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Abstract

We develop and estimate a dynamic structural model of the US wireless industry.

The demand model features two sources of dynamics: First, consumers that switch

contracts must pay early termination fees to their current wireless service provider;

second, handsets are durable. Consumers and wireless carriers are forward-looking and,

in contrast to previous work, have perfect foresight over the evolution of the industry.

Carriers compete using open-loop strategies. Counterfactual simulations reveal that the

elimination of early termination fees, despite raising equilibrium prices, unambiguously

benefits consumers. Firms may benefit as well provided the cost of processing early

termination fees is high enough.

Keywords: switching costs, perfect foresight, structural estimation, dynamics

JEL Classification: D12, L11, L13, L40, L96

1 Introduction

Acquiring and retaining customers is a central objective for firms. One strategy a firm may

employ to protect its customer base is to create exit barriers for existing consumers. This

can be done by introducing strategic incompatibilities, creating artificial network effects, or
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explicitly writing contracts embodying switching costs. Klemperer (1995) argues that such

switching costs may result in substantial welfare losses, and suggests that regulators work to

reduce them. However, more recent theoretical and empirical work (e.g., Dube, Hitsch, and

Rossi, 2009) emphasizes that consumers may benefit from the presence of switching costs, as

firms may compete more aggressively to acquire or poach them.

Switching costs are embodied in most wireless service contracts through early termination

fees (ETFs), which penalize consumers for leaving their wireless provider before the end of

their multi-year contract. Wireless connectivity has become increasingly important. In 2014,

revenues in the mobile telephony market exceeded 200 billion dollars per year representing

355 million unique subscribers (CTIA, 2015), and more than 45 percent of US households

relied on a wireless phone as their only phone line (Blumberg and Luke, 2015). It is also

increasingly common for wireless service to be an individual’s primary connection to the

internet (Pew Research Center, 2015). Concerns about the competitiveness of the market are

thus paramount. In 2011, a major merger between the second and fourth largest carriers

was blocked by the US Department of Justice due to its potential anti-competitive effects.

However, as consumer advocates pointed out, having many firms in the market may not make

much of a difference if the cost of switching providers curtails competition between carriers.

Wireless providers argue that ETFs are necessary due to phone subsidies: Signing a

long-term contract allows the consumer to buy a handset at a subsidized price. Firms argue

that they only use ETFs to prevent consumers from buying a phone at a subsidized rate and

then immediately canceling their contract, leaving the firm with no opportunity to recoup its

subsidy through monthly service fees. Yet, the structure of ETFs suggest that firms also use

them strategically. Since each month the firm recovers a part of the cost of subsidizing the

handset, the early termination fee decreases over time. However, in practice ETFs decrease

slowly and remain substantial even in the final month of the contract.1

It is safe to say that ETFs are widely unpopular with consumers. As such, they have come

under scrutiny by federal regulators and legislators, and have been the subject of high-profile,

class-action lawsuits2. However, it is not clear that consumers are worse off with ETFs as

firms are likely to set different prices depending on whether ETFs are used. For similar

reasons, it is not clear that producers benefit from ETFs. This may seem counterintuitive:

Since firms are choosing to have ETFs, should we not expect them to be better off with

ETFs? This might not be the case if, e.g., there are multiple equilibria.

As a first step to study these and related questions, we develop a stylized theoretical model

where firms endogenously choose whether to have ETFs and then compete in per-period

1Recent theoretical work has shown how an incumbent can profitably use ETFs to deter entry (Bedre-
Defolie and Biglaiser, 2017). By contrast, we take the set of firms as given and focus on the effects of ETFs
on pricing incentives and market performance.

2https://docs.fcc.gov/public/attachments/FCC-16-54A1.pdf
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prices. We find that in equilibrium either all firms will have ETFs or none of the firms will

have them; moreover, the ETF and no-ETF equilibria coexist for plausible parameter values,

so that firms face a coordination problem. This stylized model delivers important insights.

First, competition in service fees is more intense when ETFs are used. The intuition is that

consumers perceive products as being less differentiated when ETFs are imposed: Although

a consumer knows her current match values for the various alternatives when making her

purchase decision, those values may change in the subsequent periods during which she will be

locked in. Second, consumers may or may not be worse off in the ETF equilibrium, depending

on whether the benefits they derive from lower prices are offset by their inability to switch to

better alternatives when their match values change. Third, the use of ETFs is an equilibrium

phenomenon and there is no reason to expect it to be a dominant strategy for firms. In

particular, firms may be worse off in the ETF equilibrium due to the lower prices that arise.

Against this theoretical background, we empirically investigate the effects of ETFs on

competition and welfare. Using a detailed consumer survey from 2005 to 2012, we estimate a

dynamic demand model with forward-looking consumers. The data contain individual-level

information on purchase decisions, consumer demographics, and handset characteristics.

Individual-level data allow us to accommodate some consumer heterogeneity by allowing

parameters to vary flexibly across demographic groups. The demand model is a literal

application of the Berry, Levinsohn, and Pakes (1995) (BLP) model to a dynamic setting:

Just like BLP assumes that consumers have perfect information about product characteristics

in a static setting, our model assumes that consumers know the characteristics of all the

products in the market both now and in the future. This perfect-foresight approach differs

from prior work in the dynamic demand literature, as discussed in detail below.

Our structural model accounts for two important sources of dynamics: handset durability

and switching costs (ETFs).3 Importantly, we do not estimate the “hassle” costs associated

with switching providers, but instead focus on the explicit contractual switching costs by

including data on actual ETFs in the model. Because there is no extra hassle cost to estimate,

identification in our model is more transparent. Focusing only on ETFs can be viewed as

estimating a lower bound on switching costs. It is worth noting that prior work that does

estimate total consumer switching costs in the industry finds estimates that are very close to

the average ETF in service contracts (see Cullen and Shcherbakov, 2010).

The final step of the paper is to simulate counterfactual scenarios to investigate whether

firms or consumers would be better off without ETFs. The results are particularly interesting

since the industry recently transitioned to a business model without ETFs. We provide a set

of counterfactual simulations within both partial and full equilibrium analysis.

3Another source of dynamics that is accounted for is that monthly service fees are fixed in long-term
contracts, so that, for a given product, the current service fee may depend on the period of purchase.
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Our partial equilibrium analysis suggests that the elimination of ETFs would increase

consumer welfare by 76 percent if handset prices and service fees remained unchanged. This

is only a partial equilibrium result since carriers would undoubtedly adjust those prices. In

particular, without ETFs firms may stop subsidizing handsets. However, even if consumers

face the full, unsubsidized handset prices, the increase in consumer surplus is still estimated

to be at 48 percent when monthly service fees remain unchanged. Moreover, to offset this

increase in surplus, service fees would have to increase by at least 32 percent. The question

is thus whether the elimination of ETFs would trigger significant increases in service fees.

To simulate a full-equilibrium scenario where service fees endogenously adjust, we specify

a supply-side model. For the sake of computational feasibility, we assume that each service

provider uses an open-loop strategy (see, e.g., Chapter 4 in Fudenberg and Tirole, 1991),

thus choosing once and for all the prices of all of its products in all time periods to maximize

the present discounted value of its profits.4 The marginal costs of providing each product are

recovered in a way similar to Berry, Levinsohn, and Pakes (1995) using first-order conditions.

The full equilibrium is then simulated under the assumption of no ETFs but with consumer

decisions still affected by handset durability.

In the no-ETF equilibrium, assuming that handsets continue to be subsidized, service

fees are higher by 2.10 to 5.17 percent, with larger increases for bigger carriers. Consumer

surplus is higher by 68 percent so that the lifetime value of the wireless service for consumers

increases from 2,347 to 3,932 dollars. Profits from service fees increase by 46 to 89 percent,

with smaller carriers gaining more. However, the elimination of ETFs also eliminates revenues

received from these payments. If the costs of administering and processing ETFs were zero,

then industry profits would in fact be lower without ETFs. However, if processing costs were

high enough, e.g., constituting at least 1.60 dollars per month and per subscriber for Verizon,

1.25 dollars for AT&T, 60 cents for Sprint, and less than 50 cents for smaller carriers, then

equilibrium profits would be higher without ETFs.

Related literature. In seminal work, Klemperer (1987) showed that switching costs give

rise to offsetting pricing incentives: On the one hand, firms want to set low prices to acquire

new customers; on the other, they want to exploit locked-in customers by setting high prices.

A number of theoretical papers have used an infinite-horizon Hotelling model similar to ours

to further explore the investing-harvesting trade-off and derive predictions on the effects of

switching costs on price levels (Beggs and Klemperer, 1992; Doganoglu, 2010; Somaini and

Einav, 2013; Rhodes, 2014; Fabra and Garcia, 2015). Our stylized theoretical model is closest

in spirit to Beggs and Klemperer (1992)’s, in that we also assume that switching costs are

4Under open-loop strategies with consumers having perfect foresight, the firms take into account the fact
that a change in the price of any product affects the demand for all products in all time periods.
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so high that consumers never switch. In contrast to them, we find that equilibrium prices

are lower when consumers face switching costs. The reason for this discrepancy is that, in

our model, a locked-in consumer pays the price specified in her contract, and not the going

market price—a reasonable assumption for the wireless industry. Under this assumption,

switching costs reduce the perceived level of product differentiation—an idea that goes back

to von Weizsäcker (1984)—thus resulting in lower prices. Importantly and in contrast to

those papers, we endogenize the firms’ decision whether to impose switching costs.

In the empirical industrial organization literature, the parameters of dynamic models are

estimated using either a variant of the two-step method or a full-solution approach. Varrious

two-step estimators have been developed following work by Hotz and Miller (1993) and

Hotz, Miller, Sanders, and Smith (1994); these include Aguirregabiria and Mira (2002, 2007),

Bajari, Benkard, and Levin (2007), Pakes, Ostrovsky, and Berry (2007), and Pesendorfer

and Schmidt-Dengler (2008).5 Such methods typically estimate policy functions in the form

of conditional choice probabilities, which are then used to compute value functions. A key

limitation of those methods is that they require observing all payoff-relevant variables to

obtain consistent estimates of the policy functions.6 By contrast, there is no such requirement

for full-solution techniques, as originally introduced by Rust (1987). Their implementation,

often combined with a nested fixed-point algorithm similar to the one in the present paper,

is, however, significantly more computationally intensive.

Since a credible model of dynamic consumer behavior typically requires including un-

observed state variables, the literature on dynamic demand estimation has relied more on

the full-solution approach. Thus, the Markovian framework proposed by Melnikov (2013)

and further developed by Gowrisankaran and Rysman (2012) has been used to estimate

the demand for durable, storable, or subscription goods in markets with many products.

Tractability is achieved by reducing the state space by restricting consumers’ beliefs about

the evolution of the industry using an inclusive value sufficiency (IVS) assumption. The

state of the market is thus summarized by a uni-dimensional sufficient statistic, which is

assumed to follow a simple autoregressive process. One interpretation is that consumers are

boundedly rational, in that they do not fully use the information available to them when

forming expectations and making decisions. Examples of papers using the IVS assumption

include Hendel and Nevo (2006), Schiraldi (2011), and Nosal (2012). When the number of

products is small, the IVS assumption can be relaxed, as in Shcherbakov (2016)’s study of

switching costs in the paid-television industry. Using the IVS assumption, Weiergräber (2019)

studies the interplay between switching costs and network effects in the US wireless industry

using data similar to ours, but abstracting away from consumers’ handset choices.

5A good review is provided in Aguirregabiria and Nevo (2013).
6Arcidiacono and Miller (2011) develop a two-step method that can accommodate unobserved heterogeneity

if the dynamic model has the finite-dependence property.
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By contrast, we assume that consumers are fully rational, having perfect foresight over the

evolution of the industry. Although this assumption rules out uncertainty in consumer beliefs,

it endows distinct advantages to the model. First, it allows consumers to account separately

for the evolution of the quality of each product; thus, in contrast to Markovian frameworks,

a consumer can believe that two products that currently deliver the same flow utility will

evolve very differently in the future. We believe this to be important to accurately model the

decision process in the wireless market. Second, by using the actual product evolution for

each product, we can avoid approximation errors in the estimation of beliefs. With perfect

foresight, it is clear that the actual evolution of product characteristics is driving the results.

Third, our supply-side model, which assumes firms make pricing decisions under perfect

foresight, is consistent with our demand-side approach—whereas, for computational reasons,

such consistency is typically not achievable in Markovian frameworks.

The rest of the paper is organized as follows. In Section 2 we develop and solve a simple

theoretical model that motivates our empirical analysis. Section 3 describes the data. The

dynamic model of consumer demand and estimation algorithm are presented in Section 4.

We discuss identification arguments and instrumental variables in Section 5. Estimation

results are reported in Section 6. Section 7 introduces the supply-side model and presents

our counterfactual simulations. Section 8 concludes.

2 Theoretical predictions

We begin by introducing an illustrative, theoretical model of competition with switching costs.

We consider a discrete-time, infinite-horizon, duopoly model. There is a mass 1 of consumers

with unit demand. Products are differentiated à la Hotelling: If consumer i consumes firm j’s

product at time t, she receives a utility flow of δ − |xit − ℓj| − pijt, where δ > 0 is gross flow

utility, ℓj is firm j’s location on the Hotelling line (ℓ1 = 0 and ℓ2 = 1), xit ∈ [0, 1] is consumer

i’s type in period t, drawn i.i.d. over time and across consumers from a uniform distribution

over [0, 1], and pijt is the price paid by consumer i to firm j. A consumer that does not

consume receives a flow utility of zero, and we assume throughout that δ is sufficiently high

so that the market is always covered. Consumers’ discount factor is βc ∈ (0, 1).

The firms are symmetric, their discount factor is βf ∈ (0, 1), and their constant unit cost

of production is normalized to zero. ETFs are modeled in a parsimonious way: If firm j uses

ETFs and consumer i buys from that firm at contract price p in period t, then consumer i

must buy from that firm at the same price in all subsequent periods. Buying instead from a

firm that does not use ETFs involves no subsequent commitment.

At time t = −1, firms simultaneously decide whether to use ETFs. Next, the dynamic

pricing game starts, with the following timing within each period t ≥ 0: 1. Firms 1 and
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2 simultaneously set p1t and p2t. 2. Consumers’ types in period t are drawn and become

common knowledge.7 3. Consumers who previously bought from a firm using ETFs purchase

from the same firm at the price specified in their contract. Consumers who have not yet

bought from a firm using ETFs make purchase decisions.

We look for stationary subgame-perfect equilibria in pure strategies, with stationarity

being defined as follows: For a given action profile in stage t = −1, firm j sets the same price

in all subgames of the dynamic pricing game. This restriction rules out collusive equilibria

based on rewards and punishments.

We use backward induction, solving first for equilibria in each of the subgames starting at

time 0. Consider the subgame in which no firm uses ETFs. Since buying from either firm

involves no subsequent commitment, purchase and pricing decisions are static. As in standard

Hotelling, the location of the marginal buyer at time t, x̂t, solves the indifference condition

δ − p1t − x̂t = δ − p2t − (1− x̂t), (1)

which gives x̂t = 1/2 + (p2t − p1t)/2. Hence, in the unique stationary equilibrium, firms set

the standard Hotelling equilibrium prices p1 = p2 = 1. Each firm makes a per-period profit

of 1/2, and, integrating over consumers’ types, per-period consumer surplus is δ − 5
4
.

Next, we turn to the subgame in which both firms use ETFs. Consider buyer i at time t,

and suppose that buyer has not yet purchased from either firm. (Buyers who purchased from

one of the firms have no decision to make.) If consumer i buys from firm j, she receives

δ − pjt − (1− βc)|xit − ℓj| − βc

1

2
,

where |xit − ℓj| is current transport costs, 1/2 is future (expected) transport costs, and we

have converted intertemporal payoffs into flow payoffs by pre-multiplying by 1 − βc. The

location of the marginal buyer, x̃t, is thus pinned down by the indifference condition

δ − p1t − (1− βc)x̃t = δ − p2t − (1− βc)(1− x̃t). (2)

We thus obtain x̃t = 1/2 + (p2t − p1t)/(2(1− βc)), which means that consumers behave as

in a Hotelling model with transport cost parameter 1− βc. Given this behavior, it is easily

shown that firms set the corresponding Hotelling equilibrium prices, p1 = p2 = 1− βc, and

each firm makes a per-period profit of (1− βc)/2. Expected consumer surplus is δ −
(
5
4
− βc

)

in period t = 0, and δ −
(
3
2
− βc

)
in all subsequent periods.

7The assumption that types are publicly observed is innocuous. It allows us to use subgame-perfect
equilibrium as our solution concept. The equilibrium outcome would be the same if we assumed instead that
types are private information and solved for (stationary) perfect Bayesian equilibria.
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Subgames in which one firm uses ETFs and the other one does not are more complex.

Since, as shown below, they are always off the equilibrium path, we relegate their equilibrium

analysis to Appendix A.1. We have:

Proposition 1. Asymmetric outcomes in which one firm uses ETFs and the other one does

not never arise in equilibrium. Moreover, for every βf , there exist cutoffs βn
c (βf) < βe

c (βf)

such that: No firm using ETFs is an equilibrium if and only if βc ≥ βn
c (βf ); and both firms

using ETFs is an equilibrium if and only if βc ≤ βe
c (βf ).

Proof. See Appendix A.2.

Thus, the equilibrium depends on the relative patience of consumers and firms. Figure 1

provides a graphical representation of Proposition 1 in the (βf , βc) plane. The lightly shaded

area shows the range of parameters where both firms using ETFs is the only equilibrium—

there, imposing ETF is a dominant strategy. This occurs provided firms are much more

patient than consumers. Instead, in the unshaded area consumers are more patient than

producers, so that ETFs are not used in the unique equilibrium. In the darkly shaded area,

there are two equilibria: Either both firms impose an ETF or neither firm does. The range of

discount factors where this occurs is economically relevant: To the extent that consumers can

be expected to be less patient or forward-looking than firms (and yet not completely myopic

either), multiple equilibria are likely to exist, so that firms face a coordination problem.

Figure 1: Equilibrium characterization
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Importantly, firms and consumers are not indifferent between the two equilibria. To

understand this, we begin by comparing equilibrium prices, which are equal to 1− βc when
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ETFs are used and to 1 when they are not. Thus, firms price more aggressively in the ETF

equilibrium. Intuitively, with ETFs, a consumer that chooses between firms 1 and 2 views

the two firms as differentiated in the current period (since the consumer knows her current

type), but as homogeneous in expectation in subsequent periods (since the consumer’s type

will be independently redrawn). Since the consumer puts a weight of 1− βc (resp. βc) on her

current (resp. future) payoffs, this results in a perceived transport cost parameter of 1− βc in

equation (2). By contrast, without ETFs, purchasing from a given firm at time t involves no

subsequent commitments. The consumer therefore puts full weight on current-period payoffs,

which results in a transport cost parameter of 1 in equation (1). As consumers perceive firms

to be less differentiated when ETFs are used, the resulting equilibrium prices are lower.

In this simple model, it is clear that firms prefer the no-ETF equilibrium since they

set higher prices in that equilibrium and receive a market share of 1/2 regardless of which

equilibrium is selected. When it comes to consumers, the comparison is a priori less clear: In

the ETF equilibrium, buyers benefit from lower prices but suffer from being unable to switch.

It turns out that the latter effect dominates, so that consumers are better off with ETFs.8

This stylized model delivers some important takeaways. First, the observation that firms

use ETFs does not necessarily imply that they would not be better off coordinating on not

using them. The use of ETFs is an equilibrium phenomenon and there is no reason to expect

it to be a dominant strategy for firms. Second, when ETFs are used, firms compete more

fiercely to lock in consumers, and prices thus tend to be lower. Third, while consumers are

locked in when ETFs are imposed, they may in fact benefit from lower equilibrium prices.

Some of the predictions of this stylized model should not be taken too literally, however.

The result that firms are always worse off in the ETF equilibrium seems to rely strongly on

the assumption that consumers can never switch, and so firms never receive ETF payments.

Similarly, the result that consumers are always better off with ETFs is driven by the fact

that the gap between ETF and no-ETF prices is substantial. As explained above, such a

large gap arises because consumers do not know their future types and thus perceive the

two firms’ products as homogeneous in expectation. One may expect this gap to shrink if

it is the case that a consumer that prefers product j to product k today is likely to have

the same preferences in the future. In the remainder of the paper, we develop and estimate

a structural model that addresses these and related shortcomings, and use it to provide a

credible quantitative assessment of the welfare effects of early termination fees.

8This holds since per-period consumer surplus is δ − 5/4 without ETFs, whereas, with ETFs, it is

(1− βc)

[
δ −

(
5

4
− βc

)]
+ βc(1− βc)

[
δ −

(
3

2
− βc

)]
= δ −

5

4
+

3

4
βc.
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3 Data

We use data from a quarterly cross-sectional consumer survey collected by Comscore Inc. from

2005 to 2012. Comscore administers the detailed survey to a random sample of approximately

36,000 cell phone users each quarter to quantify market growth and cell phone usage patterns.

The survey includes questions on handset used, price paid for the handset, current carrier,

monthly fee for the calling plan, demographic characteristics of the individual, etc. In addition,

Comscore maintains a database of detailed handset characteristics that can be matched to

the cell phone model owned by an individual. The sample of consumers is weighted and

balanced to match national subscriber numbers and demographic characteristics.

The major wireless operators are Verizon, AT&T, T-Mobile, and Sprint, all of which offer

virtually nationwide service. We aggregate other regional or local wireless carriers into a

separate category labeled “Other”.9 The top four carriers account for the vast majority of

cell phone users; approximately 90% of the users in the sample subscribed with one of them.

Our product definition is a handset-carrier combination. For example, we define the

iPhone 4S on the AT&T network as a product and calculate its market share for each year

as the total number of subscribers divided by the US population. The total market share of

the carrier is simply the sum of the market shares of each of its products. Figure 2 shows the

evolution of those market shares over the course of the sample. On average, carrier market

shares have increased over time as cell phones have become increasingly common. Note that

those aggregate shares mask the rich variation in handset-carrier market shares; the latter

facilitates identification in our model.

The survey also includes information on monthly service fees and, for those who purchased

a phone in the current month, the price they paid for their handset. For the price of the

handset market, we use the average reported handset price by individuals in that year. For

the carrier monthly fee, we use the average monthly fee for all subscribers to that carrier.10

Figure 3 illustrates the evolution of average handset prices (left panel) and service fees (right

panel) as reported by the survey participants.

9There have been a few significant mergers in the industry. The largest was the merger of Cingular and
AT&T, which occurred before the beginning of our sample. A smaller merger occurred in 2009 when Verizon
acquired Alltel wireless, the fifth largest wireless company at the time. The data provided by Comscore
retroactively aggregated the market shares of Alltel and Verizon together for the whole sample.

10We observe only expenditures, and not the exact characteristics of the service plans. In the estimation,
we therefore assume that all wireless subscribers choose the same service plan. This is not innocuous because
the same model of handsets can be offered with very different plans (e.g., large data plan, family plan, etc.).
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Figure 2: Market share by carrier-year, 2005-2012
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Figure 3: Average handset prices (left) and service fees (right) by carrier-year, 2005-2012
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Notes: Reported handset prices are weighted by the number of respondents.

Since handsets are durable, the number of possible handsets on each carrier increases

over time as new handsets are introduced; when estimating the structural model, we assume

that any handset available in earlier years could be used in later periods. It is worth noting

that the survey may not contain information on market shares for all possible handset-carrier

combinations. Therefore, while our model will predict the entire distribution of shares, to

form moment conditions we match the model predictions only to the observations available

from the survey. Figure 4 summarizes the average number of distinct handset models used

with each of the main wireless service providers.
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Figure 4: Number of handsets by carrier-year, 2005-2012
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Table 1 lists some of the handset characteristics available in our data. Although we

estimate our dynamic model using handset dummy variables, those characteristics are used

to construct instrumental variables based on product “similarity” (see Section 5).

To estimate our model, we aggregate quarterly data to the bi-annual level. The aggregation

is used to obtain more precise measures of market shares at the handset-carrier-time level.

As our estimation algorithm relies on a dynamic version of the inversion method originally

proposed by Berry, Levinsohn, and Pakes (1995), an accurate measure of population purchase

probabilities is important for the consistency of our estimates.

We collect data on early termination fees from carrier websites and past announcements.

The ETF schedules are generally fixed for years at a time. We only observe one revision of

ETFs for each carrier over the sample. The shift seems to be motivated primarily by the

cost of smart phones: Over the 2009-2011 time period, each carrier introduced a higher ETF

for such “advanced devices”, which generally enjoyed a higher carrier subsidy. Even though

advanced ETFs are much larger, the percentage decline over the lifetime of the contract is

very similar to the ETFs for basic devices. Figure 5 shows the ETFs for advanced devices for

each month of a two-year service contract.
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Table 1: Selected handset characteristics

variable name variable name

Smartphone (y/n) GPS (y/n)

Built-in storage (y/n) Email (y/n)

Java version (MIDP 2.0, Dalvik, etc.) Full-keyboard (y/n)

Bluetooth (y/n) GPRS (y/n)

Infrared (y/n) IM (y/n)

Display width MMS (y/n)

Display height MPEG-4 (y/n)

Display color (65,536; B&W, etc.) Formfactor (Candybar, Slider, etc.)

Audio type (realtones, monophonic, etc.) Release date (year/q)

GSM (y/n) OS type (Microsoft, Symbian, etc.)

CDMA (y/n) Camera resolution (mgp)

Notes: GSM stands for global system for mobile communications; CDMA for code-division multiple
access; GPS for global positioning system; GPRS for general packet radio services; IM for instant
message; MMS for multimedia messaging service; and MPEG for moving picture experts group
standards.

Figure 5: Early termination fees for advanced devices by carrier
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4 Dynamic demand

4.1 Consumer behavior

Time is discrete and corresponds to a six-month interval, consistent with the data we use for

estimation. Products are defined as handset-carrier combinations. The set of products in

each time period t is denoted J ′
t ⊆ Ht × C, where C is the set of wireless service providers

and Ht the set of handsets available in period t. To this set, we add the outside option of

not using contract-based wireless communication services, and define Jt = J ′
t ∪ {o}. The

cardinality of Jt is denoted Jt. We assume that a product that is available in period t remains

available in all subsequent periods, i.e., Jt ⊆ Jt′ whenever t
′ ≥ t. Handsets are durable and

do not depreciate. We assume that consumers cannot choose a different service provider

without buying a new handset.11

There is a finite number of consumer types, i = 1, . . . , N , characterized by a price

sensitivity parameter αi
p. Contracts have a duration of two years, denoted as T = 4 periods.

At the beginning of each period, a consumer decides whether to sign a contract or continue

with the current contract. Premature termination of a contract is costly. Let dit ∈ Jt ∪ {∅}

denote the consumer’s purchase decision. Note that the set of available actions contains the

possibility of not making an active purchase decision (i.e., not signing a new contract, but

rather staying on the same contract as in the previous period), in which case dit = ∅.

At the beginning of each period t, each consumer is endowed with current holding

e = (j, τ) ∈
⋃t−1

t′=0 Jt′ × {t′}, where j denotes the product that the consumer currently holds

(which can be the outside option) and τ the period when that product was purchased. For

example, a consumer can be endowed with an iPhone 4 purchased under a contract with

AT&T on May 9, 2011, which we denote as e = (iPhone 4 with AT&T, 05/09/2011). When a

new product is purchased, the old endowment is disposed of at no cost. The per-period utility

flows of a holding may evolve over time (for example, due to changes in service quality).

Since τ ≤ t records the time of the most recent purchase, t− τ determines the age of the

consumer endowment. Thus, (e, t) completely describes the age and value of any endowment

at the beginning of each period. There are three types of payments that consumers may

make in period t. A consumer who is currently endowed with e pays a service fee pe to her

service provider—the fact that pe does not depend on t means that those fees are specified

at the beginning of the contract (period τ if e = (j, τ)) and stay constant over time unless

the contract is terminated. Moreover, a consumer who makes an active purchase decision,

switching from holding e to holding (d, t), must pay an early termination fee of Fet to her

previous service provider, as well as the price of her new handset Pdt to her new wireless

carrier. The ETF schedule satisfies Fet > 0 if t− τ < T and Fet = 0 otherwise. We set all

11This is true for the early years of our data but may be restrictive for the most recent years.
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payments to the outside option equal to zero, i.e., poτ = Foτt = Pot = 0.

Consider a consumer of type i who starts period t with holding e = (j, τ ). If the consumer

does not make an active purchase and thus keeps that holding, she receives a utility flow of

δjt − αi
ppe + εi

∅t,

where δjt denotes the mean flow utility (gross of payments to the service provider) of product

j in period t, and εi
∅t is an idiosyncratic match value. If instead she makes an active decision

and purchases a product d ∈ Jt, then her holding becomes (d, t) and she receives

δdt − αi
p (pdt + Fet + Pdt) + εidt

in the current period.12 The ε shocks are drawn i.i.d. from a standard Gumbel distribution.

Consumers maximize the expected present discounted value of utility flows, having perfect

foresight over future product attributes, except for future ε draws. The state variables for

the consumer dynamic programming problem are: the consumer endowment, e = (j, τ); the

current time period, t; and the vector of idiosyncratic shocks in the current period, ε. The

dynamic problem can thus be formulated recursively with the Bellman equation

V i(e, t, ε) = max





δjt − αi
ppe + εi

∅t + βV i(e, t+ 1),

max
d∈Jt

[
δdt − αi

p (pdt + Fet + Pdt) + εidt + βV i((d, t), t+ 1)
]



 , (3)

where V i((d, τ), t) ≡ EV i((d, τ), t, ε).

Taking expectations in the Bellman equation and applying standard properties of the

Gumbel distribution, we obtain a recursive formula for V i(e, t):

V i(e, t) = log

[
exp

(
δjt − αi

ppe + βV i(e, t′)
)

+exp
(
δdt − αi

p (pdt + Fet + Pdt) + βV i((d, t), t′)
)
]
. (4)

Mean flow utilities. For all periods in our sample, t = 1, . . . , T , we assume that, for

product j, which consists of handset h sold by carrier c, the mean flow utility δjt is

δjt = α0 + αh + αc
t + ξjt, (5)

where αh is a handset fixed effect, αc
t a carrier-time fixed effect, and ξjt a product-specific

mean-zero innovation. The mean flow utility of the outside option is normalized to zero.

12In principle, d could be equal to j, meaning that we allow for repeated purchases of the same product.
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Initial conditions and terminal-period beliefs. The first period of our data is t = 1

and we have no information on consumer holdings prior to that. We assume that J0 = {o},

which means that all consumers initially hold the outside option.

We assume that after the terminal period in our data, T , and until period T ′ = T + 60,

consumers believe that the flow utility of each product evolves over time according to the

deterministic process

δjt = γ̂c
0 + γ̂c

1δjt−1, (6)

where c denotes carrier identity, and γ̂c
0 and γ̂c

1 are parameter estimates from the AR(1) OLS

regression

δjτ = γc
0 + γc

1δjτ−1 + νjτ , j ∈ Jτ , τ = 1, . . . , T.

Consumers also believe that handset prices and service fee evolve according to auto-regressive

specifications analogous to equation (6).13 Schedules of ETFs are assumed to remain the

same for all periods after T . Finally, after period T ′, the market disappears and consumers

no longer receive any utility, nor do they make any payments.14

To solve the dynamic programming problem for consumer type i for a given vector of

mean flow utilities, we proceed as follows. First, we augment our data with 60 periods after

the terminal period T , as described above. We can then solve the consumer problem by

using a backward-induction algorithm starting with the final period (period T ′ + 1) with

rewards equal to zero, and then folding backwards using equation (4). It is clear that we

never observe the δjts in the data. However, we observe consumer purchase decisions, which

can be mapped into mean flow utilities as we describe in the next subsections.

4.2 Computing market shares

Our estimation algorithm uses data on product-level market shares, which we now define. Let

sjt (resp. s
i
jt) denote the aggregate market share (resp. the observed market share in consumer

group i) for a particular handset-carrier combination j at time t. Note that current-period

purchase decisions depend on current holdings, which are determined by the consumers’

decisions in previous periods. This means that, to determine purchase probabilities and thus

13As mentioned in the introduction, similar assumptions on the evolution of consumer beliefs are commonly
used in the literature on dynamic demand estimation (e.g., Schiraldi, 2011; Gowrisankaran and Rysman,
2012; Shcherbakov, 2016; Weiergräber, 2019). In contrast to that literature, we make this assumption at
the product level and only for the time periods that are beyond those in our sample. For all periods in our
sample, consumer beliefs are pinned down by the actual evolution of payoff-relevant variables.

14For computational reasons, we assume that the number of products stays constant after period T . We
experimented with shorter and longer time spans left after the terminal data period and found no difference
in parameter estimates for all models extended by 60 time periods (i.e., 30 years) or more forward. There are
only minor differences in parameters estimated using models extended by 30 and 60 periods forward. See
Section 6 for further robustness checks on initial conditions and terminal-period beliefs.
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market shares for any product at time t, we need to circle over all possible holdings, and thus

all products that were ever available in the market up to the current time period.

Formally, consider the conditional probability that consumer type i actively purchases

product d ∈ Jt in period t, given that her current holding is e = (j, τ). This probability,

denoted Pri(d|e, t), is given by:

P

(
δdt − C i

edt + βV i ((d, t), t+ 1) + εidt ≥ δjt − αi
ppe + βV i (e, t+ 1) + εi

∅t,

δdt − C i
edt + βV i ((d, t), t+ 1) + εidt ≥ δkt − C i

ekt + βV i ((k, t), t+ 1) + εikt, ∀k ∈ Jt

)

=
exp (δdt − C i

edt + βV i ((d, t), t+ 1))

exp
(
δjt − αi

ppe + βV i (e, t+ 1)
)
+
∑

k∈Jt
exp (δkt − C i

ekt + βV i ((k, t), t+ 1))
,

where C i
ekt ≡ αi

p (pkt + Fet + Pkt). If product d is not yet available (i.e., d /∈ Jt), then

Pri(d|e, t) = 0.

To compute current-period product shares for each consumer type i, we define a matrix

of current consumer holdings, σi[t]. That matrix has dimension JT × (t+ 1), where JT is

the number of products available in period T .15 A generic element of matrix σi[t] is denoted

σi
jτ [t], the share of type-i consumers with holding (j, τ) ∈ JT × {0, 1, . . . , t} at the end of

period t. We construct σi[t] by induction on t. As all consumers hold the outside option at

the beginning of the first period by assumption, we set σi
o0[0] = 1 and σi

j0[0] = 0 for every

j 6= o, which defines σi[0]. Having constructed σi[0], . . . , σi[t − 1], we can then define

σi[t] as follows: For every j ∈ JT

σi
jt[t] =

∑

e∈
⋃t−1

t′=0
Jt′×{t′}

Pri(j|e, t)σi
e[t− 1], (7)

and for every τ ∈ {0, 1, . . . , t− 1},

σi
jτ [t] = σi

jτ [t− 1]

(
1−

∑

k∈JT

Pri(k|(j, τ), t)

)
. (8)

Equation (7) gives the share of consumers who actively purchased product j in period t,

and are thus endowed with (j, t) at the end of that period. Equation (8) gives the share of

consumers who started period t with holding (j, τ ), did not make an active purchase decision

in that period, and thus ended the period with the same holding. (Note that the above

formulas imply that σi
jτ [t] = 0 if j /∈ Jτ .)

Having constructed those holdings matrices, we can simply compute sijt by adding up the

15As JT contains Jt for every t, JT is also the total number of products that will ever be available.
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shares of type-i consumers holding product j at the end of the period:

sijt =
t∑

τ=0

σi
jτ [t]. (9)

Finally, the aggregate market share of product j is computed as the weighted sum of product

shares for all consumer types:

sjt =
N∑

i=1

wi
t s

i
jt, (10)

where wi
t is the weight of consumer type i in the population.

4.3 Mean flow utility and estimation algorithm

The main objective of our estimation algorithm is to recover the structural parameters αi
p, α0,

αh, and αc
t . Our model predicts aggregate market shares as a function of δ = ((δkτ )k∈Jτ

)1≤τ≤T

for any given vector of price sensitivities αp = (α1
p, . . . , α

N
p ). Let ŝjt(δ,αp) be the predicted

market share of product j at time t.

Our first step is to recover δ, which can be done by solving the system of equations

sjt = ŝjt (δ,αp) , ∀t ∈ {1, . . . , T} , ∀j ∈ Jt, (11)

where sjt is the market share observed in the data. We employ an inversion algorithm similar

to Berry, Levinsohn, and Pakes (1995). We begin with arbitrary starting values for δ and

estimate (γ̂0,c, γ̂1,c) (see equation (6)), as well as two similar regressions for handset prices

and service fees. Next, we fill in the extended data set for all periods and products beyond

the observed terminal period T and solve the consumer dynamic programming problem by

backward induction, as explained in Section 4.1. The solution to the consumer problem is

then used to compute the predicted market shares ŝjt(δ,αp) (see Section 4.2). We then

update the mean flow utilities as follows:

δ
(ℓ+1)
jt = δ

(ℓ)
jt + log sjt − log ŝjt (δ,αp) ,

where δ
(ℓ)
jt and δ

f(ℓ+1)
jt are the current and the next iteration values of the mean flow utility of

product j at time t. We keep iterating until value functions from two consecutive iterations

are close enough.

To estimate structural parameters, we use a nested fixed-point algorithm. The inner

loop recovers mean flow utilities for a given vector αp, as described above. Having done

this, we use those mean utilities to estimate equation (5), which gives us estimates for the
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linear parameters α0, αh, and αc
t . We can then net out unobserved product characteristics

and form moment conditions for estimating the non-linear parameters αi
p. Those moment

conditions are constructed under the assumption that the product-specific innovations ξjt

satisfy E[ξjt|Zjt] = 0, where Zjt is a vector of instruments discussed in detail in Section 5. The

outer loop searches for nonlinear parameter values by employing the Nelder-Mead simplex

method to minimize the resulting generalized method of moments (GMM) objective function.

In the version of the model with consumer heterogeneity, the identification of type-specific

price coefficients is facilitated by including micro-moment conditions based on the difference

between observed type-specific purchase probabilities (sijt) and model predictions (ŝijt; see

equation (9)). These additional moment conditions are defined using the mean-zero residual

νi
jt = sijt − ŝijt, (12)

which represents approximation errors.16 The only instrumental variable we use for the micro-

moments is a constant term. To construct the GMM objective function, we stack moments

based on ξ and ν and employ a block-diagonal weighting matrix. The weighting matrix

for the first-stage GMM is calculated as (Z ′Z)−1, while the second-stage optimal weighting

matrix is based on the inverse covariance matrix of the individual moment conditions.

5 Instruments and identification

It is conceivable that wireless service providers observe ξjt (at least partially) prior to choosing

their service fees, pe, and handset prices, Pjt. We are less concerned with the early termination

fees, as they are typically identical for a wide range of products and change very infrequently.

To address the endogeneity problem, we construct several instrumental variables similar to

Berry, Levinsohn, and Pakes (1995). We do not observe any provider-specific characteristics

except for the identity of the carrier. By using carrier-time effects we control for the nation-

wide quality of each carrier’s service at any given time period. For handsets, we observe

very detailed information as discussed in Section 3. Our instrumental variables measure the

intensity of competition facing each of the products as the number and average characteristics

of similar handsets offered by competitors. A larger number of substitutes as well as their

closer proximity in the characteristics space should negatively affect price-cost margins.

Handset similarity is defined based on whether a given handset is a smartphone, availability

of camera, type of OS vendor, handset form factor, and the total number of observable features

(e.g., GPS capabilities, radio, Bluetooth, Java, built-in storage, wifi data access). We construct

16The identification of preference-heterogeneity parameters using additional micro-level data is discussed in
Petrin (2002) and Berry, Levinsohn, and Pakes (2004).
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four instrumental variables. The first variable is the number of similar handsets currently

offered by competing carriers. The second is the average (across rival products) age of

similar handsets as measured by the number of months since the introduction of the product.

The third is the average self-reported consumer satisfaction for similar rival products. The

fourth is the total number of handsets brought to the market by the same original equipment

manufacturer (OEM) in a given time period.

Identification of parameters in our model is based on several assumptions. First, we

assume that all consumers discount the future at the same rate of β = 0.95.17 Second, our

specification of mean population utility from a handset-carrier combination assumes that

all consumer types have identical preferences for the attributes of handsets and carriers. In

other words, there are no random coefficients on handset and carrier-time dummies. The

identification of each consumer type’s price sensitivity relies on micro-moments.

One important question is whether the mapping from mean flow utilities to market shares

is one-to-one. Similar to Gowrisankaran and Rysman (2012), we allow for repeated consumer

purchases over time. Therefore, while the information structure of our problem is similar to

Berry, Levinsohn, and Pakes (1995), consumers may choose to buy multiple products over

time, and some products may be complements across periods. This prevents us from using

the uniqueness proof in Berry (1994). We thus proceed by assuming uniqueness of the vector

of mean flow utilities that makes observed market shares equal to the model predictions.

Extensive testing reveals that for all trial parameter values and all initial starting values for

the mean-flow utility vector, the algorithm always converges to the same solution.

6 Estimation results

We begin by presenting results from static discrete-choice specifications. The main purpose of

these regressions is to illustrate the effects of instrumental variables on parameter estimates.

Next, we estimate versions of our structural model with and without consumer heterogeneity.

Static model results. In Table 2, we report estimation results for several specifications

of a simple static model in which consumers decide every period whether to purchase one of

the products or to take the outside option. Every time a consumer purchases a product, she

pays the handset price and service fee. Early termination fees are not used in estimation.

The mean utility from each handset-carrier combination is obtained as in Berry (1994).

Specifications (1), (3), and (5) report OLS estimates. Specifications (2), (4), and (6) report

17The identification of the discount factor in dynamic models is known to be a hard problem; see Manski
(1993), Rust (1994), Magnac and Thesmar (2002), and Pesendorfer and Schmidt-Dengler (2008) for non-
identification results.
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estimates from instrumental variable regressions. Results reported in (1) and (2) allow the

coefficients on handset price and service fee to differ, while the estimates listed in columns

(3)–(6) restrict coefficients on both monetary variables to be the same. We control for product

and carrier-time fixed effects or handset and carrier-time fixed effects. The bottom part of

Table 2 reports F-statistics from the first-stage regressions in the IV specifications.18

Table 2: Results from static model specifications: OLS vs. IV, 16,408 observations

parameters
unrestricted restricted

(1) OLS (2) IV (3) OLS (4) IV (5) OLS (6) IV

handset price, Pjt -4.591 -15.565
(s.e.) (0.262) (14.890)
service fee, pjt 1.021 -17.273
(s.e.) (0.091) (4.345)
total cost, pjt + Pjt 0.340 -17.190 0.755 -9.574
(s.e.) (0.085) (4.296) (0.094) (2.846)
constant -8.070 1.702 -8.148 1.787 -3.640 1.368
(s.e.) (0.046) (2.216) (0.046) (2.092) (0.173) (1.396)

product fixed effect yes yes yes yes no no
carrier-time fixed effect yes yes yes yes yes yes
handset fixed effect no no no no yes yes

first-stage statistics

F statistic, Pjt 11.76
(p-value) (0.000)
F statistic, pjt 14.34
(p-value) (0.000)
F statistic, Pjt + pjt 18.61 6.58
(p-value) (0.000) (0.000)

Notes: The total cost variable is the sum of handset price and service fee; instrumental variables include
the average number, average age, and average consumer satisfaction for similar products offered by rival
carriers as well as the number of handsets introduced by the same OEM in the current period.

Table 2 suggests that the handset price, service fee, and total cost variables are endogenous,

as OLS specifications estimate positive coefficients on the latter two variables. IV regressions

deliver negative price-coefficient estimates, as expected. Given the endogeneity concerns,

we use similar instrumental variables to form moment conditions in the estimation of the

dynamic structural model.

Structural model results. All results are second-stage optimal GMM parameter estimates.

Table 3 summarizes estimation results from a version of the structural model without consumer

heterogeneity (column 2).19 The instrumental variables used in our main specification are the

18Estimation results for the static model using alternative combinations of fixed effects and alternative
instrumental variables can be found in Appendix B.1 (Tables 14 and 15).

19See Appendix B.2 for summary statistics on carrier-time dummies.
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average age and average consumer satisfaction for similar products offered by rival carriers—

see below for results using alternative sets of instruments. For convenience of comparison,

we also reproduced estimation results from a similar static model (column 1). The bottom

part of the table reports summary statistics for the aggregate price elasticity of demand. The

last row presents results from the appropriate version of the overidentifying restrictions test.

Neither the static nor the dynamic model can be rejected at a reasonable significance level.

Table 3: Second-stage optimal GMM parameter estimates and elasticity predictions

parameter
parameter estimates

(1) static (2) dynamic

price coefficient, αp -9.121 -8.163
(s.e.) (3.195) (3.014)
carrier-time fixed effects yes yes
handset fixed effects yes yes

service fee elasticity

average -3.312 -2.967
median -3.389 -3.033
standard deviation 0.934 0.838

handset price elasticity

average -0.588 -0.524
median -0.461 -0.410
standard deviation 0.455 0.404
Sargan stat/Hansen’s J-stat 0.715 0.841
(p-value) (0.398) (0.359)

Notes: The instrumental variables are the average age and average consumer satisfaction for similar
products offered by rival carriers.

Results from the dynamic model suggest an average own service-fee elasticity of -2.97,

while the static-version estimate is -3.31. Elasticity estimates for handset price are in the

inelastic range and constitute -0.52 and -0.59 for the dynamic and static models, respectively.

Such low elasticity measures are consistent with handsets being subsidized. Figure 6 reports

histograms for service fee and handset own price elasticities from the dynamic model. Typical

estimates of the own price elasticity in the existing literature are slightly lower; for example,

Ingraham and Sidak (2004) and Caves (2011) report -1.29 and -2.1, respectively.

Estimates from our structural model can be used to obtain predictions for churn rates (the

probability that a consumer switches away) as well as carrier revenues from ETF payments.

Summary statistics are reported in Table 4. On average, churn rates are estimated to be

about 2 percent per month, which is consistent with the figures reported by, e.g., Weiergräber

(2019). The highest churn rates are estimated for AT&T and Verizon followed by Sprint,

T-Mobile and other independent operators. Our estimates suggest that wireless operators

earn about 1.94 dollars per month per subscriber from ETF payments. As in the case of
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Figure 6: Distribution of own price elasticity for all products
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churn rates, Verizon and AT&T earn the most while operators classified as ‘Other’ earn the

least. We will use estimates of revenues generated by ETF payments in Section 7 when we

present results from our full equilibrium counterfactual simulations.

Table 4: Monthly churn rates and revenues from ETFs by carrier, structural model

carrier
churn rates ETF-revenues/subscriber

mean median st.dev. mean median st.dev.

ATT 0.03 0.03 0.00 2.53 2.52 0.16
OTH 0.01 0.01 0.00 0.84 0.85 0.12
SPR 0.02 0.02 0.00 1.91 1.93 0.50
TMO 0.01 0.01 0.00 1.27 1.35 0.15
VER 0.03 0.04 0.01 3.14 3.13 0.08
average 0.02 0.02 0.01 1.94 1.93 0.87

Notes: Revenues from ETFs are provided at the monthly level assuming a market size of one.

Initial conditions and terminal-period beliefs. Our main specification assumes all

consumers hold the outside option at the beginning of period t = 1, while consumers believe

handset prices, service fees, and mean flow utilities evolve according to an AR(1) process

without innovation after the final sample period. In Appendix B.3, we investigate the

robustness of our results to alternative assumptions on initial and terminal conditions by re-

estimating the model under various alternative scenarios. To evaluate the implications of our

initial-conditions assumption, we assume that the wireless market emerged 15 periods before

our sample; pre-sample prices and quality levels are assumed to be random perturbations

of their values at t = 1, or to follow an AR(1) process with or without innovation. To

evaluate our terminal-period assumption, we assume that post-sample prices and qualities

stay constant, or are given by random perturbations of their values at t = T , or follow
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an AR(1) process with or without innovation. Various combinations of those assumptions

have been tested; see Appendix B.3 for a complete description of each robustness check.

Overall, we find that coefficient estimates vary little across our experiments (see Tables 18

and 19). For example, the highest and lowest price-coefficient estimates are -8.053 (2.887)

and -8.594 (2.056), respectively. From this, we conclude that the error we may incur due to

our assumptions on initial and terminal conditions is unlikely to affect our main findings.

Alternative sets of instrumental variables. We have conducted extensive robustness

checks for various sets of instrumental variables. Alternative estimation results and counter-

factuals can be found in Appendix B.4. As we discuss there, alternative choices of instruments

cannot be discriminated according to the overidentifying restrictions tests because none of the

specifications is rejected. Furthermore, the t-test does not reject similarity in the parameter

estimates across specifications. We selected our main specification (which uses as instruments

the average age and average consumer satisfaction for similar products offered by rival carriers)

on the ground that it minimizes the share of products for which the supply-side model of

Section 7.2 gives rise to negative marginal cost predictions. We use this selection criterion

because the estimation of the demand model does not rely on supply-side moment conditions,

which, if included, would not admit negative cost estimates.

Consumer heterogeneity. Next, we turn to heterogeneous-consumer versions of the

structural model. As discussed in Section 4, to facilitate the identification of type-specific price

coefficients we augment our GMM criterion function by micro-moments (see equation (12)).

Those additional moments significantly improve the precision of our estimates.

Table 5 summarizes estimation results for various definitions of consumer types based

on age, income, or age-income groups. Price coefficient estimates for the two-type model

with high- and low-income consumers are reported in column (1). Results from the two-type

model with young and old consumers can be found in column (2). Column (3) summarizes

estimates from our richest four-type model with consumers tabulated into high and low types

according to both their age and income.

Parameter estimates from the four-type model suggest a slightly higher own elasticity

with respect to service fee and handset price than in the case without consumer heterogeneity.

Figure 7 overlays elasticity histograms for the one- and four-type models. Differences in

elasticities with respect to service fees appear slightly larger.
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Table 5: Estimation results for heterogeneous consumers

type
(1) (2) (3)

income age age < 45 age ≥ 45

income, < 50K -8.777 -10.483 -12.953
(s.e.) (2.103) (2.246) (2.239)
income, ≥ 50K -7.805 -5.283 -11.152
(s.e.) (2.102) (2.043) (2.248)
age, < 45 -7.068
(s.e.) (2.151)
age, ≥ 45 -9.759
(s.e.) (2.165)
carrier-time dummy yes yes yes
handset dummy yes yes yes
Hansen J-stat 1.419 1.357 2.526
(p-value) (0.492) (0.507) (0.283)

Figure 7: Difference in own price elasticity between one- and four-type models
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7 Counterfactual simulations

We begin by describing partial equilibrium counterfactual simulations (Section 7.1). We refer

to those as partial because they rely on demand-side estimates only: In those experiments,

we do not allow service providers to re-optimize service fees. Instead, we calculate the

compensating proportional change in service fees that would offset the consumer welfare gains

from eliminating ETFs. The supply-side structural model is introduced and estimated in

Section 7.2. We use it to conduct full-equilibrium counterfactual experiments in Section 7.3.

7.1 Partial equilibrium counterfactuals

Our partial equilibrium analysis considers four counterfactual scenarios. First, we set all

ETFs to zero and solve the consumer’s dynamic problem holding handset prices and service

25



fees fixed (line “No, purchased at obs. prices”). Second, we assume that when ETFs are

eliminated, handset prices are no longer subsidized (line “No, purchased at new prices”).20

Third, for each handset, we calculate a hypothetical per-period rental price, obtained by

estimating the handset depreciation rate using prices reported in the survey. This allows

us to remove both sources of dynamics by setting ETFs to zero and allowing consumers to

rent handsets on a per-period basis (line “No, rented”). Here, we assume that a handset

can be rented every period at a price equal to the value of its depreciation. Finally, we

allow consumers to rent handsets while firms still use ETFs (line “Yes, rented”). Summary

statistics for the changes in consumer welfare and market shares are reported in Table 6.

Table 6: Summary statistics for changes in consumer welfare (value function for each
holding) and market shares relative to the observed outcomes, one-type model

counterfactual scenario mean p50 min max sd

ETFs handset change in value functions
No purchased at obs. prices 0.76 0.73 0.67 0.98 0.05
No purchased at new prices 0.48 0.47 0.38 0.68 0.04
No rented 1.16 1.13 1.02 1.43 0.06
Yes rented 0.19 0.19 0.16 0.21 0.01

ETFs handset change in market shares
No purchased at obs. prices 0.48 0.45 -0.76 2.25 0.35
No purchased at new prices 0.63 0.63 -0.89 3.97 0.59
No rented 0.70 0.41 -0.87 18.50 1.08
Yes rented 0.31 0.12 -0.60 8.01 0.68

Notes: Service fees are held fixed; changes are percentage changes relative to the factual outcome.

As expected, the highest increase in consumer welfare (116 percent) is achieved by

removing ETFs and simultaneously allowing consumers to lease handsets. Interestingly, the

rental option alone, which eliminates the dynamics generated by handset durability, improves

consumer welfare by 19 percent. The elimination of ETFs under current handset prices raises

consumer welfare by 76 percent on average. In the more realistic scenario in which handset

prices are no longer subsidized after ETFs have been eliminated, the welfare improvement,

48 percent, is less impressive. Naturally, the increase in consumer utility from the available

products increases market shares, with the change in product-specific market shares ranging

between 31 and 70 percent on average.

Counterfactual results for the four-type model can be found in Table 24 in Appendix B.5.

That version of the model, due to its higher estimated aggregate price sensitivity, suggests

larger gains in each of the scenarios. For example, the elimination of ETFs at observed handset

20To obtain unsubsidized handset prices, we used the maximum price observed in our survey data for a
given handset model across all possible types of subscription (i.e., contract and prepaid).
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prices improves consumer welfare by 90 percent instead of 76 percent without heterogeneity.

Similarly, at new handset prices, the multi-type model predicts a 58-percent improvement

(compared to 48 percent without heterogeneity).21

ETFs versus service fees. Before specifying the supply side and making stronger as-

sumptions, we provide a brief analysis of the compensating change in service fee that would

offset the welfare gains from the elimination of ETFs. That is, assuming that all service fees

increase by x percent after ETFs have been eliminated, we solve for the x∗ such that the

average difference between the factual and counterfactual value functions is zero. Table 7

reports the results for the one- and four-type versions of the dynamic model. At new (resp.

observed) handset prices, service fees would have to increase by around 30 percent (resp.

40 percent) to offset the consumer welfare gains from ETF elimination. The compensating

increase in service fees is slightly lower in the four-type model, which is intuitive since that

model features higher estimated price-sensitivity coefficients.22

Table 7: Change in service fees offsetting consumer gains from ETF elimination, %
type of compensating change one-type model four-type model

increase in service fees at obs. h-set prices 42.59 41.21
increase in service fees at new h-set prices 31.70 29.60

Notes: Offsetting price increase is computed such that the difference between consumer value functions
before the ETF elimination and consumer value functions after the ETF elimination with corresponding
proportional change in service fees is zero on average.

7.2 Supply of wireless services

Framework. To recover the wireless service providers’ cost structure and carry out coun-

terfactuals in which service fees endogenously adjust, we introduce and estimate a supply-side

model with forward-looking firms that are able to predict future sequences of payoff-relevant

variables and account for dynamic consumer behavior. For the sake of tractability and

computational feasibility, we will however need to impose a number of restrictions on, inter

alia, firms’ behavior and rationality, which we describe in detail below. A first simplification

is that we focus on the one-type demand model from now on.

We begin by introducing new notation. Let J c
t be the set of products offered by carrier c

in period t. The vector of service fees (for all periods and products in our sample) is denoted

21To illustrate the relationship between demand elasticity and consumer welfare predictions, we repeat this
exercise for alternative versions of the model without consumer heterogeneity—see Table 20 in Appendix B.4.
The welfare comparisons are reported in Tables 21 and 22 in the same appendix. The lower estimated price
elasticities (see Figures 10 and 11) result in more modest welfare improvements. For example, eliminating
both ETFs and handset subsidies raises consumer welfare by 27 to 34 percent.

22Similarly, for the specifications of the one-type model that deliver lower price-sensitivity coefficients, the
offsetting service-fee increase tends to be larger; see Table 20 and 23 in Appendix B.4.
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p = ((pjt)j∈Jt
)1≤t≤T . To remain consistent with our demand-side model, we continue to

assume that prices and flow utilities in periods T +1, . . . , T ′ are governed by the deterministic

AR(1) processes mentioned in Section 4.1.23 We now make the dependence of consumer

shares on service fees explicit by writing σjτ [t](p) (for the share of consumers who have been

holding product j since period τ) and sjt(p) (for the overall share of consumers who are

holding product j in period t). Due to intertemporal demand linkages, those shares depend

on the entire vector of (past, present, and future) service fees.

We can now write down firms’ intertemporal profits. Consider those consumers who

have been holding product j ∈ J c
t since period τ . From each of them, carrier c receives the

service fee specified in their contract, pjτ . Subtracting the marginal cost in period t, cjt, and

multiplying by σjτ [t](p), we obtain the profits that carrier c earns on those consumers at

time t: (pjτ − cjt)σjτ [t](p). Adding up over all possible holdings and time periods, we obtain

carrier c’s profits (normalized by market size):24

πc(p) =
T∑

t=1

βt−1

t∑

τ=1

∑

j∈J c
τ

(pjτ − cjt)σjτ [t](p). (13)

This specification already features two important simplifying assumptions. First, wireless

carriers do not internalize the profits derived from ETF payments when choosing service

fees.25 Second, carriers do not internalize profits from selling handsets to consumers.26

Next, we introduce two further simplifications. The first one relates to the equilibrium

concept. The profit functions in equation (13) are the payoffs of a multistage game of

observed actions. The standard equilibrium concept for such games is subgame-perfect

equilibrium. Unfortunately, backward induction is computationally infeasible here due to

the large number of subgames, the high dimensionality of the firms’ action sets, and the

complexity of the dynamic consumer choice problem. We thus use an alternative equilibrium

concept: equilibrium in open-loop strategies. With open-loop strategies, each firm irrevocably

commits ex ante to a sequence of prices for all of its products. This approach makes it feasible

to recover marginal costs from first-order conditions since we no longer have to worry about

23Recall that T ′ is the number of periods in our extended data set.
24To mitigate the effects of extended time periods T + 1, . . . , T ′ on our cost estimates, we assume that

firms put no weight on profits derived in those periods.
25One issue we face here is that ETF schedules changed very little during our sample period, which makes

it unlikely that wireless carriers were viewing ETFs as short-run strategic instruments. An implication is
that, if we allowed carriers to choose ETFs, we would not be confident that the marginal cost of processing
those fees could be credibly backed out from first-order conditions. An alternative would be to assume that,
although ETFs are not chosen, carriers still internalize the profits they receive from consumers who pay them.
The drawback here is again that we would have no reliable way of estimating the cost of processing those fees.

26The reason for this simplification is that the wholesale and retail prices of handsets are likely to be
the outcome of complex negotiations between wireless carriers and handset manufacturers. Modeling such
negotiations is beyond the scope of this paper, but could be an interesting avenue for future research.
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a change in pjt affecting rivals’ sequences of prices in the continuation subgame.

Finally, we assume that firms behave as if they believed that consumers holding product

j in period t pay the going price for that product (pjt) instead of the contract price (pjτ , if

the consumer has been holding that product since period τ).27 Under this assumption, firm

c’s perceived profit function becomes

πc(p) =
T∑

t=1

βt−1
∑

j∈J c
t

(pjt − cjt)sjt(p). (14)

This assumption is also made for tractability reasons, as it allows us to sidestep the arduous

task of numerically evaluating the partial derivative of σjτ [t] with respect to pkt for every

pair of time periods, (τ, t), and every pair of products sold by carrier c, (j, k) ∈ (J c
τ )

2.

Under the above simplifying assumptions, our supply-side model is a one-shot, simultaneous-

moves game in which each carrier c chooses a sequence of prices for all of its products so as

to maximize the profit function in equation (14). (Carriers classified as “Other” are assumed

to maximize their joint profits; this is relaxed in Section 7.3.) To the best of our knowledge,

no known equilibrium existence result (e.g., Caplin and Nalebuff, 1991; Nocke and Schutz,

2018) applies to our model due to intertemporal demand linkages. We thus assume that a

Nash equilibrium exists, and that it is characterized by standard first-order conditions.

Recovering marginal costs. The first-order condition for product j ∈ J c
t in period t is

βt−1sjt(p) +
T∑

τ=1

βτ−1
∑

k∈J c
τ

∂skτ (p)

∂pjt
(pkτ − ckτ ) = 0. (15)

Let Dc(β) and Sc(β) denote the properly discounted matrix of market share derivatives and

vector of market shares for all products offered by carrier c, respectively. (We set β equal to

0.95, as we did for consumers.) The vectors of service fees and marginal costs of carrier c

are denoted pc and cc. The system of equations (15) (for every t and j ∈ J c
t ) can then be

rewritten as Sc(β) +Dc(β)(pc − cc) = 0, which can be readily inverted as

cc = pc +Dc(β)−1Sc(β)

to recover marginal costs.

Table 8 reports statistics on the proportion of positive marginal cost predictions for our

main specification of the demand model, as well as two alternative specifications. Estimation

results for those alternative specifications are reported in Table 20 in Appendix B.4, where

27On the demand side, consumers do perceive the prices they pay as being fixed in the contract.
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our main model is listed as specification (3). As mentioned in Section 6, we elected to use

specification (3) as our main specification because it is the one that gives rise to the lowest

proportion of negative marginal cost estimates.

Table 8: Shares of positive marginal cost estimates by specification by carrier

carrier N
share of positive marginal costs, mcjt > 0

main (spec. (3)),
αp = −8.16

spec. (2),
αp = −6.47

spec. (1),
αp = −5.43

ATT 4,046 0.99 0.97 0.96
OTH 3,534 0.93 0.86 0.82
SPR 2,668 0.97 0.94 0.92
TMO 2,524 0.99 0.97 0.96
VER 3,873 0.99 0.98 0.96

The distribution of estimated marginal costs and the evolution of average marginal costs

and price cost margins over time are presented in Figure 8. Figure 9 reports the evolution of

marginal costs and price-cost margins broken down by carrier. Marginal costs estimated for

the group of carriers labeled as “Other” appear to be the lowest (and their price-cost margins

consequently the highest). The intuition may be that most of the smaller carriers originated

as subsidiaries of the big four. As they often rely on the infrastructure (cell towers) built by

their larger rivals, it is conceivable that their lower marginal costs reflect not only their lower

quality of service but also lower infrastructure maintenance costs.

Figure 8: Marginal costs and price-cost margins
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7.3 Full-equilibrium counterfactual simulations

We now assume that carriers play the game described in the previous subsection, but without

ETFs. To maintain consistency with the way in which marginal costs were recovered, we
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Figure 9: Marginal costs and price-cost margins by carrier by time
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continue to assume that firms maximize the profit functions defined in equation (14)—that

is, consumers pay the service fees specified in their contract but firms behave as if they

paid going prices. For handset prices, we use observed (i.e., subsidized) prices. To find the

equilibrium of the no-ETF game, we discretize half-yearly service fees so that price changes

relative to the factual are in increments of one dollar.28 The algorithm circles through each

product and searches for the service fee that maximizes the profits of the wireless carrier

offering this product. Termination occurs if no more improvement can be found in a given

loop over all products.29

The results are reported in Table 9. The elimination of ETFs induces wireless service

providers to increase their service fees by 2 to 5 percent. The largest increase is predicted for

Verizon (5.17 percent), followed by AT&T (4.2 percent) and Sprint (3.93 percent). T-Mobile

and smaller carriers increase prices the least. There is no clear pattern in price changes

over time. The right panel of Table 9 reports percentage changes in profits from service

fees—profits from ETF payments are not included; see the discussion below. Our model

predicts that the largest beneficiaries from ETF elimination are the smaller carriers, T-Mobile

and Sprint. The profits of AT&T and Verizon increase by 46 to 50 percent, while other

carriers gain between 84 and 89 percent.

Table 10 reports consumer welfare under three alternative scenarios. The first column

reports, for each wireless operator, factual consumer surplus in dollars, as measured by the

dynamic value function. The next two columns, labeled “no ETF, old service fees”, report

28Given the high dimensionality of carriers’ choice sets, discretization is necessary to make our simulations
computationally feasible. Note that our price grid is quite fine, as one dollar corresponds to one percent of
the standard deviation of half-yearly service fees in our sample, and to 0.27 percent of the average service fee.

29If profit functions are concave and the algorithm terminates, then the price vector that obtains is an
open-loop equilibrium (assuming the grid is not too coarse). Since checking payoff concavity is impractical,
we experimented with multiple starting values; we always obtained convergence to the same price vector.
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Table 9: Change in service fees and carrier profits without ETF, optimal prices

time
% change in service fees % change in profits

ATT OTH SPR TMO VER ATT OTH SPR TMO VER

2005-h1 4.53 1.87 5.22 3.77 4.29 83.16 133.14 126.26 133.04 73.12
2005-h2 4.40 1.77 4.82 3.02 5.06 71.32 114.38 107.00 116.60 61.55
2006-h1 4.65 1.95 4.90 3.11 5.07 67.32 111.90 103.05 110.55 58.24
2006-h2 4.25 2.03 4.84 3.07 4.91 59.39 102.73 94.64 99.71 50.98
2007-h1 4.02 2.05 4.60 2.94 4.58 51.23 91.47 85.15 88.74 42.88
2007-h2 3.79 1.87 3.92 2.61 4.48 45.37 82.79 78.22 80.72 37.12
2008-h1 3.77 1.84 3.57 2.75 4.18 40.30 75.16 71.90 73.70 32.66
2008-h2 3.61 1.95 3.47 2.68 4.12 37.73 71.45 68.63 70.42 30.33
2009-h1 3.50 2.03 2.87 2.62 3.96 35.79 69.75 67.33 68.85 28.57
2009-h2 3.50 2.34 3.05 2.52 5.04 34.41 68.44 66.06 67.42 36.58
2010-h1 3.50 2.05 2.42 2.19 5.84 39.61 61.61 59.38 60.51 49.47
2010-h2 5.02 1.71 2.50 1.95 6.39 55.67 53.76 51.56 52.75 53.19
2011-h1 5.75 1.85 2.64 2.06 7.51 61.59 54.15 50.53 53.04 61.54
2011-h2 3.98 2.88 4.79 3.74 5.31 33.06 78.83 113.57 128.00 38.29
2012-h1 4.83 3.28 5.41 3.39 6.81 32.51 81.19 116.14 128.35 37.42

average 4.20 2.10 3.93 2.83 5.17 49.90 83.38 83.96 88.83 46.13

consumer surplus and its percentage increase relative to the factual situation for the scenario

in which ETFs are abolished but service fees do not to adjust. The last two columns report

those figures for the scenario in which ETFs are abolished and service fees do adjust. Our

estimates suggest that the average consumer valuation of the wireless market is around

2,350 dollars in the factual; this figure varies very little across carriers. The elimination of

ETFs increases consumer value functions by 76 percent, so that the new lifetime value of the

wireless market increases to 4,130 dollars. When service providers finally adjust their prices,

consumer welfare declines but remains 67 percent higher than in the factual situation.

Table 10: Changes in consumer value functions after ETF elimination
factual no ETF, old service fees no ETF, new service fees

carrier ✩ value ✩ value % diff. ✩ value % diff.

ATT 2,349.46 4,132.79 75.90 3,934.64 67.47
OTH 2,328.91 4,110.00 76.48 3,913.67 68.05
SPR 2,357.66 4,141.61 75.67 3,942.81 67.23
TMO 2,342.14 4,125.16 76.13 3,927.57 67.69
VER 2,357.71 4,141.41 75.65 3,942.59 67.22

average 2,347.18 4,130.20 75.97 3,932.26 67.53

Table 11 reports additional information on carriers’ average monthly profits. Recall that

profits derived from service fees increase by 50 to 90 percent after ETFs have been eliminated.

However, if we add expected ETF payments to the carrier profits, the situation is different: If

the cost of processing ETF payments were zero, the elimination of long-term contracts would
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reduce profits by 17 to 25 percent. This can be seen in line “% of factual with ETF payments”

of Table 11, which reports profits in the new equilibrium without ETFs as a percentage of

the factual profits from both service fees and ETF payments.

Table 11: Wireless carriers’ monthly profits under alternative scenarios
profit sources and comparison ATT OTH SPR TMO VER

Factual
Profits from service fees 2.55 0.68 1.54 1 3.37
Revenues from ETF payments 2.53 0.84 1.91 1.27 3.14
Total, factual 5.08 1.52 3.45 2.27 6.51

No ETF, old service fees

Profits from service fees 3.49 1.09 2.59 1.68 4.53
Revenues from ETF payments 0.00 0.00 0.00 0.00 0.00
Total, No ETF, old service fees 3.49 1.09 2.59 1.68 4.53

% of factual without ETF payments 136.86 160.29 168.18 168.00 134.42
% of factual with ETF payments 68.70 71.71 75.07 74.01 69.59

No ETF, new service fees

Profits from service fees 3.83 1.22 2.85 1.86 4.91
Revenues from ETF payments 0.00 0.00 0.00 0.00 0.00
Total 3.83 1.22 2.85 1.86 4.91

% of factual without ETF payments 150.20 179.41 185.06 186.00 145.70
% of factual with ETF payments 75.39 80.26 82.61 81.94 75.42
Cost of ETF to rationalize “No ETF” policy 1.25 0.30 0.60 0.41 1.60
% of No ETF, old service fees 109.74 111.93 110.04 110.71 108.39

Notes: Monthly profits are computed for a market of size one and expressed in USD.

Since it seems unlikely that the marginal cost of processing ETF payments is zero, we

calculate the minimum unit processing cost such that wireless service providers are better

off without ETFs. These costs are reported in line “Cost of ETF to rationalize “No ETF”

policy.” For profits to be higher without ETFs, the monthly per-consumer cost of processing

such payments would have to exceed 1.60 dollars for Verizon, 1.25 dollars for AT&T, 60 cents

for Sprint, and less than 50 cents for smaller carriers and T-Mobile.

Robustness analysis. To recover marginal costs and simulate the full-equilibrium coun-

terfactual, we made two important assumptions: First, firms believe that consumers pay

going prices instead of contract prices; second, the carriers classified as “Other” (e.g., Boost

Mobile, Cricket, MetroPCS, Virgin Mobile, etc.) maximize that group’s joint profits. We

evaluate the quantitative implications of those assumptions in turn.

To assess the role of the going-price assumption, we simulate another full-equilibrium

counterfactual where producers hold the correct belief that consumers pay the service fees

specified in their contract. Table 12 reports summary statistics for the difference in new
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equilibrium prices. Equilibrium prices under the contract-price and going-price assumptions

are very similar. Specifically, only about 15 percent of product prices are different across the

two scenarios, and the difference is at most six dollars. Our takeaway is that the error we

incur when recovering marginal costs and simulating the no-ETF counterfactual under the

going-price assumption is minor and thus unlikely to affect our main findings.

Table 12: Equilibrium service fees under the contract-price and going-price assumptions
assumption mean median min max sd

Contract-price assumption 375.94 385.45 0.00 697.06 105.25
Going-price assumption 375.96 385.36 0.00 697.06 105.26
Difference (levels) -0.02 0.00 -4.00 6.00 0.44

To evaluate the role of the joint profit maximization assumption for the group “Other”, we

simulate another full-equilibrium counterfactual where all products in that group maximize

individual profits. Table 13 reports the difference in equilibrium prices. Relative to the

factual, in the no-ETF counterfactual, the prices of products in the group “Other” increase

by 2.32 percent on average under the joint profit maximization assumption. Unsurprisingly,

under individual profit maximization, those prices decline by 1.58 percent. On the other

hand, the prices set by the major carriers are barely affected by what the group “Other”

maximizes. Averaging across all carriers, counterfactual prices differ by only 0.82 percent

across the two scenarios. From this, we conclude that our assumption about what the group

“Other” maximizes does not significantly affect our main findings.

Table 13: Service fees under individual vs joint maximization for OTH

carrier
average service fees % change in service fees

(1) factual (2) joint (3) individual (1) vs (2) (1) vs (3) (2) vs (3)

ATT 375.88 390.70 390.37 4.25 4.16 -0.09
OTH 311.85 318.54 307.19 2.32 -1.58 -3.78
SPR 363.89 376.90 376.70 3.76 3.70 -0.06
TMO 380.41 390.18 390.02 2.75 2.70 -0.05
VER 384.86 404.39 403.99 5.44 5.33 -0.10

average 363.38 376.14 373.66 3.70 2.86 -0.82

8 Conclusions

We have studied the welfare effects of early termination fees in the US wireless industry. To

gain intuition, we developed and solved a stylized theoretical model in which firms choose

whether to impose switching costs on consumers in the form of ETFs and then compete

in service fees. An important takeaway is that ETFs make consumers perceive the various
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products as being less differentiated, and thus intensify competition. This effect can be so

strong that consumers are better off in an equilibrium with ETFs (despite their inability to

switch suppliers), whereas firms can be worse off (despite their ability to lock in consumers).

Moreover, firms may well face a coordination problem, as, for plausible parameter values,

equilibria in which all firms use ETFs coexist with equilibria in which no firm uses ETFs.

Building on these insights, we developed and estimated a dynamic structural model of

the US wireless industry. That structural model accounts for multiple competing service

providers, finite level of ETFs, the multi-product nature of the wireless service providers,

correlation in per-period flow utilities across carriers, and other important details that were

omitted in our theoretical model. Estimation results suggest a significant increase in consumer

surplus as a result of the elimination of ETFs. To offset these gains, service fees would have

to rise by 30 to 40 percent.

Full equilibrium counterfactuals predict an increase in service fees by 2.10 to 5.17 percent.

Despite this, consumers are better off in the new equilibrium, with an average increase

in welfare of about 68 percent. There is also a substantial increase in profits gathered by

means of service fees, ranging from 50 to 80 percent depending on the carrier. However, the

overall effect on producer surplus becomes less clear once profits from ETF payments are

accounted for. In particular, if the monthly per-consumer cost of processing ETF payments

is sufficiently high (with the cutoff ranging from 40 cents to 1.60 dollars depending on the

carrier), then producers are also better off without ETFs. In this case, we would conclude

that the elimination of ETFs is welfare enhancing overall.
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Appendix

A Proofs

This section is organized as follows. We begin by studying the so-called mixed subgame, in

which one firm uses ETFs while the other one does not (Appendix A.1). Next, we derive

equilibrium behavior at time t = −1, i.e., when firms decide whether to use ETFs, and thus

prove Proposition 1 (Appendix A.2).

A.1 The mixed subgame

To fix ideas, suppose firm 1 uses ETFs and firm 2 does not. Let (p∗1, p
∗
2) be a candidate

stationary subgame-perfect equilibrium. We first analyze consumer behavior. Let Ui(p1, p2, x)

be the value of a consumer with type x when she buys from firm i, current-period prices are

(p1, p2), and future prices are expected to be (p∗1, p
∗
2). Then,

U1(p1, p2, x) = δ − x− p1 +
βc

1− βc

(
δ −

1

2
− p1

)
,

U2(p1, p2, x) = δ − (1− x)− p2 + βcEy max (U1(p
∗
1, p

∗
2, y), U2(p

∗
1, p

∗
2, y)) .

To understand the first value function, note that if the consumer buys from firm 1 at price p1

in the current period, then she will have to purchase from the same firm at the same price in

all subsequent periods. (The term 1/2 reflects expected future transport costs.) On the other

hand, if the consumer buys from firm 2, then she will get to choose which firm to buy from

in the next period, as seen in the second value function. Define

u∗
1 =

1

1− βc

(
δ −

1

2
βc

)
, (16)

and u∗
2 = δ + βcEy max (U1(p

∗
1, p

∗
2, y), U2(p

∗
1, p

∗
2, y)) .

The location of the marginal consumer, x, satisfies U1(p1, p2, x) = U2(p1, p2, x), yielding

x =
1

2
+

u∗
1 − u∗

2

2
+

p2 −
p1

1−βc

2
. (17)

In equilibrium, p1 = p∗1, p2 = p∗2, the marginal type is given by

x∗ =
1

2
+

u∗
1 − u∗

2

2
+

p∗2 −
p∗
1

1−βc

2
, (18)
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and u∗
2 satisfies

u∗
2 = δ + βc

(∫ x∗

0

(
u∗
1 −

p∗1
1− βc

− y

)
dy +

∫ 1

x∗

(u∗
2 − p∗2 − (1− y)) dy

)
,

= δ + βc

((
u∗
1 −

p∗1
1− βc

−
1

2
x∗

)
x∗ +

(
u∗
2 − p∗2 −

1

2
(1− x∗)

)
(1− x∗)

)
. (19)

Next, we turn to firm behavior. Let Vi(p1, p2) be the value of firm i ∈ {1, 2} per free

buyer when current prices are (p1, p2) and future prices are expected to be (p∗1, p
∗
2). Then,

using the definition of the marginal type (17),

V1(p1, p2) =
1

1− βf

p1

(
1

2
+

u∗
1 − u∗

2

2
+

p2 −
p1

1−βc

2

)

+ βf

(
1

2
+

u∗
2 − u∗

1

2
+

p1
1−βc

− p2

2

)
V1 (p

∗
1, p

∗
2) . (20)

The first term in equation (20) comes from the fact that a consumer whose type is less than

the marginal type will buy from firm 1 in the current period, and will be locked in with

that firm at the same price in all subsequent periods. The second term reflects the fact that

consumers with types above the marginal type do not buy from firm 1 today, and will still be

free buyers tomorrow. Firm 2’s value function involves similar considerations:

V2(p1, p2) = (p2 + βfV2 (p
∗
1, p

∗
2))

(
1

2
+

u∗
2 − u∗

1

2
+

p1
1−βc

− p2

2

)
. (21)

Let v∗i = Vi (p
∗
1, p

∗
2), i = 1, 2. Those equilibrium values satisfy:

v∗1 =
1

1− βf

p∗1x
∗ + βf (1− x∗) v∗1, (22)

v∗2 = (p∗2 + βfv
∗
2) (1− x∗) . (23)

Taking first-order conditions in equations (20) and (21) and plugging in p1 = p∗1 and

p2 = p∗2 yields:

0 =
1

1− βf

(
x∗ −

1

2

p∗1
1− βc

)
+

1

2(1− βc)
βfv

∗
1, (24)

0 = 1− x∗ −
1

2
(p∗2 + βfv

∗
2) . (25)

To summarize, if (p∗1, p
∗
2) is a stationary subgame-perfect equilibrium, then (u∗

1, u
∗
2, x

∗,

v∗1, v
∗
2, p

∗
1, p

∗
2) solves equations (16), (18), (19), (22), (23), (24), and (25), and x∗ ∈ [0, 1]. We
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show that this system of equations has a unique solution, and that this solution is indeed a

stationary subgame-perfect equilibrium:

Lemma 1. There exists a unique stationary subgame-perfect equilibrium in the mixed subgame.

Proof. We drop the star superscripts to ease notation. The proof is analytical, but some of

the computations are cumbersome. Details of the calculations can be found in Mathematica

file ETF-Hotelling.nb.

We approach the problem as follows. Fix some x ∈ [0, 1]. Using Mathematica, we show

that there exists a unique vector (u1(x), u2(x), v1(x), v2(x), p1(x), p2(x)) that jointly solves

equations (16), (19), (22), (23), (24), and (25) for this value of x (Step 1 in the Mathematica

file). In Step 2, we plug this vector into equilibrium condition (18), and show that the

condition holds if and only if x is a root of the polynomial

P (X) = −(1−βf )(3−βc−2βf )+2(1−βf )(3−2βc−2βf )X+(βc(1− 3βf ) + 2βf (2− βf ))X
2.

We show that P is convex and satisfies P (0) < 0 and P (1) > 0 (Step 3). Therefore, there

exists a unique x̂ ∈ [0, 1] such that P (x̂) = 0. That x̂ is the largest root of quadratic

polynomial P . Therefore, there exists at most one stationary subgame-perfect equilibrium.

Conversely, since the objective functions in (20) and (21) are strictly concave in p1 and p2,

respectively, first-order conditions are sufficient for optimality. It follows that the profile of

prices pinned down by x̂ is a stationary subgame-perfect equilibrium, and the mixed subgame

has a unique stationary subgame-perfect equilibrium.

We compute x̂, v1(x̂), and v2(x̂) in Step 4. Recall that vi is the value of firm i per free

buyer. At stage 0, there is a mass 1 of free buyers. Therefore, vi also gives us the present

discounted value of firm i’s profits at time 0.

A.2 The ETF game

Having fully characterized the equilibria in all subgames starting at time t = 0, we go back

to stage -1 and solve for the equilibria of the ETF game. Firms choose between actions n

(no ETF) and e (ETF). Let vlk denote the equilibrium profit of a firm that plays k ∈ {n, e}

when its rival plays l ∈ {n, e}. As shown in Section 2, vnn = 1
1−βf

1
2
and vee =

1−βc

1−βf

1
2
. Moreover,

vne and ven are as in Appendix A.1 (see Lemma 1). The following lemma characterizes best

responses, and thus the set of pure-strategy equilibria, for this two-by-two game:

Lemma 2. There exist functions βn
c , β

e
c : [0, 1) −→ [0, 1) such that for every (βc, βf ) ∈ [0, 1)2,

❼ vnn ≥ vne (resp. vnn ≤ vne ) if and only if βc ≥ βn
c (βf ) (resp. βc ≤ βn

c (βf )),

❼ vee ≥ ven (resp. vee ≤ ven) if and only if βc ≤ βe
c (βf ) (resp. βc ≥ βe

c (βf )).
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In addition, βn
c (0) = βe

c (0) = 0, and βn
c (βf ) < βe

c (βf ) for every βf > 0.

Proof. Details of the calculations can again be found in Mathematica file ETF-Hotelling.nb.

We begin by studying the behavior of vnn − vne . It is straightforward to check that, when

βf = βc = 0, vne = 1
2
= vnn. Moreover, vnn > vne whenever βc > βf = 0 (Step 5 in the

Mathematica file). Therefore, βn
c (0) = 0. In the following, we assume that βf > 0. For every

βf ∈ (0, 1), define the quartic polynomial

P n
βf
(X) =

(
48βf − 64β2

f + 16β3
f + 4β4

f

)
+
(
−72 + 16βf + 52β2

f − 20β3
f

)
X

+
(
129− 86βf + 9β2

f

)
X2 + (−72 + 24βf )X

3 + 16X4.

Using Mathematica (Step 6), we show that vnn ≥ vne (resp. vnn ≤ vne ) if and only if βc ≥ βn
c (βf )

(resp. βc ≤ βn
c (βf)), where βn

c (βf) is equal to the first real root of polynomial Pβf
(X) if

βf ≤ 9/10, and to the second real root of that polynomial if βf > 9/10.

Next, we turn to the behavior of vee − ven. As before, it is straightforward to check that,

when βf = βc = 0, ven = 1
2
= vee. Moreover, vee < ven whenever βc > βf = 0 (see Step 5).

Therefore, βe
c (0) = 0. In the following, we assume that βf > 0. For every βf ∈ (0, 1), define

the polynomials

P e
βf
(X) =

(
−48β + 80β2

f − 32β3
f + 4β2

f

)
+
(
72− 80βf + 12β2

f − 28β3
f + 8β4

f

)
X

+
(
−87 + 98βf + 9β2

f + 4β4
f

)
X2 +

(
30− 28βf − 14β2

f − 4β3
f

)
X3

+
(
1− 6βf + 9β2

f

)
X4,

and Q(X) = 167 + 926X + 1079X2 + 384X3.

Define βe
c (βf) as the second real root of polynomial P e

βf
(X) when βf 6= 1/3, and as minus

the first real root of polynomial Q(X) when βf = 1/3. In Step 7, we show that vee ≥ ven (resp.

vee ≤ ven) if and only if βc ≤ βe
c (βf ) (resp. βc ≥ βe

c (βf )).

Finally, we show that the inequalities vnn ≤ vne and vee ≤ ven cannot hold simultaneously

when βf > 0 (Step 8). It follows that βn
c (βf ) < βe

c (βf ) for every βf > 0.

B Additional empirical results

B.1 Alternative specifications of the static demand model

Table 14 reports estimation results for the static demand model for various combinations of

product, time, and carrier-time fixed effects. The specifications in columns (5)–(7) constrain

the coefficients on pjt and Pjt to be identical; those in columns (1)–(4) do not. The IV

specifications in columns (2), (4), and (6) include all the instrumental variables described in
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Section 5. The instrumental variables included in column (7) are average age and consumer

satisfaction by products of competitors, as in our main specification of the dynamic model.

Consistent with Table 2 in the main text, Table 14 suggests that OLS specifications suffer

from an endogeneity bias, as the coefficients on pjt and pjt + Pjt are estimated to be positive.

Price coefficient estimates in all IV specifications are negative, as expected.

Table 14: Product (handset-carrier) fixed-effect regressions, 16,408 observations

parameters
unrestricted restricted

(1) OLS (2) IV (3) OLS (4) IV (5) OLS (6) IV (7) IV∗

handset price, Pjt -4.568 -21.033 -4.591 -15.565
(s.e.) (0.263) (16.482) (0.262) (14.890)
service fee, pjt 1.085 -19.084 1.021 -17.273
(s.e.) (0.091) (5.420) (0.091) (4.345)
total cost, pjt + Pjt 0.340 -17.190 -19.185
(s.e.) (0.085) (4.296) (6.030)
constant -6.632 2.945 -8.070 1.702 -8.148 1.787 2.757
(s.e.) (0.066) (2.719) (0.046) (2.216) (0.046) (2.092) 2.935
time fixed effect yes yes no no no no no
handset fixed effect no no no no no no no
product fixed effect yes yes yes yes yes yes yes
carrier-time fixed effect no no yes yes yes yes yes

first stage statistics
F statistic, Pjt 44.68 11.76
(p-value) (0.000) (0.000)
F statistic, pjt 54.20 14.34
(p-value) (0.000) (0.000)
F statistic, Pjt + pjt 18.61 18.99
(p-value) (0.000) (0.000)

Notes: Regressions labeled “IV” are two-stage least squares with all 4 instrumental variables; regression
“IV∗” has only 2 instruments: average age and consumer satisfaction by products of competitors.

Table 15 reports estimation results for the static demand model using handset and carrier-

time fixed effects. The specifications in columns (3)–(5) constrain the coefficients on pjt and

Pjt to be identical; those in columns (1) and (2) do not. The IV specifications in columns (2)

and (4) include all the instrumental variables from Section 5; column (5) only uses average

age and consumer satisfaction by products of competitors. Again, OLS specifications deliver

positive coefficient estimates on service fee and total costs, whereas parameter estimates from

IV specifications have the expected sign.

B.2 Summary statistics on carrier dummies

Below, we compare estimates for carrier-time dummy variables for the one-type and four-type

versions of the structural model. Both models suggest a constant decline in the average

quality of each carrier over time. This is consistent with improvements in the value of the

outside option, which represents any non-contract-based telecommunication service. Table 16

43



Table 15: Handset fixed-effect regressions, 16,408 observations

parameters
unrestricted restricted

(1) OLS (2) IV (3) OLS (4) IV (5) IV∗

handset price, Pjt -3.549 -4.592
(s.e.) (0.284) (9.098)
service fee, pjt 1.397 -10.030
(s.e.) (0.102) (2.968)
total cost, pjt + Pjt 0.755 -9.574 -9.121
(s.e.) (0.094) (2.846) (3.195)
constant 1.191 -3.640 1.368 1.149
(s.e.) (1.437) (0.173) (1.396) (1.563)
time fixed effect no no no no no
handset fixed effect yes yes yes yes yes
product fixed effect no no no no no
carrier-time fixed effect yes yes yes yes yes

first stage statistics
F statistic, Pjt 5.98
(p-value) (0.000)
F statistic, pjt 7.22
(p-value) (0.000)
F statistic, Pjt + pjt 6.58 10.03
(p-value) (0.000) (0.000)

Notes: Regressions labeled “IV” are two-stage least squares with all 4 instrumental variables; regression
“IV∗” has only 2 instruments: average age and consumer satisfaction by products of competitors.

provides summary statistics for the estimates. Overall, we find carrier-time effects in the two

models are closely correlated with a correlation coefficient of 0.997. The heterogeneous-type

model estimates slightly lower parameter values.

Table 16: Summary statistics for carrier-time effects for one- and four-type models
model mean median min max s.d.

one-type -2.46 -2.38 -5.28 0.00 1.23
four-type -2.40 -2.32 -5.19 0.00 1.21

Table 17 reports correlations in estimated carrier-time dummies. Estimates of the average

product quality appear to be closely correlated across carriers.

Table 17: Correlations in carrier-time effects for one- and four-type models
one-type model four-type model

ATT OTH SPR TMO VER ATT OTH SPR TMO VER

ATT 1.00 1.00
OTH 0.93 1.00 0.92 1.00
SPR 0.98 0.97 1.00 0.98 0.97 1.00
TMO 0.99 0.93 0.97 1.00 0.99 0.91 0.96 1.00
VER 0.99 0.95 0.99 0.99 1.00 0.99 0.94 0.99 0.98 1.00
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B.3 Robustness analysis: initial and terminal period conditions

Our main specification assumes all consumers hold the outside option at the beginning of

period t = 1, while consumers believe handset prices, service fees, and mean flow utilities

evolve according to an AR(1) process without innovation after the final sample period. In

this appendix, we evaluate the quantitative implications of those assumptions. Estimation

results for various robustness checks are reported in Tables 18 and 19:

❼ Column (1) replicates the baseline model from Table 3.

❼ In column (2), all consumers hold the outside option at the beginning of period t = 1

(as in our baseline model), but prices and quality levels are assumed to stay constant

after period T .

❼ In columns (3) and (4), we assume that the wireless market emerged 15 periods before

our sample. Pre- and post-sample prices and qualities are assumed to be random

and multiplicative perturbations of their values at time t = 1 and t = T , respectively.

Specifically, for t < 1 (resp. t > T ), we have pjt = χp
jtpj1, Pjt = χP

jtPj1, and δjt = χδ
jtδj1

(resp. pjt = χp
jtpjT , Pjt = χP

jtPjT , and δjt = χδ
jtδjT ), where the random variables χ are

drawn i.i.d. across products and periods from a uniform distribution over [0.5, 1.5].

That is, pre- and post-sample prices and quality levels can differ from their values at

t = 1 and t = T by at most 50 percent. In column (3), we set χp
jt = χP

jt = χδ
jt, i.e., price

and quality shocks are perfectly correlated within a product-time. Instead, in column

(4), price and quality shocks are uncorrelated within a product-time.

❼ In columns (5) and (6), all consumers hold the outside option at the beginning of period

t = 1, and post-sample prices and qualities are assumed to follow an AR(1) process

with random innovation. In column (5), price and quality innovations are perfectly

correlated within a product-time; in column (6), they are uncorrelated.

❼ In column (7), we assume that the wireless market emerged 15 periods before our

sample. Pre- and post-sample prices and qualities follow an AR(1) process without

innovation.

❼ In columns (8) and (9), we assume that the wireless market emerged 15 periods before

our sample. Pre- and post-sample prices and qualities follow an AR(1) process with

random innovation. In column (8), price and quality innovations are perfectly correlated

within a product-time; in column (9), they are uncorrelated.

As mentioned in the main text, the estimation results differ little across the various

specifications.

45



Table 18: Robustness checks on initial and terminal period conditions, 2nd stage GMM (1)
(1) (2) (3) (4)

initial, t≤0 outside option outside option at t = 1 w. cor. shock at t = 1 w. unc. shock
terminal, t>T AR(1) deterministic same as at T at t = T w. cor. shock at t = T w. unc. shock

coef s.e. coef s.e. coef s.e. coef s.e.

price -8.163 (3.014) -8.582 (2.054) -8.053 (2.887) -8.208 (2.974)
const 2.217 (1.873) 1.852 (0.543) 2.112 (1.756) 2.189 (1.782)
ATT-2005h2 -0.390 (0.248) 0.138 (0.644) -0.360 (0.244) -0.348 (0.245)
ATT-2006h1 -0.704 (0.250) -0.145 (0.669) -0.671 (0.240) -0.662 (0.237)
ATT-2006h2 -0.842 (0.235) -0.274 (0.680) -0.808 (0.223) -0.800 (0.220)
ATT-2007h1 -0.939 (0.241) -0.372 (0.666) -0.904 (0.225) -0.897 (0.220)
ATT-2007h2 -1.272 (0.250) -0.707 (0.653) -1.237 (0.230) -1.231 (0.223)
ATT-2008h1 -1.477 (0.279) -0.918 (0.623) -1.439 (0.254) -1.436 (0.243)
ATT-2008h2 -1.672 (0.308) -1.119 (0.595) -1.633 (0.278) -1.632 (0.265)
ATT-2009h1 -1.835 (0.316) -1.283 (0.588) -1.795 (0.285) -1.795 (0.272)
ATT-2009h2 -2.105 (0.346) -1.558 (0.564) -2.064 (0.312) -2.066 (0.298)
ATT-2010h1 -2.194 (0.305) -1.639 (0.596) -2.154 (0.275) -2.154 (0.262)
ATT-2010h2 -2.434 (0.323) -1.883 (0.583) -2.394 (0.291) -2.395 (0.278)
ATT-2011h1 -2.703 (0.359) -2.158 (0.555) -2.661 (0.323) -2.664 (0.310)
ATT-2011h2 -2.924 (0.381) -2.382 (0.540) -2.881 (0.343) -2.885 (0.331)
ATT-2012h1 -3.117 (0.390) -2.609 (0.532) -3.244 (0.345) -3.147 (0.505)
OTH-2005h1 -3.083 (0.353) -2.838 (0.455) -3.057 (0.339) -3.056 (0.332)
OTH-2005h2 -2.890 (0.321) -2.316 (0.696) -2.852 (0.303) -2.848 (0.297)
OTH-2006h1 -2.751 (0.309) -2.183 (0.669) -2.713 (0.287) -2.710 (0.279)
OTH-2006h2 -2.865 (0.296) -2.296 (0.668) -2.828 (0.275) -2.824 (0.267)
OTH-2007h1 -2.730 (0.288) -2.163 (0.657) -2.692 (0.264) -2.689 (0.255)
OTH-2007h2 -3.133 (0.310) -2.571 (0.633) -3.094 (0.283) -3.092 (0.272)
OTH-2008h1 -3.449 (0.356) -2.897 (0.587) -3.407 (0.322) -3.409 (0.310)
OTH-2008h2 -3.639 (0.380) -3.091 (0.565) -3.596 (0.343) -3.600 (0.331)
OTH-2009h1 -3.751 (0.382) -3.204 (0.562) -3.708 (0.346) -3.711 (0.333)
OTH-2009h2 -4.095 (0.450) -3.559 (0.516) -4.050 (0.408) -4.057 (0.395)
OTH-2010h1 -4.357 (0.428) -3.818 (0.529) -4.312 (0.388) -4.319 (0.375)
OTH-2010h2 -5.061 (0.479) -4.530 (0.494) -5.014 (0.435) -5.024 (0.422)
OTH-2011h1 -5.264 (0.504) -4.737 (0.476) -5.216 (0.458) -5.227 (0.447)
OTH-2011h2 -5.240 (0.474) -4.708 (0.496) -5.193 (0.429) -5.203 (0.418)
OTH-2012h1 -5.284 (0.477) -4.784 (0.492) -5.407 (0.425) -5.316 (0.595)
SPR-2005h1 -0.484 (0.281) -0.828 (0.465) -0.550 (0.298) -0.659 (0.362)
SPR-2005h2 -0.889 (0.284) -0.463 (0.553) -0.862 (0.278) -0.864 (0.278)
SPR-2006h1 -0.923 (0.268) -0.405 (0.631) -0.889 (0.260) -0.882 (0.259)
SPR-2006h2 -1.079 (0.259) -0.530 (0.662) -1.044 (0.249) -1.035 (0.248)
SPR-2007h1 -1.296 (0.281) -0.739 (0.654) -1.259 (0.263) -1.252 (0.257)
SPR-2007h2 -1.435 (0.270) -0.872 (0.659) -1.398 (0.252) -1.391 (0.245)
SPR-2008h1 -1.601 (0.295) -1.040 (0.642) -1.563 (0.272) -1.558 (0.262)
SPR-2008h2 -2.018 (0.346) -1.465 (0.600) -1.976 (0.315) -1.976 (0.302)
SPR-2009h1 -2.183 (0.326) -1.627 (0.616) -2.143 (0.297) -2.141 (0.285)
SPR-2009h2 -2.808 (0.413) -2.267 (0.550) -2.764 (0.375) -2.768 (0.361)
SPR-2010h1 -2.977 (0.381) -2.431 (0.573) -2.934 (0.347) -2.937 (0.333)
SPR-2010h2 -3.278 (0.405) -2.735 (0.555) -3.234 (0.368) -3.238 (0.354)
SPR-2011h1 -3.690 (0.454) -3.155 (0.520) -3.644 (0.413) -3.651 (0.399)
SPR-2011h2 -3.717 (0.426) -3.177 (0.542) -3.672 (0.387) -3.678 (0.375)
SPR-2012h1 -3.882 (0.428) -3.376 (0.537) -4.007 (0.382) -3.910 (0.536)
TMO-2005h1 -0.394 (0.340) -0.299 (0.422) -0.410 (0.333) -0.401 (0.337)
TMO-2005h2 -0.663 (0.283) -0.098 (0.745) -0.635 (0.288) -0.619 (0.298)
TMO-2006h1 -1.002 (0.291) -0.404 (0.802) -0.973 (0.295) -0.957 (0.305)
TMO-2006h2 -1.219 (0.258) -0.624 (0.775) -1.188 (0.258) -1.175 (0.264)
TMO-2007h1 -1.473 (0.247) -0.883 (0.754) -1.441 (0.243) -1.430 (0.245)
TMO-2007h2 -1.584 (0.228) -0.994 (0.751) -1.552 (0.225) -1.541 (0.228)
TMO-2008h1 -1.939 (0.252) -1.361 (0.701) -1.905 (0.238) -1.897 (0.234)
TMO-2008h2 -2.044 (0.252) -1.467 (0.692) -2.009 (0.236) -2.002 (0.231)
TMO-2009h1 -2.143 (0.257) -1.567 (0.684) -2.107 (0.240) -2.101 (0.233)
TMO-2009h2 -2.224 (0.261) -1.652 (0.668) -2.188 (0.240) -2.183 (0.232)
TMO-2010h1 -2.381 (0.261) -1.809 (0.666) -2.344 (0.240) -2.339 (0.231)
TMO-2010h2 -2.700 (0.263) -2.129 (0.663) -2.664 (0.242) -2.659 (0.233)
TMO-2011h1 -3.270 (0.317) -2.709 (0.613) -3.230 (0.287) -3.230 (0.275)
TMO-2011h2 -3.213 (0.253) -2.637 (0.681) -3.177 (0.235) -3.171 (0.229)
TMO-2012h1 -3.460 (0.252) -2.918 (0.675) -3.594 (0.230) -3.487 (0.337)
VER-2005h1 -1.318 (0.312) -1.373 (0.337) -1.318 (0.309) -1.356 (0.327)
VER-2005h2 -1.665 (0.333) -1.141 (0.572) -1.627 (0.309) -1.627 (0.302)
VER-2006h1 -1.709 (0.328) -1.158 (0.598) -1.670 (0.301) -1.669 (0.289)
VER-2006h2 -1.979 (0.330) -1.423 (0.605) -1.939 (0.301) -1.938 (0.289)
VER-2007h1 -2.084 (0.332) -1.527 (0.601) -2.044 (0.301) -2.043 (0.289)
VER-2007h2 -2.311 (0.357) -1.757 (0.586) -2.270 (0.323) -2.271 (0.310)
VER-2008h1 -2.379 (0.373) -1.827 (0.570) -2.336 (0.338) -2.338 (0.324)
VER-2008h2 -2.583 (0.411) -2.038 (0.542) -2.539 (0.373) -2.544 (0.359)
VER-2009h1 -2.792 (0.415) -2.247 (0.542) -2.747 (0.376) -2.752 (0.362)
VER-2009h2 -3.062 (0.426) -2.519 (0.531) -3.017 (0.386) -3.023 (0.372)
VER-2010h1 -3.104 (0.393) -2.556 (0.555) -3.061 (0.355) -3.064 (0.342)
VER-2010h2 -3.417 (0.411) -2.872 (0.542) -3.373 (0.372) -3.377 (0.359)
VER-2011h1 -3.704 (0.431) -3.163 (0.527) -3.659 (0.390) -3.665 (0.377)
VER-2011h2 -3.898 (0.458) -3.360 (0.511) -3.851 (0.415) -3.859 (0.403)
VER-2012h1 -4.170 (0.480) -3.669 (0.494) -4.293 (0.429) -4.200 (0.593)

Notes: Standard errors in parentheses. Specification (1) replicates the baseline model from Table 3. In specification (2), consumers
initially hold the outside option and believe prices and flow utilities stay constant after period T . In specification (3) and (4), we
simulate 15 periods of initial conditions using randomly perturbed prices and flow utilities from the first period of data, and assume
that consumers believe the evolution of prices and quality levels after T is given by random perturbations of prices and flow utilities
at T . Estimates in specifications (3) use correlated shocks for the prices and quality levels of the same product, while specification (4)
allows the prices and quality levels of the same product to move independently.
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Table 19: Robustness checks on initial and terminal period conditions, 2nd stage GMM (2)
(5) (6) (7) (8) (9)

initial, t≤0: outside option outside option AR(1), deterministic AR(1), cor. shocks AR(1), unc. shocks
terminal, t>T: AR(1), cor. shocks AR(1), unc. shocks AR(1), deterministic AR(1), cor. shocks AR(1), unc. shocks

coef (s.e.) coef (s.e.) coef (s.e.) coef (s.e.) coef (s.e.)

price -8.594 (2.056) -8.592 (2.056) -8.111 (2.998) -8.183 (3.211) -8.061 (3.052)
constant 1.856 (0.539) 1.855 (0.540) 2.144 (1.806) 2.149 (1.835) 2.081 (1.791)
ATT-2005h2 0.142 (0.648) 0.141 (0.648) -0.375 (0.246) -0.348 (0.246) -0.351 (0.243)
ATT-2006h1 -0.141 (0.674) -0.142 (0.673) -0.686 (0.243) -0.657 (0.235) -0.662 (0.234)
ATT-2006h2 -0.271 (0.685) -0.271 (0.684) -0.823 (0.227) -0.795 (0.218) -0.799 (0.217)
ATT-2007h1 -0.368 (0.671) -0.369 (0.670) -0.919 (0.231) -0.891 (0.212) -0.895 (0.215)
ATT-2007h2 -0.703 (0.658) -0.704 (0.658) -1.253 (0.238) -1.225 (0.212) -1.228 (0.218)
ATT-2008h1 -0.914 (0.628) -0.915 (0.627) -1.456 (0.264) -1.430 (0.228) -1.430 (0.237)
ATT-2008h2 -1.115 (0.600) -1.116 (0.600) -1.651 (0.291) -1.626 (0.249) -1.624 (0.260)
ATT-2009h1 -1.280 (0.593) -1.280 (0.592) -1.813 (0.299) -1.789 (0.256) -1.787 (0.267)
ATT-2009h2 -1.555 (0.569) -1.556 (0.568) -2.083 (0.328) -2.059 (0.282) -2.056 (0.293)
ATT-2010h1 -1.636 (0.602) -1.637 (0.601) -2.172 (0.288) -2.147 (0.246) -2.146 (0.257)
ATT-2010h2 -1.880 (0.588) -1.881 (0.587) -2.413 (0.306) -2.388 (0.262) -2.386 (0.272)
ATT-2011h1 -2.155 (0.560) -2.156 (0.559) -2.680 (0.340) -2.657 (0.294) -2.653 (0.306)
ATT-2011h2 -2.379 (0.545) -2.380 (0.544) -2.901 (0.362) -2.878 (0.316) -2.873 (0.325)
ATT-2012h1 -2.620 (0.544) -2.603 (0.528) -3.094 (0.371) -3.176 (0.367) -3.138 (0.379)
OTH-2005h1 -2.836 (0.457) -2.837 (0.457) -3.073 (0.344) -3.052 (0.329) -3.088 (0.337)
OTH-2005h2 -2.312 (0.701) -2.313 (0.700) -2.869 (0.310) -2.843 (0.288) -2.846 (0.293)
OTH-2006h1 -2.180 (0.674) -2.180 (0.673) -2.730 (0.295) -2.704 (0.267) -2.709 (0.277)
OTH-2006h2 -2.293 (0.673) -2.294 (0.673) -2.844 (0.282) -2.818 (0.255) -2.821 (0.262)
OTH-2007h1 -2.159 (0.662) -2.160 (0.661) -2.708 (0.273) -2.683 (0.243) -2.685 (0.251)
OTH-2007h2 -2.568 (0.638) -2.569 (0.637) -3.111 (0.294) -3.086 (0.258) -3.087 (0.268)
OTH-2008h1 -2.894 (0.592) -2.895 (0.591) -3.426 (0.337) -3.403 (0.295) -3.400 (0.306)
OTH-2008h2 -3.089 (0.569) -3.089 (0.569) -3.615 (0.360) -3.593 (0.316) -3.589 (0.327)
OTH-2009h1 -3.201 (0.567) -3.202 (0.566) -3.727 (0.363) -3.705 (0.319) -3.700 (0.329)
OTH-2009h2 -3.557 (0.520) -3.557 (0.520) -4.070 (0.428) -4.050 (0.385) -4.043 (0.393)
OTH-2010h1 -3.816 (0.534) -3.816 (0.533) -4.333 (0.407) -4.312 (0.364) -4.305 (0.373)
OTH-2010h2 -4.528 (0.499) -4.528 (0.498) -5.036 (0.457) -5.017 (0.414) -5.007 (0.421)
OTH-2011h1 -4.735 (0.480) -4.736 (0.479) -5.238 (0.482) -5.220 (0.441) -5.209 (0.447)
OTH-2011h2 -4.707 (0.500) -4.707 (0.499) -5.215 (0.452) -5.196 (0.410) -5.186 (0.416)
OTH-2012h1 -4.798 (0.502) -4.780 (0.487) -5.259 (0.455) -5.345 (0.459) -5.304 (0.468)
SPR-2005h1 -0.830 (0.466) -0.830 (0.466) -0.477 (0.278) -0.506 (0.279) -0.479 (0.276)
SPR-2005h2 -0.460 (0.557) -0.461 (0.556) -0.868 (0.278) -0.852 (0.277) -0.851 (0.275)
SPR-2006h1 -0.401 (0.635) -0.402 (0.635) -0.902 (0.261) -0.881 (0.258) -0.881 (0.256)
SPR-2006h2 -0.526 (0.667) -0.527 (0.666) -1.058 (0.251) -1.036 (0.246) -1.035 (0.245)
SPR-2007h1 -0.735 (0.659) -0.736 (0.658) -1.274 (0.268) -1.253 (0.250) -1.250 (0.253)
SPR-2007h2 -0.868 (0.664) -0.869 (0.663) -1.413 (0.257) -1.392 (0.238) -1.388 (0.241)
SPR-2008h1 -1.037 (0.647) -1.038 (0.646) -1.579 (0.279) -1.558 (0.252) -1.553 (0.256)
SPR-2008h2 -1.462 (0.605) -1.463 (0.604) -1.994 (0.327) -1.975 (0.291) -1.967 (0.297)
SPR-2009h1 -1.624 (0.622) -1.624 (0.621) -2.159 (0.308) -2.140 (0.274) -2.133 (0.279)
SPR-2009h2 -2.264 (0.555) -2.265 (0.554) -2.783 (0.391) -2.766 (0.353) -2.755 (0.357)
SPR-2010h1 -2.428 (0.578) -2.428 (0.578) -2.953 (0.361) -2.935 (0.323) -2.925 (0.328)
SPR-2010h2 -2.733 (0.560) -2.733 (0.559) -3.253 (0.384) -3.236 (0.346) -3.225 (0.350)
SPR-2011h1 -3.153 (0.525) -3.154 (0.524) -3.664 (0.431) -3.648 (0.393) -3.635 (0.396)
SPR-2011h2 -3.175 (0.546) -3.176 (0.545) -3.691 (0.404) -3.675 (0.367) -3.663 (0.369)
SPR-2012h1 -3.387 (0.550) -3.370 (0.535) -3.857 (0.406) -3.944 (0.408) -3.901 (0.414)
TMO-2005h1 -0.298 (0.424) -0.299 (0.424) -0.441 (0.334) -0.442 (0.329) -0.474 (0.343)
TMO-2005h2 -0.094 (0.749) -0.095 (0.749) -0.653 (0.283) -0.623 (0.304) -0.637 (0.288)
TMO-2006h1 -0.400 (0.807) -0.401 (0.806) -0.988 (0.292) -0.953 (0.321) -0.964 (0.305)
TMO-2006h2 -0.620 (0.780) -0.621 (0.780) -1.203 (0.258) -1.170 (0.276) -1.178 (0.265)
TMO-2007h1 -0.879 (0.759) -0.880 (0.759) -1.456 (0.244) -1.425 (0.252) -1.432 (0.245)
TMO-2007h2 -0.990 (0.756) -0.991 (0.755) -1.567 (0.225) -1.536 (0.237) -1.543 (0.228)
TMO-2008h1 -1.357 (0.706) -1.358 (0.706) -1.921 (0.244) -1.891 (0.228) -1.895 (0.230)
TMO-2008h2 -1.464 (0.698) -1.464 (0.697) -2.026 (0.242) -1.996 (0.224) -2.000 (0.227)
TMO-2009h1 -1.564 (0.689) -1.565 (0.688) -2.123 (0.247) -2.095 (0.225) -2.098 (0.229)
TMO-2009h2 -1.649 (0.673) -1.650 (0.672) -2.205 (0.249) -2.177 (0.221) -2.179 (0.227)
TMO-2010h1 -1.806 (0.671) -1.806 (0.670) -2.361 (0.249) -2.333 (0.220) -2.335 (0.226)
TMO-2010h2 -2.126 (0.668) -2.127 (0.667) -2.681 (0.251) -2.653 (0.221) -2.655 (0.228)
TMO-2011h1 -2.707 (0.617) -2.707 (0.616) -3.249 (0.301) -3.223 (0.259) -3.222 (0.270)
TMO-2011h2 -2.635 (0.685) -2.635 (0.684) -3.193 (0.243) -3.165 (0.219) -3.168 (0.224)
TMO-2012h1 -2.929 (0.688) -2.911 (0.673) -3.441 (0.241) -3.517 (0.231) -3.489 (0.242)
VER-2005h1 -1.374 (0.338) -1.374 (0.338) -1.309 (0.304) -1.323 (0.304) -1.311 (0.309)
VER-2005h2 -1.138 (0.577) -1.138 (0.576) -1.642 (0.317) -1.625 (0.293) -1.621 (0.298)
VER-2006h1 -1.155 (0.603) -1.156 (0.602) -1.687 (0.312) -1.668 (0.281) -1.662 (0.285)
VER-2006h2 -1.420 (0.610) -1.421 (0.609) -1.957 (0.313) -1.935 (0.278) -1.932 (0.285)
VER-2007h1 -1.524 (0.606) -1.524 (0.605) -2.061 (0.314) -2.039 (0.276) -2.036 (0.285)
VER-2007h2 -1.754 (0.591) -1.755 (0.590) -2.288 (0.337) -2.266 (0.298) -2.262 (0.307)
VER-2008h1 -1.824 (0.575) -1.825 (0.574) -2.355 (0.353) -2.334 (0.312) -2.329 (0.321)
VER-2008h2 -2.035 (0.547) -2.036 (0.546) -2.559 (0.390) -2.539 (0.348) -2.532 (0.357)
VER-2009h1 -2.244 (0.547) -2.245 (0.546) -2.767 (0.394) -2.747 (0.352) -2.740 (0.360)
VER-2009h2 -2.517 (0.536) -2.518 (0.535) -3.037 (0.405) -3.018 (0.363) -3.010 (0.370)
VER-2010h1 -2.553 (0.560) -2.554 (0.559) -3.080 (0.372) -3.059 (0.330) -3.053 (0.339)
VER-2010h2 -2.869 (0.547) -2.870 (0.546) -3.392 (0.390) -3.372 (0.348) -3.365 (0.356)
VER-2011h1 -3.160 (0.532) -3.161 (0.531) -3.679 (0.409) -3.660 (0.367) -3.652 (0.375)
VER-2011h2 -3.358 (0.516) -3.358 (0.515) -3.872 (0.436) -3.854 (0.395) -3.844 (0.401)
VER-2012h1 -3.680 (0.507) -3.663 (0.491) -4.144 (0.457) -4.231 (0.462) -4.189 (0.469)

Notes: In specification (5), consumers initially hold the outside option and believe that, after T , quality and prices evolve according to
an AR(1) process with correlated random innovations; specification (6) uses uncorrelated random innovations instead. In specification
(7), quality and prices before t = 1 and after t = T evolve according to an AR(1) process without innovations. Specification (8) adds
correlated innovations to those AR(1) processes; in specification (9) innovations are uncorrelated.
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B.4 Results for alternative sets of instrumental variables

Table 20 reports estimation results for three specifications of the one-type dynamic demand

model. Specification (1) employs all the instrumental variables from Section 5. Specification

(2) uses total number (IV1), average age (IV2), and consumer satisfaction (IV3) by products

of competitors. Specification (3) includes IV2 and IV3 only. The overidentifying restrictions

test does not reject any of the specifications in Table 3, and all parameter estimates are

significant at the 1-percent level. Due to the relatively large standard errors, the t-test rejects

statistically significant differences in the parameter estimates across the various specifications.

Specifically, the t-statistic for the difference between (1) and (2) has a p-value of 0.69; when

comparing (1) vs. (3) and (2) vs. (3), the p-values are 0.42 and 0.65, respectively.30 As

discussed in the main text, we elected to use specification (3) as our main specification

because it is the one that gives rise to the smallest share of products with negative marginal

cost estimates (see Section 7.2).

Table 20: Second-stage optimal GMM parameter estimates and elasticity predictions

parameter
estimates

(1) (2) (3)

price coefficient, αp -5.428 -6.466 -8.163
(s.e.) (1.496) (2.155) (3.014)
carrier-time fixed effects yes yes yes
handset fixed effects yes yes yes

service fee elasticity

average -1.973 -2.350 -2.967
median -2.017 -2.403 -3.033
standard deviation 0.557 0.663 0.838

handset price elasticity

average -0.350 -0.416 -0.524
median -0.274 -0.326 -0.410
standard deviation 0.270 0.321 0.404
Hansen’s J-stat 3.033 2.164 0.841
(p-value) (0.386) (0.339) (0.359)

Notes: (1) employs IV1–IV4; (2) uses IV1–IV3; (3) uses IV2 and IV3.

Figures 10 and 11 reports histograms for service fee and handset own price elasticities

for specifications (1) and (2), respectively. Naturally, those specifications give rise to lower

elasticities (in absolute value) due to the lower price-coefficient estimate.

Tables 21 and 22 report results for our partial-equilibrium counterfactual simulations for

specifications (1) and (2) of the one-type model. (See the first paragraph of Section 7.1 for a

description of what each counterfactual simulation does.) Relative to our main specification,

30The t-test is computed assuming zero covariance between the coefficients.
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Figure 10: Distribution of own price elasticity for all products, specification (1)
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Figure 11: Distribution of own price elasticity for all products, specification (2)
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due to the lower price-coefficient estimates, specifications (1) and (2) suggest smaller consumer

welfare gains (compare Tables 21 and 22 to Table 6).

Table 23 reports the compensating changes in service fees that would offset the consumer-

surplus gains from ETF elimination for all three specifications of the one-type model. Since the

price-coefficient estimate is lower for specifications (1) and (2) than for our main specification

(3), the compensating service fee increase is higher.
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Table 21: Changes in consumer welfare and market shares, one-type model (1)

counterfactual scenario mean p50 min max sd

ETFs handset change in value functions
No purchased at obs. prices 0.44 0.43 0.39 0.55 0.03
No purchased at new prices 0.27 0.26 0.20 0.38 0.03
No rented 0.66 0.64 0.59 0.78 0.03
Yes rented 0.12 0.12 0.10 0.13 0.01

ETFs handset change in market shares
No purchased at obs. prices 0.35 0.33 -0.59 1.27 0.21
No purchased at new prices 0.49 0.50 -0.74 2.14 0.37
No rented 0.50 0.36 -0.72 7.11 0.57
Yes rented 0.19 0.09 -0.45 3.38 0.36

Notes: Service fees are held fixed; changes are percentage changes relative to the factual outcome.

Table 22: Changes in consumer welfare and market shares, one-type model (2)

counterfactual scenario mean p50 min max sd

ETFs handset change in value functions
No purchased at obs. prices 0.56 0.54 0.49 0.70 0.04
No purchased at new prices 0.34 0.33 0.26 0.48 0.03
No rented 0.84 0.82 0.74 1.01 0.04
Yes rented 0.14 0.14 0.12 0.16 0.01

ETFs handset change in market shares
No purchased at obs. prices 0.40 0.37 -0.67 1.60 0.27
No purchased at new prices 0.55 0.56 -0.81 2.75 0.46
No rented 0.57 0.39 -0.79 10.40 0.74
Yes rented 0.23 0.10 -0.51 4.77 0.47

Notes: Service fees are held fixed; changes are percentage changes relative to the factual outcome.

Table 23: Change in service fees offsetting consumer gains from ETF elimination, %

type of compensating change
spec.(3) spec.(2) spec.(1)

αp = −8.16 αp = −6.47 αp = −5.43

increase in service fees at obs. h-set prices 42.59 43.09 43.38
increase in service fees at new h-set prices 31.70 31.36 31.12

Notes: Offsetting price increase is computed such that the difference between consumer value functions
before the ETF elimination and consumer value functions after the ETF elimination with corresponding
proportional change in service fees is zero on average.
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B.5 Partial equilibrium counterfactuals for the four-type model

Table 24 reports results for our partial-equilibrium counterfactual simulations for the four-type

model. (See the first paragraph of Section 7.1 for a description of what each counterfactual

simulation does.) Relative to the one-type model, the four-type model, due to its slightly

higher estimated price sensitivity, suggests larger gains in each of the counterfactual scenarios

(compare Tables 6 and 24).

Table 24: Changes in consumer welfare and market shares, four-type model

counterfactual scenario mean p50 min max sd

ETFs handset change in value functions
No purchased at obs. prices 0.90 1.05 0.22 1.86 0.39
No purchased at new prices 0.58 0.69 0.15 1.29 0.26
No rented 1.41 1.69 0.30 2.98 0.64
Yes rented 0.22 0.26 0.08 0.35 0.09

ETFs handset change in market shares
No purchased at obs. prices 0.81 0.51 -0.84 10.74 1.09
No purchased at new prices 1.01 0.51 -0.95 20.64 1.60
No rented 1.48 0.46 -0.93 235.87 3.89
Yes rented 0.56 0.15 -0.71 41.96 1.56

Notes: Service fees are held fixed; changes are percentage changes relative to the factual outcome.
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