabilities.

For the long-run parameters, we specify the price
and switching cost as homogeneous. The price co-
efficient, αp, is identified by the consumer choice
of the plan, relative to their long-term average con-
sumption. Intuitively, the consumption parameters
determine the expected utility consumers obtain from
one month of consumption, and the price coefficient
will determine how consumers on average determine
the price equivalent of these utilities and make plan
choices. Our plan choice and prices do not vary over
time, and if the data had such time series variation,
that would permit us to obtain heterogeneous price
coefficients.

Now consider the switching cost coefficient. Con-
ceptually, the consumer’s willingness to pay for con-
sumption can be identified according to consumption
and plan choices during the periods before the first
change in the content set. Then, as the content set
increases, the switching cost can be identified by the
consumers’ observed plan-switching decision. When
the content set increases, if the consumer has higher
value for a plan with a higher quota compared with
their current plan, but chooses to staywith their current
plan instead of switching to the higher plan, we attri-
bute that to switching costs. The willingness to pay for
all plans can be determined owing to the known form

of the consumption utility function. We note that
because the consumption utility is not modeled as
genre-specific, a potential confounding factor for
the switching cost is the consumers’ heterogeneous
viewing preferences across movie genres. We discuss
this issue in Appendix D.
The firm’s pricing structure has not changed sig-

nificantly during our observation period. Note that
although the prices are set according to the quantity of
each plan, we assume that each plan does not have
separate fixed effects. Specifically, consumer value for
each plan is only due to the consumption opportu-
nities enabled by the plan, and there is no separate
value in purchasing a plan. Because we can obtain
consumption preference parameters only on the basis of
consumption data, we can obtain the normalized value
or willingness to pay a consumer has for each plan.

5.2. Estimation
The discrete-choice, dynamic structural model de-
veloped above captures both the static and inter-
temporal trade-offs faced by consumers. Estimation of
this model, however, is computationally challenging
for three reasons. First, the value function is highly
jagged owing to the multidimensional mailing state.
Second, the dimension of the payoff-relevant state
variables is large.9 Third, the value function iteration
takes longer to converge when the discount factor is
closer to one, as in our case: because our time period is
a day, this leads to a high discount factor (β � 0.999),
and the problem is significantly compounded.
We use a hierarchical Bayes (HB) estimation ap-

proach to allow for individual-level heterogeneity
in consumption. HB models are known to reliably
capture aspects of a wide variety of data generating
process (Andrews et al. 2002). Although HB methods
have been commonly used inmarketing (Allenby and
Rossi 1998), they are relatively rarely used for models
with forward-looking consumers. The primary rea-
son is computational, because in dynamic structural
models, we need to typically solve the Bellman equa-
tion and obtain the value function by performing
value function iteration to convergence for each value
taken by the parameters in the estimation process.
Bayesian methods typically require thousands of it-
erations across the parameter space to achieve con-
vergence, making it challenging to combine them.
Imai et al. (2009) (IJC) propose a novel and highly
practical method to reduce the computational bur-
den by interweaving the Markov chain Monte Carlo
(MCMC) iteration with only one step of the value
function iteration. They demonstrated that such an
iterative process will converge to the correct posterior
distributions and provide convergence of the value
function as well. The crucial aspect of their method is
that value function iteration until convergence is not
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required at each MCMC iteration, and the algorithm
efficiently uses past information to form approxi-
mations of the true value function.

Consumers are heterogeneous in their valuation of
consumption quantity, with parameters α1

i , α
3
i

( )
. These

parameters have the specification: α1
i , α

3
i

( ) ∼ N(Δ,Vα).
The priors are specified as vec Δ|Vα( ) ∼ N δ̄,Aα

( )
,

where Aα � A−1Vα and the prior on the covariance
matrix is Vα ∼ IW ν, I|α|

( )
. We specify uninformative

priors in our empirical implementation: although the
Bayesian framework allows the researcher flexibility
to incorporate prior information, we do not have
additional information regarding consumer demo-
graphics or preferences beyond their consumption
and purchase histories. We provide the detailed es-
timation procedure in Appendix C.

Although the IJC algorithm uses smoothing uti-
lizing a kernel regression, this smoothing is across the
parameter space rather than the state space. There-
fore, the jagged nature of the value function across the
state space will not result in a problematic approxi-
mation for IJC, when compared with methods that
interpolate the value function over the state space.
Although the IJC algorithm substantially allevi-
ates the computational burden and allows us to ac-
count for individual-level heterogeneity, the large

state space in our research setting nevertheless ren-
ders the estimation time-consuming.10 We use a sam-
ple of N � 200 consumers in estimation.11

6. Results
We estimate four alternative models for comparison.
The first, model 1, assumes homogeneous consumers.
Models 2, 3, and 4 incorporate consumer heteroge-
neity but differ in other ways. Model 2 uses a semi-
parametric utility function, whereas model 3 uses a
linear-quadratic formulation for the parametric forms
(linear or quadratic) of consumption utility. Finally,
model 4 leaves out switching costs (i.e., setting it to zero).
Following the convention in the literature (e.g., Rossi

et al. 2012), we use log-marginal density (LMD) as the
basis for model comparison.We also use the Bayesian
information criterion (BIC) for model comparison with
inclusion of a notion of model complexity. In the last
rows of Table 3, we report the LMDs and BICs of the
four alternative models. The linear-quadratic hetero-
geneous model (model 3) shows significantly lower
values across the models, based on LMD and BIC. We
summarize the model estimates in Table 3, focusing on
the means and highest posterior density of the posterior
distributions of the parameters. For the heterogeneous
parameters, the hierarchical means are reported.

Table 3. Parameter Estimates

Model (M)

M1,
Homogeneous

M2,
No switching cost

M3,
Linear-quadratic

M4,
Semiparametric

Linear consumption α1,i( ) −1.045 −1.505 −3.106
[−1.143, −0.964] [−2.083, −1.231] [−3.507, −2.760]

Quadratic consumption α2,i( ) −1 −1 −1
Stochastic consumption α3,i( ) 0.686 0.423 0.762 +1

[0.659, 0.713] [0.388, 0.462] [0.696, 0.830]
Consumption c � 1 θ1( ) −0.943

[−0.984, −0.902]
Consumption c � 2 θ2( ) −0.250

[−0.284, −0.217]
Consumption c � 3 θ3( ) 0.646

[0.619, 0.680]
Weekend αw( ) 0.028 0.026 0.041 0.016

[0.021, 0.035] [0.019, 0.032] [0.026, 0.063] [0.015, 0.018]
Content set αcs( ) 0.046 0.182 0.341 0.869

[0.037, 0.057] [0.140, 0.270] [0.283, 0.403] [0.669, 1.121]
Price αp

( )
−0.154 −0.242 −0.201 −0.368
[−0.170, −0.141] [−0.255, −0.229] [−0.222, −0.180] [−0.402, −0.344]

Switching cost αsw( ) −1.875 −5.822 −3.685
[−2.077, −1.736] [−6.443, −5.100] [−4.023, −3.445]

-Log marginal density 18,974.5 19,602.2 18,519.2 20,021.9
AIC 37,967.0 39,220.4 37,056.4 40,063.8
BIC 37,959.9 39,215.3 37,049.3 40,054.7

Notes. For heterogeneous parameters, posterior mean of the hierarchical (population) parameter are reported. 95% highest posterior density
(HPD or credible) intervals are reported in brackets below the estimates.
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Examining the consumption parameters in the base-
line linear-quadratic model (model 3), we find that
the posterior mean consumption utility parameters
α1 < 0( ) and α3 > 0( )have the signswemight expect from
the model-free choice probability values, because con-
sumption has a lower probability than nonconsumption.

We model consumption at the daily level, and nega-
tive parameters reflect the data that in most periods
(days), consumers chose not to watch movies, even
when they havemovies in their inventory. This pattern
is due to the higher utility they place on the outside op-
tion,which incorporates alternative, non-movie-watching
activities. Thus, the consumer would only choose to
consume in periods when they receive a sufficiently
positive utility shock. Recall α2 � −1 for identification.

The weekend effect is positive, suggesting con-
sumers on average prefer to consume on weekends,
compared with weekdays. Combining the parameter
estimates for the consumption coefficients discussed
above, we find that although the positive weekend con-
sumption effect partially offsets the average negative
consumption utility, it does not affect the ordering
across the choices in the main model specifications.
The content size parameter is positive, suggesting that
consumers derive additional value froma larger content
set, asonemight expect, owing toabettermatchof content
to consumers’ preferences. None of the credible in-
tervals for the short-run parameters includes zero.

Focusing on the long-run parameters, the pop-
ulation price coefficient is estimated to be negative
across all specifications. The switching cost is also
estimated to be negative, reflecting the cost con-
sumers face to change plans. To better understand the
magnitude of switching costs, we combine estimates
for price sensitivities and switching costs to compute
the monetary equivalence of the switching cost by
normalizing it with respect to the price coefficient(

αsw

αp exp 1
2( )
)
, where exp 1

2

( )
is the mean of the standard

log-normal distribution. We find the switching cost
to be $17.57. The magnitude of switching cost is some-
what in line but typically lower than found in prior re-
search (e.g., Goettler and Clay 1997).
Figure 2 illustrates the distributions of the individual-

level posterior means for each of the heterogeneous
parameters of the main linear-quadratic specifica-
tion (model 3), with both the population mean (solid
red line) and the median (dotted blue line) shown.
We observe that overall, there is significant individual-
level heterogeneity.
Table 4 details the hierarchical parameterVα, which

captures the variance and correlation of the hetero-
geneous parameters. We find a negative correlation
betweenα1 and α3. A primary issuewas to understand
bunching versus smoothing consumption patterns,
and Figure 3 connects the estimates of our structural
model with the data patterns. In panel (a), the joint
density plot of heterogeneous parameters, note the
significant heterogeneity in both parameters around
the posterior mean. This also conforms to the bunching
and smoothing patterns in Figure 1(b).
Panel (b) shows how the average consumption varies

according to the consumption parameters α1,i and α3,i.
Two observations follow. First, fixing α3,i (i.e., mov-
ing horizontally from left to right), consumers with
higher α1,i have high consumption, conforming with
intuition. However, fixing α1,i and moving vertically
from bottom to top, consumers with higher α3,i have
lower consumption frequencies.Wemighthaveexpected
the opposite, because consumption utility is increasing

Figure 2. Individual Parameters from Baseline Model

Table 4. Posterior Mean and HPD of Hierarchical
Parameter Vα (Baseline Model)

α1 α3

α1 0.609 [0.425, 0.854] −0.123 [−0.192, −0.068]
α3 −0.123 [−0.192, −0.068] 0.112 [0.084, 0.146]
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in both parameters. However, recall that a high value
of α3,i leads consumers to wait for a high consumption
shock νit( ) term to be drawn to consume, and conse-
quently, they consume less on average.More broadly,
we note that it might be difficult to capture such
heterogeneity by alternative ways of modeling con-
sumer heterogeneity.

6.1. Elasticity
Because subscription services routinely offer a menu
of plans (see Table A.1 in Appendix A for additional
examples), it is useful to examine the purchase elas-
ticities at the current price levels, using parameter
estimates from the dynamic linear-quadratic model.

Table 5 details the elasticities (computed as arc-
elasticities), where the first row indicates the change
in purchases with respect to a price change in the Low
plan, etc. First, we find that all own-elasticities are
negative, confirming our expectation that consumers
reduce purchases in response to a small price increase
for the plan. Second, own-price elasticity is ordered
from most negative to least negative as we move down
the diagonal (i.e., from the Low to the High plan). This
pattern is consistent with sorting (i.e., consumers who
choose the High plan are less price sensitive).

Third, we find that all cross-elasticities are positive,
indicating that consumers substitute across plans.
Themagnitude of these cross-elasticities suggests that
a price change of the Lowplan has a significant impact
on theMedium plan, but the effect is negligible for the
High plan. Note that the baseline purchase quanti-
ties are much higher for the Medium plan than for the

Low orHigh plan; a proportional change in the quantity
of the Medium plan will be larger in actual quantity
change, compared with the Low or High plan.
Finally, for a price change in the High plan, we find

that it has a negligible impact on the Low plan but a
large impact on the Medium plan (i.e., consumers are
likely to switch to the Medium plan as a substitute for
the High plan). Consistent with our expectations, the out-
side option probabilities are most impacted by changes
in the Low plan, followed by Medium and High plans.

7. Counterfactuals
The estimated structural parameters allow us to in-
vestigate the impact of service timeonvalue creation and
capture across a variety of pricing strategies. We show
how consumer decisions on purchase and consumption
are significantly impacted by service time. We examine
a number of counterfactuals in this section; in all coun-
terfactuals, we focus on the highest content state and
set switching costs to be zero. Marginal costs for all
counterfactuals are set at $2, except when we explicitly
consider the case of higher marginal costs.12

7.1. Service Time Reduction at Current Prices
As an illustrative example, we let the focal firm main-
tain its current prices and product portfolio. We re-
duce service time to five days for all consumers, so
consumers located further away also have the same
shorter service times. We find revenue increases by
6.4%, and costs by 13.7%, which results in profits in-
creasing by 2.4%. To understand how heterogeneous
consumers contribute, we create three-dimensional
plots, where each point in the x-y plane represents the
posterior mean (α1,i, α3,i) of consumer i, and the z-axis
represents the change in revenue, costs, or profits. We
define ΔRevenue [5,7] → [5,5]( ) � Revenue τ � [5,5]( )−
Revenue τ � [5,7]( ), so a positive value indicates a
consumer increasing spending, with cost and profit
terms defined similarly. The regression hyperplanes

Figure 3. Heterogeneity and Consumption Characteristics

Table 5. Price Elasticities of Plans

Low Medium High Outside option

Low −5.81 0.32 0.016 0.67
Medium 0.52 −1.30 0.52 0.58
High 0.018 0.86 −0.78 0.01
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illustrate how each quantity varies with respect to
α1,i and α3,i.

Panel (a) of Figure 4 shows that although the rev-
enue contribution from a majority of consumers in-
creases, the revenue for a significant minority (23.5%)
of consumers drops. The reductions in revenue are
mainly attributed to consumers with a high α1,i but a
low α3,i. Consumers with high α1,i value regular, fre-
quent consumption and have an incentive to purchase
more expensive plans to counteract the long service
time. With a reduced service time, they are able to
consume regularly using a lower plan, causing them to
downgrade. In contrast, consumers with high stochastic
utility (α3,i) avoid downgrading because they lose the
ability to bunch consumption. In fact, some upgrade
because the reduced service time allows them more
bunching opportunities.

Panel (b) of Figure 4 shows significant heteroge-
neity in costs, which increase for 76% of all consumers.
Consumers with a high α1,i and low α3,i downgrade
plans, limiting consumption and costs, but costs increase
substantially for consumers with a high α3,i who in-
crease consumption. Panel (c) of Figure 4 shows that
the average profit increases for 64.5% of all consumers.
High-α1,i and low-α3,i consumers lead to a lower profit,
whereas for high stochastic utility consumers, in both
cases, revenue impacts dominate the cost impact.

7.2. Service Time Reduction with Price
Reoptimization (Low Marginal Cost)

We now evaluate the impact when the firm is able to
reoptimize prices, accounting for how much con-
sumers value improvements in service time. The
impact on consumer surplus a priori is not obvious,
because faster service leads to more consumption
opportunities and higher valuation andprices, but the
firm can potentially capture a higher share of the
created surplus with prices, leading to uncertainty in
the impact of service time on consumer surplus.

We consider the case in which the firm reduces the
service time for both types of consumers (τ � 5, 7) by
the same number of days. We note that by reducing
the service time, the firm might induce a higher
consumption level. To enable this higher consump-
tion, we assume that the firm faces no supply con-
straints and faces a low marginal cost of MC � $2, an
amount suggested by the firm as covering two-way
shipping and some handling charges.13

We assume that the firm maximizes overall profits
across the price levels for the three plans, (p1, p2, p3).
The quantities corresponding to each plan (quota)
are Q � (Q1,Q2,Q3) � (1, 2, 3) respectively. The objec-
tive function is

max
P

∑I
i�1

∑M
m�1

∑3
k�1

βmT × Prob qik |P( )
× pk −mc ×∑T

t�1
E(cit|qit, τi;αi)

( )[ ]
, (7)

where the firm chooses subscription prices P ≡ p(q1),(
p(q2), p(q3)). Consumers are indexed by i, m denotes
payment period (month), M the length of the simu-
lation horizon (36 months), and T the number of days
in a month (30).
Inside the bracket is the per-period profit of month

m for plan k ∈ {1, 2, 3}, computed as revenue p(qik) net
the total expected costs of serving consumer i. The
marginal cost, denoted as mc, is assumed to be $2 for
each shipped movie. Note that the expected con-
sumption amounts of consumer i depend on prefer-
ence parameters and the mailing state (omitted for
brevity), and the service time as well. Weighting the
conditional profits with the corresponding proba-
bilities of purchasing each plan, Prob qik |P( )

, gives
the expected profit contribution by consumer i in
month m. The length of the time horizon, denoted
as M, is set at 36 and corresponds to a three-year
period.

Figure 4. Changes in Revenue, Cost, and Profit at the Individual-Consumer Level
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For each service time, we first compute the firm’s
revenue, costs, and profit per customermonth and the
average consumer surplus at the current price and
service times as the basis of comparison (scenario 1:
baseline). We then evaluate four alternative scenarios
in which the firm retains the current service time (sce-
nario 2, no improvement) or reduces service times for all
of its consumers by one to four days (scenarios 3–6). For
example, under a “small” improvement, consumers
who had a five-day (seven-day) service time can now
receive their new movies four (six) days after they
return the old ones. For each scenario in 2–5, we let the
focal firm optimize the prices for each of the three
subscription plans. For ease of interpretation, we com-
pute the percentage change with respect to the baseline
scenario. The results are summarized in Table 6 below.

Comparing scenarios 1 and 2 (first and second
columns of Table 6), we find that the optimized prices
at the current service time are higher and lead to
lower revenue (by 3.9%) but significantly lower costs
(by 32.2%). Thus, the firm serves fewer consumers at
higher prices, leading to a substantial reduction in con-
sumer surplus (by 38.4%). Further comparisons among
scenarios 3–6 show several interesting patterns. First,
as the firm further reduces the service time, it enjoys
greater pricing power, evidenced by the monotonic
increases in the optimal revenue. Second, the firm in-
curs greater costs due to higher consumption levels.
However, the profit increase is nonmonotonic. We
first see profits increase as we reduce service time by
up to three days, but it actually decreaseswith a further
reduction in service time. This happens because the
increase in consumer valuations is lower than the cost
increase driven by consumption. The difference be-
tween valuations and costs diminishes, so the firm has
lower ability to extract surplus. Consumer surplus,
however, increases significantly, as we might expect.

7.3. Service Time Reduction with Price
Reoptimization (High Marginal Cost)

Below,we consider consumer decisions and thefirm’s
strategic choices when firmmarginal costs are relatively

high (set at $4.5) from the baseline. This scenario rep-
resents additional costs incurred owing to inventory
holding and replenishment, as well as fixed costs that
can be made variable by business model choices made
by the firms (e.g., paying for priority shipping).
In sum,with highmarginal cost, an improvement in

service time may create a double whammy for profit-
ability: not only do the total costs of serving customers
increase, the total revenue can also decrease. An im-
portant takeaway from this exercise is that firms with
highmarginal costsmust be especially careful to temper
their enthusiasm for improving operational efficiency.
The impacts of high marginal cost are summarized

in Table 7. We first consider scenario 2, which takes
the current setting and increases marginal costs. Total
costs rise substantially, leading to lower profit, as
expected, whereas revenue and consumer surplus are
unaffected. Next, consider scenarios 3–7, in which the
firm optimizes its prices conditional on service times
(similar to scenarios 2–6 in Table 6). When the service
timesdecrease fromscenario 5(τ � [3, 5]) to scenario 7(τ �
[1, 3]), we find that the optimal profit drops (from 84.9%
to 79.8%), similar to the case with low marginal costs.
However, now we find that the revenue also de-

creases (from 95.1% to 90.2%) when service time is re-
duced. With high marginal cost, the firm raises prices
substantially, which have particularly strong and neg-
ative revenue implications for “smoothing” consumers
(high α1,i and low α3,i). Specifically, smoothing con-
sumers are much more likely to downgrade or even
drop out, leaving only the high bunching consumers
(highest α3,i), who have much higher valuations for
high-end plans when the service time is short. Because
the increase in the price is more than offset by the loss of
consumers, the firm suffers a net decrease in revenue.
We also evaluate the inefficiency due to the fact that

consumers do not pay on the margin. Specifically, we
focus on the case whereby the firm can only set the
optimal subscription price but fix the per-usage price
at the socially efficient level of $2 each. In this case,
there should be no “socially inefficient” consumption,
because the consumers bear the full marginal cost of

Table 6. Counterfactual: Improved Service Time

Scenario

1 2 3 4 5 6

Service time τ � [5, 7] τ � [5, 7] τ � [4, 6] τ � [3, 5] τ � [2, 4] τ � [1, 3]
Reduction in τ 0 0 1 2 3 4
Prices Current Optimized Optimized Optimized Optimized Optimized
Revenue (%) 100 96.1 103.5 113.3 122.3 133.4
Cost (%) 100 67.8 76.8 97.2 117.2 154.8
Profit (%) 100 111.8 118.3 122.2 125.2 121.6
Consumer surplus (%) 100 61.6 67.4 82.8 98.7 124.7

Notes. Revenue, cost, and profit are measured as per consumer month. Revenue, cost, and profit at the current service time serve as bases of
comparison and are normalized to 100%.
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consumption. The results are summarized in Table 8
below. We find that the firm’s ability to extract rev-
enue diminishes as the turnaround time becomes
shorter, similar to what we had observed earlier.
Observe that there is a slight drop of revenue from τ �
[2, 4] (117.9% of the current revenue) to τ � [1, 3]
(117.1% of the current revenue).

7.4. Mechanism
Overall, these results give us nuanced insights into
the boundary conditions at which service can either
enhance or hamper revenue and profits. We identify
two mechanisms that impact firm outcomes as we
reduce the service time:

Mechanism (A): Consumers are able to consume
more for two reasons: (a) They are more likely to have
more movies in inventory, and (b) waiting cost due to
consumption is reduced, because new movies ar-
rive faster. Thus, conditional on the same plan, they
consume more, which increases costs. The reduction
in service time also increases their valuation for plans,
but the difference between the valuation and costs is
lower, so less surplus is available for extraction.

Mechanism (B): At long service times, there are two
segments of consumers with similarly high valua-
tions: those with high regular consumption utility
α1,i( ), and those with high bunching consumption

utility α3,i( ). As service time increases, both segments
increase in average valuation; however, the valuation
for bunching consumers increases much more with
reduced service time, because they nowhave access to
many more bunching consumption occasions. Ob-
serve that these bunching opportunities increase
proportionally more than consumption opportunities
do. Thus, heterogeneity in valuation can increase when
service time decreases, as we also find in Figure 5 below,
which shows the density of consumer valuations across
plans and service times. In addition, the social surplus
at the individual level can also decrease because costs
increase at a higher rate than valuation as service time
decreases.
Mechanism (B) examines the role of heterogeneity

in valuations for the plans, and how that impacts the
firm’s ability to extract surplus.
First, we find that improved service time increases

consumer valuations as expected. However, it also in-
creases the variance of these valuations within each plan,
which can make surplus extraction more challenging.
Figure 5 shows how the willingness to pay changes,
and the summary statistics of the WTP distribution are
presented in Table 9. We find that as service time de-
creases, the mean valuation increases but the variance
in valuation also increases. Increased variance in val-
uations makes it more challenging to extract surplus.14

Table 7. Counterfactual: Improved Service Time and Higher Marginal Costs

Scenario

1 2 3 4 5

Service time τ � [5, 7] τ � [4, 6] τ � [3, 5] τ � [2, 4] τ � [1, 3]
Reduction in τ 0 1 2 3 4
Marginal cost High High High High High
Prices Optimized Optimized Optimized Optimized Optimized
Revenue (%) 100 114.4 107.9 105.4 102.4
Cost (%) 100 124.7 102.7 105.6 111.6
Profit (%) 100 106.8 112.7 106.0 95.6
Consumer surplus (%) 100 109.4 93.6 100.5 97.9

Notes. Revenue, cost, and profit are measured as per consumer month. Optimal quantities at the current service time (and high marginal costs)
serve as bases of comparison and are normalized to 100%.

Table 8. Counterfactual: Optimal Subscription with the Socially Efficient Unit Price

Scenario

1 2 3 4 5 6

Turnaround time τ � [5, 7] τ � [5, 7] τ � [4, 6] τ � [3, 5] τ � [2, 4] τ � [1, 3]
Reduction in τ 0 0 1 2 3 4
Prices (%) Current Optimized Optimized Optimized Optimized Optimized
Revenue (%) 100 92.1 96.7 102.0 117.9 117.1
Cost (%) 100 71.8 78.3 92.9 118.5 129.7
Profit (%) 100 103.1 106.7 106.8 117.4 110.0
Consumer surplus (%) 100 72.7 75.5 86.9 100.4 113.9

Notes. Revenue, cost, and profit aremeasured as per consumermonth. Revenue, cost, and profit at the current turnaround time serve as the bases
of comparison and are normalized to 100%.
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Second, improved service time also makes seg-
mentation difficult because the variation in valuation
across plans decreases. Figure 6 shows the overlap in
valuations across the three plans Q � 1, 2, 3. As the
service time is reduced, the overlap between the plans
increases. For example, the overlap between Q � 1
and Q � 2 goes from 46% under worse (high) service
time to 51% under better (low) service time. Because
of this increased overlap, the plans are not able to
effectively segment consumer valuations. In other
words, consumers see the plans as closer substitutes
when the service time is reduced. This results in a
greater difficultly in segmentation of consumers by
using the three plans, which in turn makes surplus
extraction more challenging for the firm.

Overall, owing to both of the above effects, it be-
comes more difficult to extract surplus, because of
increased consumer heterogeneity in valuations for
each plan and reduced consumer heterogeneity for
variation across plans.

7.5. Alternative Pricing Strategies
In the multidimensional screening literature focusing
on pricing, most studies focus on optimizing prices
given a fixed pricing mechanism. However, we have
seen above that such an approach might not be suf-
ficient and that profits might decline as service time
improves (decreases). Given potential misalignment be-
tween the firm’s current subscription pricing strategy
with fast service, we explore other pricing strategies.

7.5.1. Pricing Based on Service Time. First, consumers
with higher service time derive less value from the
service and are less costly for the firm to serve,
compared with consumers with lower service time.
Informed by the literature on spatial price discrimi-
nation (Miller and Osborne 2014, Ngwe 2017), we
allow the firm to charge different prices according to

service time. Thus, the price is specified as P for con-
sumers with lower service time and λ(τ)P for con-
sumers with higher service time. In this counterfactual,
the firm again maximizes the expected total profits:

max
P,λ(τ)

∑200
i�1

∑M
m�1

∑3
k�1

βmT × Prob qik |P, λ(τ), τi( )
× p(qik |P, λ(τ), τi) −mc ×∑T

t�1
E(cit|qik, τi)

( )[ ]
. (8)

In Equation (8), subscription prices are based on
service time. We find that the firm optimally lowers
the price for consumers with higher service time.
Offering customized subscription prices can increase
the firm’s profitability, compared with the current
case in which the same subscription prices are offered
to consumers. However, a caveat is in order: firms
may face a strong negative consumer reaction from
doing such price discrimination (e.g., Amazon had
to reverse its decision for this reason).

7.5.2. Pricing per Unit Consumption—Two-Part Tariff.
With a subscription plan, consumers do not face
consumption costs, and under short service time they
might be induced to consume “excessively,” even in
cases when consumption value does not exceed the
marginal cost. Thus, we examine including a per-unit

Figure 5. Changes in Consumer Valuation with Reduced Service Time

Table 9. Consumer Valuation for Plans under Long and
Short Service Times

Plan

Service time

Long, τ � 5, 7 Short, τ � 2, 4

Q = 1 8.28 (3.72) 11.26 (5.52)
Q = 2 13.85 (6.74) 18.12 (9.56)
Q = 3 17.76 (9.20) 22.50 (12.55)

Note. Values are mean (standard deviation) of valuation ($).
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price for each consumption, in addition to the sub-
scription price. The firm’s problem is to maximize
over subscription price P and unit price ρ:

max
P,ρ

∑200
i�1

∑M
m�1

∑3
k�1

βmT × Prob qik |P, ρ( )
× pk − (mc − ρ) ×∑T

t�1
E(cit|qik, ρ, τi)

( )[ ]
.

(9)

Both purchase and consumption decisions are im-
pacted by the marginal price, ρ. We find that the
two-part tariff improves the firm’s profitability
(Section 7.5.2), primarily resulting from lower costs.

We note that “unlimited” is often a popular catch
phrase advocated by various subscription services with
products ranging from movies, games, and books to
mobile phone plans. However, allowing consumers free
access might be problematic for two reasons. First, the
firm’s ability to extract value from incremental products
might not be commensurate with the costs of honoring
such a commitment. Further, adverse selection is likely
when heavy users find the unlimited policy more at-
tractive. Broadly speaking, this problem is endemic to
similar “all-you-can-eat” services and needs to be ad-
dressed when marginal costs are significant.

We observe a few different ways this issue is
addressed in practice. Amazon and Staples both offer
a free-shipping policy but imposeminimumspending

amounts of $25 and $49.99, respectively. In the con-
text of online movie rental, the problem became well-
known after the throttling approach taken by Netflix,
which targeted its heavy users.15 Our findings pro-
vide clear empirical support for this practice, espe-
cially when service time has improved significantly.
More broadly, we present a set of pricing strategy
options to understand which ones can serve to alle-
viate this problem.

7.6. Digital Delivery (Online Streaming)
Although many RBM services (e.g., designer dresses
and baby toys) will continue to rely on mail or courier
services, information goods such as movies are in-
creasingly delivered online thanks to developments
in streaming technology.16

Migration to online delivery has two effects for the
firm based on our model. First, waiting time for the
movies is reduced to zero, and willingness to pay
increases. Second, it could also leads to a significant
change in the cost structure of the firm. We note that
bothmarginal costs and fixed cost-based licensing are
commonly used in practice, with newermovies typically
being licensed per viewing.17

We observe interesting differences in the choice of
price formats. Netflix chooses a subscription model
but consolidated the originalmultitier subscription-price
format with a simple “all-you-can-watch” streaming

Table 10. Counterfactual: Price Segmentation by Service Time

Scenario

1 2 3 4 5 6

Service time τ � [5, 7] τ � [5, 7] τ � [4, 6] τ � [3, 5] τ � [2, 4] τ � [1, 3]
Reduction in τ 0 0 1 2 3 4
Prices Current Optimized Optimized Optimized Optimized Optimized
Revenue (%) 100 120.4 123.7 131.1 142.1 148.4
Cost (%) 100 95.8 97.3 108.7 134.3 150.0
Profit (%) 100 132.9 138.6 142.4 145.8 147.1
Consumer surplus (%) 100 72.0 70.4 76.2 94.4 106.1

Notes. Revenue, cost, and profit are measured as per consumer month. Revenue, cost, and profit at the current service time serve as bases of
comparison and are normalized to 100%.

Table 11. Counterfactual: Optimal Subscription Price and Optimal Unit Prices

Scenario

1 2 3 4 5 6

Service time τ � [5, 7] τ � [5, 7] τ � [4, 6] τ � [3, 5] τ � [2, 4] τ � [1, 3]
Reduction in τ 0 0 1 2 3 4
Prices (%) Current Optimized Optimized Optimized Optimized Optimized
Revenue (%) 100 93.9 106.1 115.8 124.4 126.1
Cost (%) 100 55.3 69.6 93.3 105.3 115.2
Profit (%) 100 114.9 126.0 128.0 134.7 131.9
Consumer surplus (%) 100 52.1 56.3 73.7 78.9 88.5

Notes. Revenue, cost, and profit are measured as per consumer month. Revenue, cost, and profit at the current service time serve as bases of
comparison and are normalized to 100%.
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service, allowing consumers to access unlimited stream-
ing for a fixed subscription fee per month. iTunes,
another major online streaming provider, chooses à la
carte pricing, whereby the consumer pays approximately
$5–$7 to watch a movie within a 24–48 hour period.

We conduct an illustrative exercise to identify the
revenue impact on our focal firm across different pricing
formats. If the managers of our focal firm were consid-
ering the revenue impacts of online streamingwhen they
do not have any streaming data, this would provide one
of the only ways to obtain an estimate. Moreover, our
interest is in understanding the underlying mechanism
of how consumer andfirmdecisions change and serve
to explain observed pricing practices.

However, there are a number of assumptions re-
quired in using consumer preferences that we have
recovered for watching physical DVDs to evaluate their
utility for streaming. We list below some of the as-
sumptions and caution the reader that this counterfac-
tual or extrapolation is likely to depend significantly on
the nature and validity of these assumptions. First, video
qualitymaybehigheror lowerwith streamingcompared
with DVDs/Blu-Ray media. Second, consumers might
value streaming for convenience in streaming across
a range of devices, as well as for its ease of use. Third,
search processesmay be easierwith streaming, although
even with the DVD format, consumers had access to
movie information, trailers, and consumer reviews.
Broadly, the above factors increase or decrease con-
sumer valuation or willingness to pay for the streaming
service, and examining these valuations would provide
a more comprehensive idea.

We assume the firm does not have cost data yet, so
we examine a wide range of cost levels. We focus on
the case in which the firm faces a marginal cost-based
licensing fee for each movie viewed. We consider
monthly subscription prices (e.g., Netflix) and per-
unit prices (e.g., iTunes) for the firm and compute
profits for each price format at marginal cost between
$0 and $5.18 The short-run intertemporal consump-
tion trade-offs created by service time is not present
with streaming. With à la carte pricing, daily con-
sumption is determined as the current consump-
tion that gives the consumer highest net utility. We
check to ensure that the optimality is obtained at
interior price points. The results are summarized in
Figure 7.
Figure 7 compares the profits from the optimal

subscription pricing (red circles) and the optimal à la
carte (green triangles), the profit (dollars per con-
sumer month) as the outcome of interest. We find that
subscription pricing dominates à la carte pricing if
themarginal cost is low (less than 0.2); and the reverse
is true if the marginal cost is high (more than 0.2).
Intuitively, a high marginal cost should induce the
firm to price on the basis of usage, to limit inefficient
consumption (i.e., the consumers’ valuation of the
content is low, compared with the marginal cost of
providing it). In contrast, a low marginal cost implies
that the firm should not restrict consumption, which
helps the firm to charge higher subscription prices.
This comparison offers a likely explanation as to why
“unlimited” streaming services that charge amonthly
price (e.g., Netflix) do not offer the latest movies

Figure 6. Difference in Plan Valuations Across Service Times
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and more expensive content, despite a very large
consumer demand for such content. Instead, Netflix
has focused on providing content with lowmarginal
costs of licensing, including original content for
which it likely has to pay large fixed costs. In con-
trast, iTunes, which does provide the latest movies,
does not offer a subscription, and each movie has a
per-unit price.

Comparing profits from streaming with optimal
RBM shows a surprising result: firm profitability is
lower for streaming services with either subscription
pricing or à la carte pricing. In other words, the firm
could seemingly be harmed by the technology change.
In particular, streaming with subscription is not de-
sirable even if it is technologically feasible to do
so, unless the marginal cost is sufficiently low. This
happens because with the unlimited subscription
plan, the firm has not been able to price discriminate
across consumers on the basis of quantity or another
metric. However, it must be noted that there may
be other ways to price discriminate that we have not
considered here, either according to quality (resolution
of content) or according to the number of screens. We
see such approaches used in practice and note that these
might be required in the streaming case because it be-
comes challenging to price discriminate on the basis of
quantity with a monthly plan.

We further consider a possible two-part tariff,
which combines the subscription and a per-usage fee.
In this scenario we search for both types of optimal
prices simultaneously. The resulting profit is dem-
onstrated with the blue line in Figure 7. We find that
the optimal two-part tariff is expected to generate
higher profits than both subscription pricing and à la
carte. Importantly, optimal the two-part tariff is more
profitable than RBM pricing at the current marginal
cost of $2. Overall, switching to digital delivery has
profit potential for the firm, but only if the firm can

effectively manage its marginal costs (e.g., licensing
fees) and choose the appropriate price format.
It is important to note that the above results are only

based on the model developed in this paper andmust
be interpreted with caution. There are a number of
factors that we have not modeled that we expect
would be important in practice. For example, online
distribution can create significant market expansion
effects and reach new markets beyond the customers
currently served. If the firm caters to a niche segment
of customers focused on differentiated content, it is
more likely that such expansion effects might be
small, whereas if the firm has a largemarket potential,
thenmarket expansion effects may be large and easily
outweigh the profit loss that we find.

8. Discussion and Conclusion
We examine the effectiveness of second-degree pricing
strategies, where consumers self-select a plan, under
the conditions of operational and technological trans-
formation that result in different service time, which
can be viewed as a dimension of quality.
We develop a framework for understanding forward-

looking consumers’ decisions in our empirical context,
involving a closed-loop rental-by-mail firm. Con-
sumers make short-run consumption choices, and
we find significant heterogeneity in how consumers
make intertemporal trade-offs. Some consumers prefer
to smooth their consumption over time, whereas others
prefer to bunch their consumption, which might lead to
different implications for service time. For long-run
purchase decisions, we develop a structural model of
ordered choice, which can be applied and adapted to a
number of settings where choices have a clear vertical
structure, with smaller plans nested in larger ones. We
would find such similar plans whenever firms offer
different plan versions (e.g., with cable or internet ser-
vices such as Hulu or ESPN), or freemium models, or
mobile phone service provider plans specifying the
amount of data.
We find significant heterogeneity in consumer inter-

temporal preferences, with a majority smoothing their
consumption and a significant minority bunching.
As movie watching adapts to online streaming, binge
watching or bunching is also enabled by design features;
for example, streaming services suggest new episodes
of shows or auto-play them, and the content is designed
to leverage bunching.
Wefind thatfirmprofits can be nonmonotonic in terms

of service time, owing to two separate mechanisms. First,
in mechanism (A), as the service time increases, con-
sumers’ wait time is shorter, and there are fewer oc-
casions when they are stocked out. This increases the
consumption probability within each plan and therefore
increases the costs. The difference between willingness
to pay and costs might decrease for some consumers.

Figure 7. Comparisons Between Unlimited and à la Carte
Streaming Services
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More importantly, we demonstrate a novel mech-
anism (B), which to our knowledge has not been
suggested in prior literature. We find that improved
(reduced) service time increases the consumer hetero-
geneity in valuation of the firm’s product (plans), thus
making it more challenging to extract the surplus as
revenue. Thus, there is a distinct divergence between
value creation for consumers and value capture by the
firm. We find two reasons for this divergence. First,
through better service time, the firm might create
increased value for each of its customers, but con-
sumer valuation within each product (plan) becomes
more heterogeneous, reducing its ability to capture
surplus. Second, as service time improves, the valu-
ation across plans becomes more similar, implying
that segmentation using multiple products is not as ef-
fective. Thus, each effect reinforces the challenge for the
firm in capturing aproportionate share of created surplus.

Taken broadly, our findings suggest that an improve-
ment in one functional area (operations) might lead to
diminished ability in another area (marketing), under-
lining the challenges in coordinating both choices into the
firm’s overall strategy and chosen business model.

Our current research has specific limitations, which
in turn open up important avenues for future re-
search. First, our results are based on a specific rental
service, and it would be helpful to empirically ex-
amine other settings. In particular, although the utility
from movie consumption is generally derived within a

day, other products (e.g., video games and designer
dresses) may give consumers a stream of utilities over a
longer period. Future research can readily adapt our
modeling framework to those services. From amodeling
perspective, it might be useful to understand whether
consumers can transition between latent states, such as
in a hidden Markov model (Netzer et al. 2008), which
would likely require more plan switches than are
available in our setting. Within the RBM setting, we
have abstracted away from several issues. First is the
potential preference heterogeneity over products or
content, which is perhaps less important in our em-
pirical setting but might well be critical in other settings.
Second, and relatedly, we could examine how themovie
queue dynamics work and how consumers choose to
add titles to queues.
More broadly, beyond the RBM context, it would be

helpful tounderstandhowotherfirms’ strategic choices
impact consumer heterogeneity and selection, and
through this, the mechanisms of surplus creation and
extraction, which impact firm profitability.
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Figure A.1. Illustration of the RBM Model
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The RBMmodel is used for a wide array of rental products,
including movies (e.g., Netflix), books (e.g., BooksFree), art
works (e.g., TurningArt), video games (e.g., GameFly), and
toys (e.g., BabyPlays). Consumers have the convenience of
receiving and returning rental products in the mail (versus
traveling to physical stores) and a deeper selection of rental
products,19 with the trade-off being a delay in obtaining the
product.

Figure A.1 details the process dynamics in the RBM
model, whereby the firm only ships a “new” product when
it receives a product returned by the consumer. The service
time is the time interval between step 4 (when the consumer
sends out consumed products) and step 2 (when the con-
sumer receives new products). Thus, although the RBM
service gives consumers the convenience of receiving
products at home, it also implicitly limits the number of
movies they can watch in a subscription cycle according to
the service time, which separates the sequence of con-
sumption opportunities for the consumer.

TableA.1 details examples offirms using the RBMmodel.

Appendix B. Ordered Model for the
Consumption Decision

We consider how to obtain choice probabilities for the
ordered choice model. Table B.1 details the notation.

Let u(c, s; ν) be the utility corresponding to the con-
sumption choice. We next derive the thresholds and choice
probabilities. The ex ante short-run value function is de-
noted V, and because the state transition is deterministic
in the short run, we write V s′ |s, c( ).

u(c, s, ν) � α1c + α2c2 + βV s′|s, c( ) + α3c ν︸�︷︷�︸
Stochastic Consumption

The choice probabilities are generated from the shock ν,
which we assume is distributed as LogNormal(0,1). Any
continuous distribution with positive support would work
in its place.

Observe that when α3 > 0, a higher shock generates higher
utility from consuming more, leading to higher consump-
tion choices. Thus, the optimal consumption c∗ ∈ 0, 1, . . . ,Q{ }

(where Q is the quota of the consumer) weakly increases
in the shock ν (for α3 > 0). Below we characterize thresh-
olds that are then used to define choice probabilities.

B.1. Characterizing Thresholds and Choice Probabilities
To characterize the regions corresponding to the optimal
consumption choices, we define thresholds τjk that de-
termine how the consumer will make different choices k
and j. A consumer prefers to choose ck � cj if ν< τkj, and cj �
ck if ν ≥ τkj. The thresholds for 0< k< j ≤ Q can be derived
from the above utility specification as

τkj s;α( ) def�
α1 cj − ck
( ) + α2 c2j − c2k

( )
+ β V s′ |s, j

( )
− V s′ |s, k

( )[ ]
α3(ck − cj) .

Observe that the thresholds must be defined for each short-
run state and are also dependent on the short-run value
function V. Next, choice probabilities can be obtained from
the distribution of the shock ν(cdf Fν) as follows:

P(c∗ � j) �
Fν τ0,1( ) j � 0
Fν τj,j+1
( ) − Fν τj−1,j

( )
0< j<Q

1 − Fν τ j−1( ),j
( )

j � Q.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩
The ordered choice model for plan choices is derived in a simi-
lar manner, obtaining choice probabilities from thresholds.

Table A.1. Plans Offered by Representative RBM Services

Delivery Product selection Subscription plan Fee

Netflix Mail 100,000 + movies 1 at a time $7.99 per month
2 at a time $11.99 per month
3 at a time $19.99 per month

GameFly Mail 8,000 + games and movies 1 at a time $10 per 2 months
2 at a time $20 per 2 months

Rent the Runway UPS or courier services 1,000 + dresses 3 at a time $99 per month
TurningArt Mail 1,000 + works of art 1 at a time $15 per month

2 at a time $20 per month
BookFree Mail 250,000+ titles 2 at a time $8 per month

4 at a time $10 per month
6 at a time $13.50 per month
9 at a time $18 per month
12 at a time $22.25 per month
15 at a time $27.50 per month

Table B.1. Ordered Choice Model Notation

Notation Interpretation

cit Individual i ‘s consumption choice at time t, cit = 0,1,2,3
Qit Individual i ‘s quota choice at time t, Qit = 0,1,2,3

V s′ |s, c
( )

Short-run value function at short-run state s and
consumption c

αp Price coefficient
αsw Switching cost
α8 Importance of plan-level utility shock
τij Threshold between consumption levels i and j
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Appendix C. Model and Estimation Details
C.1. Transition of the Mailing State
The state xit evolves to xi,t+1, on the basis of the following
law of motion when there is no change in plan:

x0i,t+1 � x0it + x1it − cit

xki,t+1 � xk+1it , 1 ≤ k ≤ τ − 1( )
xτi,t+1 � cit. (C.1)

The first line of Equation (C.1) states that the inventory x0i,t+1
that will be available to consumer i at t + 1 is the current
inventory (x0it), plus any movies that she will receive (x1it),
less her current period consumption (cit), which is shipped
back to the firm. The last line of Equation (C.1) means that
after the consumer returns the just-watched movies to the
firm, she will receive the same number of movies, but only
after the full service time of τ days. The middle (τ − 1) lines
of Equation (C.1) have a straightforward interpretation: on
day t + 1, movies in the mail are one day closer to being de-
livered to the consumer. Note that

∑τ
k�0 x

k
i,t+1 � ∑τ

k�0 x
k
it � qit:

in the closed loop RBM rental process, the total number
of movies in the mail, plus the consumer inventory, is al-
ways equal to the quota on any given day.

To illustrate the dynamics of the mailing states, consider
consumer i in Table C.1. The consumer has a service time of
τ � 5 days and subscribes to a plan with three movies
(i.e., q � 3). Suppose that the initial mailing state for the
consumer is xit � (2, 0, 0, 0, 1, 0), so that she currently holds
two movies and expects one movie to arrive in four days.
The rows of Table C.1 illustrate how the state xi,t+1 evolves
when the consumer chooses either not to watch any movies
in the current period (i.e., cit � 0) or watch one (cit � 1) or two
(cit � 2)movies. For example, if cit � 0 (no consumption), the
inventory available to consumer i remains unchanged at
two on the next day. Meanwhile, she is one day closer to
receiving a movie in the mail (x3i,t+1 � 1 and x4i,t+1 � 0, versus
x3it � 0 and x4it � 1).

C.2. Transition of the Weekend State
Formally, the transition process for the day of the week is
specified as

wi,t+1 � wit + 1, wit < 7
1 wit � 7.

{
(C.2)

The intraweek dynamics are driven by the exogenous
state of weekends versus weekdays. If consumers have a
different (e.g., higher) utility for weekend consumption,
then we would expect higher consumption during the
weekends, compared with weekdays, for two reasons.

First, the effect of higher instantaneous utility during the
weekends would lead to higher consumption probability,
conditional on all other state variables. Second, consumers
would reduce their consumption on weekdays to ensure that
they have sufficient movies available to watch during the
weekend, which is also impacted by the service time.

C.3 Estimation of Ω
We estimate separately from the data in a first stage. We first
discretize thedata intoω � 3bins and estimate the (Nω ×Nω)
transition matrix, imposing the following restrictions. Be-
cause the content set only evolves as an increasing process,
we set the nondiagonal elements of the lower triangular
matrix to zero. We also allow increasing transitions only to
the next higher state for simplicity and because the data in
the content set support this transition.

Ω �
Ω11 Ω12 0
0 Ω22 Ω23

0 0 Ω33

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (C.3)

We estimate the parameters Ωe � Ω11,Ω12,Ω22,Ω23( ) non-
parametrically using a bin estimator. Note that Ω33 � 1
is fixed, because there is no other state to which it can
transition.

C.4. Value Function over Mailing States
We plot the value function in Figure C.1 for a representa-
tive consumer (whose preference parameters are fixed at
the posterior means of the individual parameters) at the
first day of the payment cycle. There are two subspaces,
corresponding to the two levels of service time: states to the
left (right) of the first red solid line correspond to T = 5 (7)
days, respectively. The dashed black lines separate the
states for the three subscription plans. Observe that the
consumers’ value functions are higher for the shorter ser-
vice time, reflecting the fact that the consumers derive less
value from a longer service time. Figure C.1 clearly dem-
onstrates that the shape of the value function is jagged.
The mailing states for the different service times are dis-
joint and can be separated in the estimated process.

C.5. Outline of the MCMC Algorithm
Below, we outline the steps of the MCMC algorithm that
generates the posteriors of the parameters Θ in the utility

Table C.1. Illustration of the Mailing State Transition for
τ � 5 Days.

State x0it(inventory) x1it x2it x3it x4it x5it

Initial state xit 2 0 0 0 1 0
xi,t+1 with cit � 0 2 0 0 1 0 0
xi,t+1 with cit � 1 1 0 0 1 0 1
xi,t+1 with cit � 2 0 0 0 1 0 2
xi,t+1 with cit > 2 (infeasible) — — — — — —

Figure C.1. Value Function
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function: Θ � α1,i, α3,i, αw, αcs, αp, αsw
( )

, as well as the hyper-
parameters that govern the distribution of the heteroge-
neous parameters: Ξ � (Δ,Vα). Table C.2 provides further
details.

Estimation for the structural parameters is done using
the IJC method of the Bayesian estimation of dynamic
discrete choice models developed by Imai et al. (2009).
The estimation was implemented in Julia. In the baseline
specification, for identification, α2,i � −1 is fixed for all con-
sumers throughout the entire MCMC process. For the semi-
parametric model, similarly α3,i � +1 is fixed, and the heteroge-
neous parameters are α1,i, α2,i( ).

The estimation steps outlined below provides a flexible
process for the estimation procedure of both homogeneous
and heterogeneous parameters.

The MCMC process has three blocks: Block I (Step 1)
draws the set of NPARhomo homogeneous parameters γ �
(αw, αcs, αp, αsw). Block II (Step 2) draws the set of NPARhetero

heterogeneous parameters, αi � (α1,i, α3,i),∀i. Block III (Steps 3
and 4) draws the hyper-parameters Ξ.

Step 0
At the beginning of each iteration r, start with the history

*r:

*r � (γ∗, α∗
i )l,EṼ s, γ∗l, α∗l

i

( )
r−1
l�r−N , q(γr−1, αr−1

i |DATAi)Ii�1
}
,

{
(C.4)

where I is the total number of consumers in the estimation
sample, and N is the number of past iterations that will be
used for the approximation of the Emax function in Steps 1
and 2. The IJC algorithm makes an important distinction
between the history of candidate parameters and accepted
parameters.We use plain subscript (e.g., r − 1) to denote the
previously accepted parameters and use superscript ∗ to
denote the candidate parameters.

It is important to note that the approximation is only for the
long-run value function. The short-run value functions are
finite-horizon and computed exactly for each parameter
value.

The first component of the history (γ∗, α∗
i )l � (αw∗, αcs∗, αp∗,

αsw∗, α∗
1,i, α

∗
3,i, )l is the vector of candidate parameters from

the past iteration l. The second component, EṼ s, γ∗l, α∗l
i

( )
, is

the corresponding pseudo-value function. Conceptually, the
pseudo-value function is an approximation to the full so-
lution of the true value function: the sequence of pseudo-value
function converges to the true value function in proba-
bility uniformly (Imai et al. 2009). The third and final com-
ponent, q(γr−1, αr−1

i |DATAi), is the pseudo-likelihood function,
which depends on the previously accepted parameters

(γr−1, αr−1
i ). Apparently, q(γr−1, αr−1

i |DATAi) also depend on
DATAi, which is the sequence of the observed consump-
tion and purchase decisions dit{ }Ti

t�1 plus the payoff rele-
vant state variables (e.g., sequence of DVDs, previous
plan choice, weekend, day of the month, and DVD content
size) at time t. To reduce clutter in the notation, we sup-
press the dependence of q on DATAi and write q(γr−1, αr−1

i )
instead.

Step 1. In this step, we draw the homogeneous pa-
rameters γr using the random-walk Metropolis-Hastings
algorithm.

1a. On the basis of the current draw of γr−1, use a multi-
variate normal density (i.e., N γr−1,Σ)( )

as the proposal
density. Σ is an NPARhomo by NPARhomo diagonal matrix
whose elements are proportional to the parameter estimates
of homogeneous parameters obtained from the maximum
likelihood estimation. The vector of candidate parameters
is denoted γr∗.

1b. For each consumer, compute the pseudo-likelihood at
the candidate vector γr∗, that is, q(γr∗, αr−1

i ), conditional on
DATAi, and EV̂ s, γr∗, αr−1

i
( )

, which is the Emax function ap-
proximated by the weighted average of the N past pseudo-
value functions:

EV̂ s, γr∗, αr−1
i

( ) � ∑
r−1
l�r−N EṼ s, γl∗, αr−1

i

( )[ ]
· Kh γr∗ − γl∗, αr−1

i − αl∗
i

( )∑r−1
k�r−NKh γr∗ − γk∗, αr−1

i − αk∗
i

( ) . (C.5)

Notice that the pseudo-value functions, which are the bases
of the nonparametric approximation, correspond to the
previous candidate parameters, which can have larger varia-
tions compared with the accepted parameters. The weights for
each of the N pseudo-value functions are based on the
distances between the candidate vector and the previously

Table C.2. Estimation Details

Estimation component Value

No. of pseudo-value functions in history 2,400
No. of individuals 200
Overall homogeneous acceptance rate (%) 32.2
Overall heterogeneous acceptance rate (%) 26.3
Bandwidth for kernel Based on Silverman (1986)

Figure C.2. Convergence of Pseudo-likelihood
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stored vectors γl. We use the standard Gaussian kernel for
the nonparametric approximation:

Kh(γr∗ − γl∗, αr−1
i − αl∗

i )

� 2π
NPAR

exp
∑NPARHomo

j�1

(γr∗ − γl∗)2
2hj

+ ∑NPARHetero

j�1

(αr−1
i − αl∗

i )2
2hj

]
,

[
(C.6)

whereNPAR is thedimensionofΘ, andNPAR � NPARhomo +
NPARhetero. We use hj to denote the bandwidth or smoothing
parameter for the jth parameter. The selection of the band-
width is based on the trade-off between the bias and variance
of the resulting estimator. Using Silverman’s rule of thumb
(Silverman 1986), we set hj � σ̂jN−1

5, where σ̂j is the sample
standard deviation of N sample points.

1c. Similarly, we compute the pseudo-likelihood q(γr−1,
αr−1
i ) at the previously accepted vector γr−1:
Assuming a diffuse prior for γ, we determine whether

to accept γr based on the following acceptance probability:

Probaccept � min
∏I

i�1q(γr∗, αr−1
i )

∏I
i�1q(γr−1, αr−1

i ) , 1
[ ]

. (C.7)

If accept, set γr � γr∗; if reject, set γr � γr−1.
Step 2. In this step, we use the random-walk Metropolis-

Hastings algorithm to draw αr
i for each consumer.

2a. αi is distributed as N(ΔrZi,Vα). In this general specifi-
cation,Zi can include time-invariant demographic variables
(e.g., family size), so that we can relate the systematic differences
in (α1,i, α3,i) to these demographic differences. For example,
it is possible that consumers who have larger family size
may have higher baseline consumption utilities (α1,i). Un-
fortunately, the focal firm does not have such information
available. So in practice, Zi is a vector of ones in our model
specification.

We first generate a candidate αr∗
i as αr∗

i ∼ N(αr−1
i ,Ψ), where

Ψ is an NPARhetero by NPARhetero diagonal matrix whose el-
ements are proportional to the parameter estimates of het-
erogeneous parameters from the maximum likelihood
estimation on the pooled data (i.e., similar to Manchanda
et al. 2004, we ignore the difference between the consumers
in this step).

2b. Compute the pseudo-likelihood for consumer i at the
candidate vector αr∗

i , that is, q(γr,αr∗
i ), conditional on DATAi

and EV̂ s,γr,αr∗
i

( )
, which is the Emax function approximated

by the weighted average of the N past pseudo-value func-
tions: EṼ s,γr∗,αr∗

i
( )r−1

l�r−N
EV̂ s, γr, αr∗

i
( )
� ∑

r−1
l�r−N EṼ s, γr, αr∗

i
( )[ ] Kh γr − γl∗, αr∗

i − αl∗
i

( )∑r−1
k�r−NKh γr − γk∗, αr∗

i − αk∗
i

( ) .
(C.8)

Theweights for theN pseudo-value functionsarebasedonthe
distances between the candidate vector and the previously
stored vectors αl

i. Similar to Step 1b above, we used the Gaussian
kernel:

Kh(γr − γl∗, αr∗
i − αl∗

i )

� 2π
NPAR

exp
∑NPARHomo

j�1

(γr − γl∗)2
2hj

+ ∑NPARHetero

j�1

(αr∗
i − αl∗

i )2
2hj

]
,

[
(C.9)

and again we use Silverman’s rule of thumb (Silverman
1986) to determine the optimal bandwidth h.

2c. Similarly, we compute the pseudo-likelihood q(γr,
αr−1
i ) at the previously accepted vector αr−1

i .
Then we determine whether to accept αr

i based on the
following acceptance probability:

Probaccept � min
q(αr∗

i )π(αr∗
i )

q(αr−1
i )π(αr−1

i ) , 1
[ ]

, (C.10)

where π(.) is the prior density: π(αi) ∝ (αi − Δr−1Zi)Vr−1
α (αi −

Δr−1Zi)′ .
If accept, set αr

i � αr∗
i ; if reject, set α

r
i � αr−1

i .
Note that Step 2 is iterated for all consumers

i � 1, . . . , I, where I is the total number of consumers in the
estimation sample.

Step 3. On the basis of αr
i , draw the posterior mean Δ

r from
the posterior density:

Δ
r∼N(Δ̃, Ṽα

)
, (C.11)

where Δ̃ � Ṽα(A−1
α δ̄ +∑I

i�1Z
′
iV

r−1
α αr

i ) and Ṽα � (A−1
α +∑I

i�1Z
′
i ·

Vr−1
α Z′

i ). We set the priors to be uninformative δ̄ = 0 and
Aα � 100I.

Step 4. Draw Vr
α from the inverse Wishart distribution:

Vr
α ∼ IW ν + I|α| ,

∑
I
i�1(αr

i − ΔrZi)(αr
i − ΔrZi)′

( )
. (C.12)

We set I|α| , the prior mean of Vα, to 0.1I; and the prior de-
grees of freedom to ν = NPARhetero + 3, where NPARhetero is
the number of heterogeneous parameters.

Step 5. Use the candidate parameters αr∗
i to compute

the pseudo-value function EṼ s, γ∗r, α∗r
i

( )
at the current it-

eration r. This step uses the Emax approximation computed
in Step 2.

Step 6. For each consumer i, compute the pseudo-likelihood
at the current iteration r: q(γr, αr

i ).
Step 7. Use the pseudo-value function and the pseudo-

likelihood function from Steps 5 and 6 to update the history
*r+1. Go to iteration r + 1.

C.6. Estimation Results
C.6.1. Nonparametric First Stage Content Set Transition.
We first estimateΩusing a bin estimator.We use subscripts
1, 2, and 3 to denote the low, medium, and high content
states, respectively.20 Specifically, we find

Ω �
0.924 0.076 0
0 0.923 0.077
0 0 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦.

Appendix D. Additional Empirical Analysis
Here we provide some additional data on plan choices and
evidence of learning and examine consumer heterogeneity
with regard to service time.

D.1. Purchase and Firm Outcomes
We now examine the consumers’ purchase decisions, and
subsequently firm marketing outcomes (revenue, cost and
profit). On average, consumers subscribed to the service for

Kumar and Sun: Pricing for Operational and Technological Transformation
Management Science, Articles in Advance, pp. 1–29, © 2019 INFORMS 25



9.4 months. Low, Medium, and High plans accounted for
14%, 73%, and 13% of purchases, respectively. We examine
plan-switching frequencies, summarized in Table D.1. Two
patterns emerge. First, plan switching is more likely to
occur between adjacent plans but not between the Low
and High plans. Second, consumers are more likely to exit
from the Low plan, compared with from either the Medium
and High plans.21

D.1.1. Learning. Past literature has suggested that con-
sumers may learn over time about a service, and multiple
sources of learning may exist in other empirical contexts
(see Ching et al. 2013 for an excellent review). For example,
consumers may learn about the quality (Erdem and Keane
1996, Crawford and Shum 2005, Iyengar et al. 2007,
Gopalakrishnan et al. 2014). If there is substantial con-
sumer learning, then we would expect consumers to be
more likely to switch plans earlier in their tenure. We ex-
amine the plan-switching frequencies for each of the first six
months of their tenure with the firm. We do not see a clear
decreasing trend in the switching or exit probability across
these six months. Because the reductions in switching over time
are typical variations used to identify the degree of learning,
our empirical setting would not be able to identify any learn-
ing when no such reduction is present in the data.

D.1.2. Seasonality by Month. We have already seen that at
the weekly level, there is a differential level of consumption
across weekday versus weekend. We examine the con-
sumption across months to determine whether there are
longer-term seasonal consumption patterns that we might
need to consider. From Figure D.1, we do not find evidence
of significant monthly variation in consumption.

D.1.3. Service Time. Given the previously noted differ-
ences in consumption patterns across short versus long
service times, we break down the purchase decisions and
related firm outcomes by consumer service times. The re-
sults are summarized in Table D.2, from which several
observations can be made. First, the purchase shares do not
vary significantly across these consumers with short and
long service times. However, consumers with a shorter
service time stay with the firm longer on average (11.6
versus 7.1 months).

D.1.4. Content Heterogeneity. A valid concern is that the
switching costs may be conflated with the consumers’
heterogeneous viewing preferences. Specifically, the lack of
switching may be due to the fact that the consumer is not
interested in the newly added content. To examine the

possible confounding effect of content heterogeneity, we
consider the following regression analyses. In each re-
gression, the dependent variable DaysKeptikt is the number
of daysmovie kwas kept by the consumer i atmonth t [mean
(standard deviation) = 9.7 (13.7) days]. The independent
variables include dummyvariables formovie genres (War is
used as the reference genre) and several controls: (1) sub-
scription choice of consumer i in month t; (2) service time of
consumer i; and (3) consumer fixed effects (the consumer-
specific service time was excluded in this specification).
Results are presented in Table D.3. To summarize, none
of the coefficients of the genre dummies were found to
be significant; thus, genre-dependent utility is unlikely to
play a critical role.

We also computed the individual-level Herfindahl in-
dices for consumed movie genres. We find that across the
consumers, the indices are not excessively large (mean 0.38,
standard deviation 0.23). We treat these as indicative that
viewing preference heterogeneity across genres is less
likely to be confoundedwith switching cost in our empirical
context. However, modeling genre-specific preferences
would be a useful model extension that has not been un-
dertaken in this paper.

D.1.5. Consumption Choices. We expect consumers’ con-
sumption decisions to be influenced by the number of available
movies from the focal firm (which steadily increased from
approximately 300 to approximately 1,300 unique titles dur-
ing the observation period) and the consumption occasion
(i.e., weekdays versus weekends). Observe that inventory
represents current consumption opportunities, whereas
movies in the mail represent future consumption opportu-
nities, and a forward-looking consumer accounts for both.
To examine whether consumers behave consistently with a
forward-looking model, we examine how consumer i’s
consumption in period (day) t, cit depends on these factors:

cit � θ0i + θ1 inventoryit + θ2 n arrivingsoonit
+ θ3 n arrivinglateit + θ4 weekendt
+ θ5 n contentsett + θ6 n contentsett2

+ θ7 n cumulativeconsumptionit + eit.

Consumption (cit) is modeled as a function of the number
of movies in the consumer’s possession (inventoryit) and

Table D.1. Pattern of Plan Switching

Plan Low Medium High Outside option

Low 88.6 1.3 0.0 10.1
Medium 2.1 86.0 2.4 9.5
High 0.5 3.5 88.4 7.5

Notes. Values are percentages. The (i, j)th entry in each plan-switching
matrix is the percentage of plan choices of plan j if the preceding plan is
i. The outside option (Exit) is shown in the last column.

Figure D.1. Consumption Seasonality by Month
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the number of movies that she will receive the next day
(n arrivingsoonit) or after the full service time (n arrivinglateit).
Forward-looking consumers will account for future avail-
ability of movies and adjust consumption decisions (e.g., a
consumerwithmovies arriving soon ismore likely to consume,
comparedwith the case inwhich she hasmovies arriving later).
Thedummyvariableweekendt is 1 if day t is either Saturday or
Sunday, and 0 otherwise; it captures the systematic dif-
ference in consumption utility on weekends versus week-
days. The n contentsett denotes the number of unique movie
titles available on day t. This variable and its squared term
account for the potential effects of a larger content set on the
average consumption.

Results are summarized in Table D.4. We view these
results as factors supporting our decisions in the struc-
tural model. However, we do not view the estimates causally,
because the numbers of movies arriving at a specific period are
endogenous variables. We find that movie inventory has a
significant positive effect on consumers’ consumption de-
cision. Consistent with forward-looking consumers, movies
in the mailing process also have significant effects (e.g., a
consumer is more likely to consume when she expects more
movies to be arriving soon). Consistent with model-free evi-

dence, consumers are more likely to consume during week-
ends. The content set size also has a positive effect on the
consumption.

Cumulative consumption has a positive and significant
impact, but the magnitude is quite small; that is, with an
additional 25 movies watched (the total number of movies
watched by an average consumer in her entire lifetime in
our data period), the consumption probability changes
from 9.8% to 10.3%.

Table D.2. Firm Outcomes by Service Times

Consumers with Short service Consumers with Long service

Mean Standard deviation Min Max Mean Standard deviation Min Max

Tenure (months) 11.6 8.3 1 32 7.1 6.7 1 32
Cost ($) 64.8 44.6 2 241.0 29.0 26.7 2 102.7
Revenue ($) 188.7 121.8 19.95 565.9 121.1 105.4 19.95 459.9
Profit ($) 123.9 86.2 10.1 471.4 92.1 82.0 12.0 372.2

Low plan Medium plan High plan Low plan Medium plan High plan
Purchase shares (%) 14.1 72.9 13.0 14.8 73.8 11.3

Table D.3. Analyses on Number of Days Kept by the Consumer

Model 1 Model 2 Model 3

Estimate (SE) p-value Estimate (SE) p-value Estimate (SE) p-value

Intercept 10.89 (0.972)*** <2e-16 −0.302 (1.251) 0.809
Action benre −1.149 (0.999) 0.250 −0.969 (0.992) 0.328 −0.513 (0.904) 0.570
Children genre 0.377 (1.204) 0.754 0.498 (1.194) 0.677 0.051 (1.120) 0.649
Classics genre −1.159 (2.001) 0.562 −0.812 (1.984) 0.682 0.755 (1.823) 0.678
Comedy genre −0.955 (1.018) 0.348 −0.710 (1.009) 0.482 −0.274 (0.925) 0.767
Drama genre −0.439 (1.003) 0.202 −0.226 (0.994) 0.820 0.103 (0.906) 0.909
Romance genre −1.381 (1.082) 0.199 −1.135 (1.074) 0.291 −0.439 (0.982) 0.655
Sci-fi genre −1.452 (1.131) 0.199 −1.425 (1.122) 0.204 −0.610 (1.025) 0.552
Suspense genre −1.963 (1.061) 0.064 −1.682 (1.053) 0.110 −0.324 (0.962) 0.736
Plan choice &

service time
Not included Included Not included

Individual FE Not included Not included Included
Adjusted R2 0.0007 0.017 0.476

Note. FE, fixed effect; SE, standard error.
***p < 0.001.

Table D.4. Daily Consumption Regression

Variable Coefficient t-value

Number in consumer’s inventory 4.39×10−2*** 31.49
Number arriving soon 3.00×10−2*** 24.68
Number arriving late −1.69×10−2*** −5.99
Weekend dummy 4.31×10−2*** 18.61
Content set size 2.94×10−4*** 3.40
Square of content set size −2.35×10−7** −2.86
Cumulative number of movies watched 2.34×10−4* 2.35

Notes. Dependent variable: number of movies cit watched on day t.
Individual consumer fixed effects included.

*p < 0.05; **p < 0.01; ***p < 0.001.
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Endnotes
1 See https://www.cnbc.com/2018/05/22/rent-the-runway-2018
-disruptor-50.html and http://www.scw-mag.com/sections/retail/
868-rent-the-runway.
2A consumer can sign onto her online account to add to her personal
movie queue (i.e., the set of movies that she would like the firm to
send to her). Movies that have been sent to the consumer are removed
from the queue.
3Wealso examinewhether consumers demonstrate learning and how
service time impacts consumers’ choices and firm outcomes. These
are detailed in Appendix D.
4We also estimate a semiparametric model with the following utility
specification: u(cit) � θ1I cit � 1[ ] +θ2I cit � 2[ ] +θ3I cit � 3[ ] + α3citνit+
αwcit I t ∈ Tw[ ] + αcscit log(ωt), with the rest of the utility terms the
same as the current model.
5The linear-quadratic form can be viewed as an approximation to
several more complex utility functions.
6We add a dormant state that allows consumers to choose the outside
option and remain in our tracking. This state is an alternative to
permanent exit and allows the consumer to return by subscribing to a
plan in the future.
7We estimate Ω separately from the data and incorporate it into
consumers’ expectations.
8Overall, we have one endogenous state (xit) and three exogenous
states, and all except ωt evolve deterministically. The total state space
including both short-run and long-run contains (1) the mailing state,
which characterizes the consumers’ DVD inventory and the number
of DVDs at different stages of themailing process; (2) the day of week,
which affects immediate consumption utility; (3) the day in the
payment cycle; and (4) the size of the content set.
9Overall, there are 247 (Nx) ×7 (number of days in the week) ×30
(number of days in a payment cycle) ×3 (Nω) = 155,610 short-run
states. We show a representative value function in Appendix C.
10 From a computational perspective, it is useful to separate out the
long-run and short-run value functions. Consumption choice data are
used to identify the short-run consumption preference parameters,
whereas the combination of the short-run value function, content set
changes, and plan choices serves to identify the long-run parameters.
Moreover, in computing the counterfactuals, this is especially helpful
because the price only impacts the long-run value function and not
the short-run value; we only need to compute the compute the short-
run value function once (for each service time) rather than for every
possible price vector. We thank an anonymous reviewer for this
suggestion.
11The estimation procedure was written in Julia for computational
speed; a single iteration of the IJC algorithm requires approximately
10 seconds on a 64-core Amazon cloud computer. We ran 30, 000
iterations for all models and computed parameter estimates based on
the last 10,000 iterations. Figure C.2 in Appendix C plots the pseudo-
likelihood across iterations and shows that model estimates con-
verged reasonably quickly.
12The focal firm provided uswith this cost estimate, where $0.9 is spent
the two-way mailing cost and $1.1 spent on handling of each DVD.
13 In practice, the firm might need to purchase more copies of movies,
especially popular ones. Our estimate of costsmight likely prove to be
an underestimate, and thus a reduction in service time might prove
even worse from a profitability viewpoint.
14To see a simple example of this, consider a monopolist facing two
equal-sized (normalized to 1) groups of consumers with valuation
μ − δ and μ + δ, where δ characterizes the variation in valuations. The
firm faces zero costs. When variation is low (i.e., δ< μ

3), the firm’s
revenue (or profit) π∗ � 2(μ − δ) is decreasing in δ. Further, observe

that it is easy to construct cases in which, with an increase in both μ
and δ, the revenue decreases.
15 See http://www.nbcnews.com/id/11262292/ns/business-us_business/
t/frequent-netflix-renters-sent-back-line/.
16As of 2018, Netflix streaming now accounts for approximately
one-third of the entire U.S. online traffic. Source: http://www
.streamingmedia.com/Articles/Editorial/Featured-Articles/Stream
-This!-Netflixs-Streaming-Costs-65503.aspx. Retrieved August 10,
2018.
17The streaming cost for a two-hour movie is estimated to be six cents
for the standard format movie, and nine cents for the high-definition
movie. The licensing fee typically varies across movies and can be as
high as $4 per movie. Source: http://www.streamingmedia.com/
Articles/Editorial/Featured-Articles/Stream-This!-Netflixs-Streaming
-Costs-65503.aspx. Retrieved August 10, 2018.
18At each level of marginal cost, we conduct a grid search over 1,000
price points uniformly distributed between $1 and $100 for the
subscription prices and between $0 and $20 for the per-movie prices,
respectively.
19For example, 100,000 unique titles are available from Netflix,
compared with a few thousand in a retail store.
20Note that Ω33 � 1 is fixed, not estimated.
21We also separately examined the switching matrices for periods
with a high content set size (more than 650 movie titles) and a low
content set size (fewer than 650 titles) and found the same patterns.
Furthermore, the probability of exiting is significantly lowerwhen the
content set is high (versus low).
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