
American Economic Journal: Applied Economics 2020, 12(4): 196–223 
https://doi.org/10.1257/app.20180422

196

Healthcare Demand under Simple Prices: Evidence from 
Tiered Hospital Networks†

By Elena Prager*

This paper shows that consumers respond to prices for complex 
healthcare when they can easily assess out-of-pocket prices. 
Healthcare cost containment efforts increasingly incentivize price 
shopping despite a dearth of evidence that this steers consumers 
toward lower-priced care for major medical services. I show that 
consumers shift toward lower-priced hospitals in the highly simplified 
price information environment of insurance plans with tiered hospi-
tal networks. Consumers observe a single predictable, well-defined 
price that applies to a broad range of services within each of at most 
three hospital tiers. Within three years, expected partial-equilibrium 
savings reach 8–17 percent of baseline spending. (JEL G22, H75, 
I11, I13)

Many healthcare services are not amenable to price shopping. Even with today’s 
price transparency tools, information search costs for consumers remain high, 

and insurance rarely exposes consumers to marginal price differences for expensive 
care. Despite evidence of price shopping for relatively simple healthcare services 
such as imaging and lab tests, researchers remain skeptical that it can work for more 
complex care.1

This paper shows empirically that consumers can be incentivized to choose 
among alternatives based on price even for complex and expensive care. I focus 
on inpatient care, which consists of major medical interventions requiring an 
overnight stay in the hospital. In a setting where out-of-pocket prices are clearly 
stated, predictable, and simple to understand, I find that consumers substitute toward 
hospitals for which they face lower out-of-pocket prices. The estimated average 
elasticity of demand is in the range of ​− 0.04​ to ​− 0.16​. While fairly inelastic in 

1 See, e.g., Whaley et al. (2014); Whaley, Guo, and Brown (2017); Desai et al. (2016); Desai et al. (2017).
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an absolute sense,2 this range shows that consumers are willing to make decisions 
based on price even for inpatient care, contrary to claims in the literature.

This price responsiveness is contingent on the simplicity of the information envi-
ronment faced by consumers. My main estimation sample consists of consumers 
enrolled in plans with tiered provider networks, which dramatically lower the search 
cost for information about out-of-pocket prices relative to typical plan designs. 
Consumers in these tiered-network plans can perfectly forecast their out-of-pocket 
price for a hospital inpatient admission, irrespective of the quantity of care they end 
up receiving or the negotiated prices between the hospital and their insurer. In typi-
cal settings studied in the literature, the out-of-pocket price depends on the precise 
bundle of services the consumer ends up receiving after being admitted to the hos-
pital, the insurer’s negotiated prices for each of those services, and the consumer’s 
prior out-of-pocket spending. These features contribute to the widely espoused view 
is that inpatient care “is not generally amenable to price shopping” (Desai et  al. 
2017), a view that is supported by a preponderance of evidence (Brot-Goldberg 
et al. 2017; Desai et al. 2016; Desai et al. 2017; Lieber 2017; Whaley et al. 2014; 
Whaley, Guo, and Brown 2017).

To check whether the price responsiveness I find can be replicated in a more 
complex information environment, I also estimate a demand model on a sample 
of patients in otherwise similar insurance plans that do not use tiered networks to 
set out-of-pocket prices. These plans instead use coinsurance, which calculates the 
out-of-pocket price as a fixed percentage of the total price of a hospital admission; 
the percentage is observable to the consumer, but the total price is difficult to fore-
cast accurately. In these plans, I find no evidence of price responsiveness. These 
findings suggest that consumers’ frequent failure to price shop for healthcare may 
be a result of the complexity of the information environment surrounding healthcare 
decisions rather than an inherent price insensitivity that is peculiar to healthcare.

To answer the main question of how consumers respond to simple out-of-pocket 
prices for inpatient care, I estimate a discrete choice model of demand for hospi-
tals. I use a plausibly exogenous transition of a large plan from a traditional to a 
tiered network and consumer inertia in insurance plan choices to address the poten-
tial endogeneity between plan choice and out-of-pocket hospital price. My empir-
ical strategy and identification rely on comprehensive data on the private health 
insurance market in Massachusetts. I combine data on healthcare utilization and 
health insurance enrollment from the 2009–2012 Massachusetts All-Payer Claims 
Database (APCD); data on insurance plan characteristics and enrollment from the 
Massachusetts Group Insurance Commission (GIC); and novel, hand-collected 
longitudinal data on Massachusetts insurers’ hospital tiers. I use the longitudinal 
tiered-network data to cleanly identify a price coefficient in hospital demand, which 
is typically impeded by a lack of data on provider networks and out-of-pocket prices 
(Gaynor, Ho, and Town 2015).

This paper is related to a large literature on health insurance design and its 
relationship to healthcare demand. The paper contributes to the literature on the 

2 This range is less elastic than in the literature on the extensive-margin elasticity of demand for healthcare 
(Manning et al. 1987; Chandra, Gruber, and McKnight 2010; Trivedi, Moloo, and Mor 2010; Buntin et al. 2011).
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elasticity of demand for medical care by estimating substitution across hospitals in 
response to variation in out-of-pocket prices. There is a large literature measuring 
demand elasticity on the extensive margin of whether to purchase any healthcare, 
starting with the landmark estimates from the RAND Health Insurance Experiment.3 
Recent papers in the price transparency literature estimate the price elasticity of 
demand across healthcare providers in response to transparency in price differ-
ences borne directly by consumers (Whaley et al. 2014, Brot-Goldberg et al. 2017, 
Desai et al. 2016, Lieber 2017, Desai et al. 2017). This paper extends the findings 
from the price transparency literature by showing that patients can be incentivized 
to substitute toward lower-priced options when making decisions about complex, 
expensive care.4

The finding that consumers do indeed price shop in the setting of tiered networks 
suggests that the demand for healthcare, even high-stakes and complex inpatient 
care, is not inherently inelastic. Rather, healthcare may be a good like any other, one 
that consumers are willing to trade off against other spending if only they can make 
sense of its complex pricing.

From a policy perspective, this paper contributes to the debate about mecha-
nisms for containing rapidly rising healthcare costs (Frakt 2016). As health insur-
ance designs that expose consumers to out-of-pocket price variations become more 
widespread, understanding consumer response to price differences across health-
care providers is increasingly important. The study of tiered-network plans sheds 
light on policies aimed at containing healthcare costs through price transparency 
and other demand-side mechanisms that sensitize consumers to healthcare prices. 
The projected savings from price transparency have been estimated to be as high as 
$36 billion annually (Coluni 2012).

The paper proceeds as follows. Section I describes the data and empirical setting. 
Section  II details the empirical approach. Section  III presents the results and 
conducts spending simulations. Finally, Section IV concludes.

I.  Data and Empirical Setting

My empirical application is the private health insurance market in Massachusetts. 
The state’s largest insurers have substantial enrollment in plans using tiered net-
works, which provides identifying variation in tier prices and an ample sample size. 
The data are compiled from multiple sources. Data on healthcare utilization and 
health insurance enrollment come from the 2009–2012 Massachusetts All-Payer 
Claims Database (APCD); longitudinal data on hospitals’ placement in insurers’ 
tiered and narrow networks were hand-collected from insurers’ current and archived 

3 The landmark estimates of the elasticity of healthcare demand provided by the RAND Health Insurance 
Experiment are in the range of ​− 0.1​ to ​− 0.2​; more recent estimates for various classes of medical care generally 
fall in the same range (Manning et al. 1987; Chandra, Gruber, and McKnight 2010; Trivedi, Moloo, and Mor 2010; 
Buntin et al. 2011).

4 Gowrisankaran, Nevo, and Town (2015) and Ho and Pakes (2014) study inpatient provider choice under dif-
ferential pricing, but in their settings, consumers are responding to price via coinsurance or because their choices 
are mediated by physician referrals. There are also estimates from case studies of consumer response to price trans-
parency initiatives, but these are difficult to generalize because they usually involve a concerted patient information 
campaign that is not typical in other contexts (Desai et al. 2016).
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network lists; and data on insurance plans and choice sets are drawn from the 
employee benefit guides of the Massachusetts Group Insurance Commission (GIC).

A. Tiered-Network Plan Designs

My finding that consumers substitute toward lower-priced hospitals for inpa-
tient care contrasts with the existing literature that documents limited consumer 
responses to price transparency (Brot-Goldberg et al. 2017; Desai et al. 2016; Desai 
et  al. 2017; Lieber 2017; Whaley et  al. 2014; Whaley, Guo, and  Brown 2017). 
Several crucial features of my empirical setting help to explain these results. In 
the tiered hospital networks I study, out-of-pocket prices are remarkably clearly 
stated, predictable, and simple to understand. Providers are ranked based on price 
and placed into mutually exclusive groups, or tiers, that fully determine consumers’ 
out-of-pocket payment. This structure substantially simplifies the information envi-
ronment surrounding consumers’ healthcare consumption decisions.

In the settings studied in the prior literature, consumers must pay a search cost 
in order to obtain price information for each treatment or diagnosis (Whaley et al. 
2014, Brot-Goldberg et al. 2017, Desai et al. 2016, Lieber 2017). Online price search 
tools typically require consumers to navigate a series of menus and enter their plan 
information; enrollee identity; geographic location; and health condition, service, or 
physician type (Whaley et al. 2014, Sinaiko and Rosenthal 2016). In Lieber (2017), 
out-of-pocket price estimates are obtained by placing a phone call to a customer ser-
vice line and providing similar information. Many healthcare conditions necessitate 
complicated, multipart episodes of care for which consumers must add up a vector 
of prices to determine a total for the treatment, such as separate fees for the surgeon, 
the operating room, prescription drugs, and anesthesia. Indeed, Lieber (2017) finds 
that the price reductions obtained from a price search tool disappear for complicated 
episodes of care.5 Unforeseen complications that occur during treatment can make 
it impossible for consumers to determine the total price ex ante.

In the case of tiered networks, on the other hand, consumers can easily observe 
the out-of-pocket price associated with any hospitalization since it does not vary by 
diagnosis or treatment. Furthermore, that price is observed with certainty because 
the tiered networks in my setting use copays. A copay is an absolute dollar amount 
that does not vary with the total price of care paid by the insurer.6 In plans that do 
not use tiered networks, out-of-pocket price is often determined by coinsurance. 
Coinsurance is a fixed fraction of the overall hospital price, often ten or fifteen per-
cent. The percentage is known to the consumer, but the total price to which that 
percentage is applied is at best imperfectly observable for the reasons discussed 
above (Brot-Goldberg et al. 2017; Gowrisankaran, Nevo, and Town 2015). Online 
Appendix Figure A1b illustrates the ease with which a consumer can forecast her 
out-of-pocket price in a tiered network by simply learning the hospital’s tier. Online 

5 In particular, access to the price search tool does not lead to reductions in prices paid for patients receiving 
more than 15 procedures in a day.

6 In my empirical setting, consumers are exempt from inpatient copays after the fourth hospital admission in a 
single plan year, so their out-of-pocket price for the fifth and additional hospitalizations is zero. This is documented 
on the same page of the plan description that contains the copay amounts associated with each hospital tier.
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Appendix Figure A1a shows the additional uncertainty that would be faced by a 
consumer in a coinsurance plan due to the ex ante uncertainty over negotiated prices 
and the specifics of the treatment.

Further reducing information search costs for consumers, insurance plans in my 
setting provide their enrollees with a single document that lists the tiers associated 
with all the hospitals in the network. Insurers in this setting are required by regu-
lation to “clearly and conspicuously indicate” consumers’ out-of-pocket prices for 
each tier, so consumers need not sequentially search for the out-of-pocket price of 
each hospital or treatment in order to comparison shop. Insurers also publish lists 
of hospitals’ tier assignments each year, which can be easily accessed online for the 
current year. These lists include each hospital’s tier in a single document, so con-
sumers need not sequentially search for each hospital in order to comparison shop. 
A sample screenshot from the largest tiered-network plan in my data is provided in 
online Appendix Figure A4.

In addition, for the majority of consumers in tiered-network plans in my sample 
who are enrolled through a large employer group, the employer actively informs 
consumers of the structure of their plans. The employer group sends out newsletters, 
hosts health benefits fairs at multiple work sites, and circulates information directly 
through benefits coordinators (Sinaiko and Rosenthal 2014).7 Prior work within the 
same study population finds that half of these consumers are aware of tiering within 
their plan a year before the start of my sample period, and one quarter of consum-
ers learned their physician’s tier prior to their first physician office visit (Sinaiko 
and Rosenthal 2010). By contrast, a recent nationally representative survey finds 
that three quarters of consumers would not know where to begin searching for price 
information (Mehrotra et al. 2017).

Given the difficulty of accurately forecasting out-of-pocket prices under a typical 
price transparency scheme, it is perhaps not surprising that the literature has found 
only modest consumer responses to price transparency, and no response when care 
is sufficiently complex. Brot-Goldberg et al. (2017) find that switching consumers 
to a high-deductible health plan (HDHP), in which consumers face the full marginal 
price of their care until they meet their deductible, does not lead to a shift toward 
lower-priced providers even when consumers are given a price comparison tool. 
They find instead an across-the-board reduction in the quantity of care consumed.

The majority of studies that find any reductions in prices paid due to price search 
focus on non-inpatient care that is viewed as more conducive to price shopping: 
imaging services, lab tests, physician office visits, and certain common outpatient 
procedures. Desai et al. (2016) and Desai et al. (2017) find both low take-up of two 
different price look-up tools and negligible overall spending reductions from price 
shopping. The latter study finds these negligible overall savings in spite of 14 per-
cent price reductions for consumers who use the tool, reflecting the very low rates 
of search. Similarly, Whaley et al. (2014) find sizable reductions of 13–14 percent 
in prices paid by consumers who actively use the search tool, but low rates of search 
imply that expected overall savings from the tool are still below 1 percent. These 

7 Discussions with the employer group (the Massachusetts Group Insurance Commission) officials suggest that 
physicians give patients little additional information about out-of-pocket prices.
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studies exclude inpatient care from the analysis. A notable exception is Lieber 
(2017), who shows that price searching can substantially reduce out-of-pocket 
prices in a variety of care settings, but only for relatively uncomplicated episodes of 
care. In this paper, I show that consumers can be incentivized to price shop across 
hospitals even for the complex and expensive subset of care delivered in an inpatient 
setting.

B. Hospital Network Data

Using lists of hospital tier assignments published by the insurers, I have compiled 
a unique dataset tracking Massachusetts hospitals’ placements in several insurers’ 
tiered and narrow networks for the period 2009–2015. Network data were hand 
collected from insurers’ current and archived plan documentation, and cover both 
tiered and narrow networks.8 The key insurers of interest are Harvard Pilgrim Health 
Care and Tufts Health Plan, although other insurers are also included in the analy-
ses. These two insurers are the second- and third-largest in the state, with 20 percent 
and 14 percent of commercial enrollment, respectively (Massachusetts Center for 
Health Information and Analysis 2013).9

A map of Harvard Pilgrim’s and Tufts’ network tiers for 2012 (the most recent 
year for which claims data are available) is shown in online Appendix Figure A3. 
All Massachusetts hospitals are in-network for the insurers’ flagship tiered-network 
plans. Online Appendix Table A3 reports the distribution of hospitals across tiers 
for 2012, where tier  1 denotes the insurer’s most preferred tier with the low-
est out-of-pocket price, and tier 3 denotes the least preferred tier. The analysis is 
restricted to the state’s 61 general acute care hospitals, which have a total of 72 dis-
tinct campuses.10 Hospitals belonging to the same system are not necessarily in the 
same tier within an insurer. The merger and acquisition activity throughout the sam-
ple period does not affect tier assignments.11 Online Appendix Table A4 reports the 
distribution of hospital characteristics across tiers. Hospitals in the least preferred 
tier—tier 3—are disproportionately large. Academic medical centers (AMCs) are 
more commonly in tier 1 or tier 3 than in the middle tier. A non-negligible fraction 
of hospitals is found in each tier in both the Boston area and less urban parts of 
Massachusetts.

Tier placement in an insurer’s network is determined by the price negotiated by 
the insurer with a given hospital. Each insurer-hospital pair negotiates a price sched-
ule, which is a vector of prices for various treatments, and is collapsed to a base price 

8 For three of the insurers—Health New England, Neighborhood Health Plan, and UniCare—data on nar-
row networks were supplemented with data collected by the Group Insurance Commission (GIC), described in 
Section ID. I thank Cindy McGrath at the GIC for sharing these data for the early years in the sample.

9 The largest insurer in Massachusetts is Blue Cross Blue Shield (BCBS), with 45 percent of the commercial 
market (Massachusetts Center for Health Information and Analysis 2013). BCBS does not participate in the GIC 
market and is excluded from the analyses. Its tiered hospital network is studied by Frank et al. (2015).

10 Satellite campuses of hospitals are excluded from these summary statistics, but enter into the demand estima-
tion as separate choice alternatives to account for the fact that their location and available services can differ from 
the hospital’s primary campus.

11 Almost all the acquired hospitals are low-priced hospitals that begin in the most preferred tier.
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according to a formula set by the state of Massachusetts.12 The formula converts all 
hospitals’ prices to a comparable scale by accounting for cross-hospital variation in 
the complexity of diagnoses and treatments for each hospital’s patient population. 
Insurers then rank hospitals by their base prices and determine hospitals’ tiers based 
on those rankings.13 Online Appendix Figure A2 shows the relationship between 
prices and tiers for a representative network. In principle, insurers can use quality 
metrics in addition to price in setting hospital tiers.14 However, I find that in prac-
tice, including hospital quality measures does not change hospitals’ tier assignments 
relative to a baseline of using price alone. Discussions with the provider contracting 
divisions of several Massachusetts insurers indicate that this is an accurate represen-
tation of their network design.

C. Medical Claims and Hospital Price Data

Medical claims data are drawn from the Massachusetts Center for Health 
Information and Analysis’ (CHIA) All-Payer Claims Database (APCD) 
(Massachusetts Center for Health Information and Analysis 2014). The APCD con-
sists of comprehensive data on interactions with the healthcare system of all individ-
uals with private insurance in Massachusetts during 2009–2012.

The APCD includes detailed information on physician visits, outpatient hospital 
visits, inpatient hospital admissions, and prescription drugs. The data also include 
patient demographic information such as gender, date of birth, and five-digit zip 
code of residence. I match patients to zip-code-level demographic characteristics 
from the US Census Bureau and use the patient address information to calculate 
driving distance from patients to hospitals. The APCD allows me to track patients 
across years, and often across insurers, using longitudinal patient identifiers.

The analysis focuses on inpatient hospital admissions. Summary statistics for 
the sample of admissions are reported in online Appendix Table A1. The APCD 
is supplemented with hospital characteristics data from the American Hospital 
Association Annual Survey Database; hospital quality data from the Centers for 
Medicare and Medicaid Services Hospital Compare database; and hospital financial 
and casemix data from state public use files published by CHIA. Additional data 
preparation steps are described in the online Appendix.

The APCD reports several key price variables, including allowed amounts. 
Allowed amounts are actual transaction prices paid to healthcare providers, and they 
are critical to studying the spending effects of insurance plan design. In addition 
to amounts paid by insurers, the APCD separately reports patients’ out-of-pocket 
payments for care, a key identifying variable in estimating hospital demand in 

12 This base price is a casemix-deflated average price paid to the hospital for treating the insurer’s patients. 
The state’s price adjustment formula uses 3M’s All Patient Refined Diagnosis Related Groups (APR-DRGs) for 
the casemix adjustment (Commonwealth of Massachusetts Act of 2010, Ch. 288; Massachusetts Center for Health 
Information and Analysis 2015b).

13 Some insurers make further adjustments to the assigned tiers based on hospitals’ geographic isolation or 
negotiated prices with the hospital system’s affiliated physician groups. However, such adjustments are gener-
ally minimal, affecting 0–13 percent of hospitals in an insurer’s network and only two of the hospitals in online 
Appendix Figure A2.

14 Commonwealth of Massachusetts Act of 2010, Ch. 288.	
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tiered-network plans. The healthcare utilization data from the APCD are used to 
estimate hospital demand in conjunction with the hospital network data described 
above.

D. Insurance Plan Data

Data on health insurance plans are drawn from the Massachusetts Group 
Insurance Commission (GIC) for the subset of consumers in the APCD who are 
insured through the GIC.15 The GIC is the benefits administrator for the state, some 
municipalities, and additional public employers. It insures 300,000–350,000 people 
per year during my sample period, consisting of GIC-covered employees, retirees, 
and their dependents. The GIC was an early adopter of tiered provider networks, 
introducing its first tiered hospital network plan in 2003 and rolling out tiered phy-
sician networks in 2006 (Group Insurance Commission 2008, 2009). My sample 
of GIC enrollees observed in the APCD includes approximately 90,000 employees 
and 120,000 dependents. In addition to the GIC plans, some analyses include other 
employer plans that are observed in the APCD to use coinsurance or tiered networks 
with copays for setting out-of-pocket prices for inpatient hospital admissions; these 
are further described in Section III.

Six insurers offer a total of eleven plans through the GIC, some of which use 
tiered networks and some of which use narrow networks (Table 1). GIC plans use 
copays, which are fixed dollar amounts paid out of pocket by consumers when they 
use healthcare. For example, inpatient copays in the Harvard Pilgrim Independence 
plan start at a flat $300 per admission in fiscal year 2009, move to a tiered structure 
of $250, $500, and $750 copays across the three hospital tiers in 2010, and increase 
to $275, $500, and $1,500 in 2016. Prior to the tiering introduced in the 2010 plan 
year, the information structure of the plan was identical: consumers could easily 
observe the fixed copay that would apply to any inpatient admission at any hospital.

The key insurers of interest in this paper, Harvard Pilgrim and Tufts, each offer 
two plans through the GIC, one using a broad tiered hospital network and the 
other using a narrow version of their tiered network. The narrow-network plans 
were introduced in July 2010, and are studied extensively in Gruber and McKnight 
(2016). The broad tiered-network plans by Harvard Pilgrim and Tufts have the two 
highest market shares among employees insured through the GIC, with a combined 
share ranging from 49 to 59 percent of employee enrollees throughout the sample 
period. Additional information about GIC enrollees and insurance plans, including 
enrollee demographics, is presented in the online Appendix.

Of the seven plans offered by other insurers, only one (UniCare) uses a tiered 
hospital network, and this plan has less than 10  percent market share. UniCare 
does not contribute data to the APCD, so its enrollees are excluded from the anal-
yses. During the sample period, Tufts’ tiered plans offered through the GIC use 
separate hospital tiers for pediatric, obstetric, and general care. Its contemporane-
ous non-GIC tiered plans use standard tiering at the hospital level irrespective of 

15 I am grateful to GIC Budget Director Catherine Moore for detailed information on the institutional setting 
and goals of the GIC.
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diagnostic category. By mid-2014, Tufts discontinued tiering by diagnostic category 
altogether due to complaints about the complexity from providers and consumers.

The GIC plan data are used for identification of the copay coefficient in the hos-
pital demand model. To address the potential endogeneity from selection into plans 
with low copays for the consumer’s preferred hospital, I leverage consumers’ high 
level of inertia in plan choices. When consumers first enroll in insurance, they are in 
an active-choice setting and may consider copays for their preferred hospitals when 
choosing a plan. However, due to inertia in plan enrollment, over time a consumer’s 
plan characteristics increasingly approximate random assignment. I leverage this 
inertia by using the evolution of the hospital’s copay from the first year that a house-
hold enrolled in its current plan to deal with the endogeneity of the current copay. 
Information about past characteristics of GIC plans, in some cases prior to the start 
of the APCD claims data, allows me to operationalize this empirical strategy.

II.  Hospital Demand Estimation

If healthcare is different from most other goods in that healthcare demand is 
inherently inelastic, then consumers will not respond to tiered networks by substitut-
ing toward hospitals with lower copays. If, on the other hand, consumers are willing 
to price shop for healthcare but are typically stymied by the complexity and unpre-
dictability of prices, then tiered networks will steer consumers toward lower-copay 
hospitals. To distinguish between these possibilities, I estimate a discrete choice 
model of hospital demand using approximately 30,000 inpatient hospital admissions 
of nonelderly, privately insured patients in Massachusetts between 2009 and 2012.

A. Estimation

Consumers who become sufficiently sick to require hospitalization choose 
a hospital at which to receive medical care. For consumer ​i​ enrolled in health 
insurance plan ​m​, the set of available hospitals ​h​ and their associated out-of-pocket 
prices ​​c​m h​​​ are determined by the plan’s hospital network. Among these hospitals, 
the consumer chooses a hospital to maximize her utility, which depends on the 

Table 1—Plans Available on the GIC

Plan name Tiered Narrow Copays ($)

Fallon Direct Yes 200
Fallon Select 250
Harvard Pilgrim Independence Yes 250 / 500 / 750
Harvard Pilgrim Primary Choice Yes Yes 250 / 500 / —
Health New England Yes 250
Neighborhood Health Plan Yes 250
Tufts Navigator Yes 300 / 700 / 700
Tufts Spirit Yes Yes 300 / 700 / —
UniCare Basic 200
UniCare Community Choice Yes 250 / 500 / 750
UniCare PLUS 250

Notes: Hospital network structures of GIC plans for fiscal year 2011 (July 2010–June 2011). 
Copays are for hospital inpatient services across tiers 1 / 2 / 3, respectively.
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consumer’s characteristics, the hospital’s characteristics, and the out-of-pocket price 
in her health plan. For consumer ​i​ enrolled in plan ​m​ who is sick with diagnosis ​d​, 
utility from seeking treatment at hospital ​h​ is given by

(1)	 ​​u​mhid​​  =  − ​α​i​​ ​c​mh​​ + β ​x​hid​​ + ​ε​mhid​​​ ,

where ​​c​mh​​​ is the copay for treatment at hospital ​h​ under plan ​m​; ​​α​i​​​ is the consumer’s 
out-of-pocket price sensitivity; ​​x​hid​​​ is a vector of patient, illness, and hospital 
characteristics and their interactions, including hospital fixed effects; ​β​ is the 
associated coefficient vector; and ​​ε​mhid​​​ is an idiosyncratic error term that is i.i.d.  
type  1 extreme value. The key parameter of interest is demand sensitivity to 
out-of-pocket price ​​α​i​​​ . The empirical specification includes an interaction term 
between copay ​​c​mh​​​ and the median household income in the consumer’s zip 
code. Thus, the baseline out-of-pocket price coefficient ​​α​i​​​ measures price sensi-
tivity for a consumer living in a median-income zip code, while the coefficient 
on the interaction between copay and income allows price sensitivity to vary  
by income.

Patient and hospital characteristics in ​​x​hid​​​ include patient demographics, 
diagnosis  category, hospital characteristics, hospital fixed effects, past use of the 
hospital, and distance. Distance is an important determinant of hospital choice (Kessler 
and McClellan 2000; Town and Vistnes 2001; Capps, Dranove, and Satterthwaite 
2003). The demand model uses driving distance from the centroid of the patient’s 
zip code to the hospital’s street address and the square of the distance.16 A dummy 
variable for past use of the hospital captures established relationships between 
patients and healthcare providers, following Shepard (2014). Patient demographics 
such as age and gender are also included.

Hospital characteristics include teaching status, number of beds, an indicator for 
satellite campuses, and hospital quality. Quality is measured as perceived by patients 
using the Hospital Consumer Assessment of Healthcare Providers and Systems 
(HCAHPS).17 Compared to previous work on hospital choice, these measures 
allow less of the preference heterogeneity to be loaded onto hospital fixed effects. 
Summary statistics for the sample of admissions are shown in online Appendix 
Table A1.

I assign each admission to a diagnostic category and severity level using the 
Clinical Classifications Software (CCS) from the Agency for Healthcare Research 
and Quality. The CCS classifies diagnoses into approximately 300 mutually exclu-
sive groups, which are further aggregated into eighteen broader categories. The CCS 
diagnostic categories and their sample prevalence are described in online Appendix 
Table A2. The model allows hospital choice to vary according to the hospital’s avail-
ability of specialized services corresponding to the patient’s diagnosis by including 

16 Calculated using Bing Maps driving directions.
17 The HCAHPS is a third-party national survey of patients that asks about their hospital experience, including 

responsiveness of medical staff, cleanliness, pain control, and overall rating (Centers for Medicare and Medicaid 
Services 2014). The HCAHPS scores capture patients’ perceptions of hospital quality and are highly correlated 
with other hospital reputation measures such as US News & World Report rankings.
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relevant interaction terms.18 In particular, I include: cardiac CCS interacted with 
catheterization lab; obstetric CCS interacted with neonatal intensive care unit; 
nervous, circulatory, and musculoskeletal CCS interacted with MRI; and nervous 
system CCS interacted with neurological services.

This parameterization of hospital choice has several implications. The multino-
mial logit structure implies the independence of irrelevant alternatives (IIA) prop-
erty of demand, which I mitigate by including detailed data at the consumer-hospital 
level, such as driving distance and interactions between diagnosis and hospital 
facilities. The model also treats choice of hospital as a composite measure of the 
patient’s preferences and other factors. Hospital choice may be mediated by unob-
served factors, notably referrals by the patient’s physician (Kolstad and Chernew 
2009, Ho and Pakes 2014). In this paper, the goal is to estimate the ultimate effect 
of tiered networks on market outcomes, so I treat the observed choice of hospital 
as the quantity of interest irrespective of the physician’s influence on the decision. 
If consumers are inferring higher quality from higher out-of-pocket prices, this will 
bias my estimate of out-of-pocket price sensitivity toward the null.

Conditional on a diagnosis and a set of out-of-pocket prices, consumers choose a 
hospital to maximize utility as a function of all the choice variables just described. 
Because the error ​​ε​mhid​​​ is assumed i.i.d. type  1 extreme value, the consumer’s 
probability ​​σ​mhid​​​ of choosing hospital ​h​ under plan ​m​ and diagnosis ​d​ is

(2)	 ​​σ​mhid​​  = ​ 
exp​(− ​α​i​​ ​c​mh​​ + β ​x​hid​​)​

  _________________________   
​∑ h′∈​H​m​​​ 

 
  ​​ exp​(− ​α​i​​ ​c​mh′​​ + β ​x​h′id​​)​

 ​ ,​

where ​​H​m​​​ eneumerates the set of hospitals in plan m’s network. This probability is 
used to estimate the demand model using maximum likelihood.

B. Identification

Identification of the hospital choice model relies on cross-sectional and longitu-
dinal variation in hospital networks in addition to differences in hospital and patient 
characteristics. The model includes hospital fixed effects, so identification comes 
from within-hospital variation across plans, patients, and years. For example, a 
patient’s distance to the hospital and match quality between diagnosis and hospi-
tal characteristics vary across admissions. Hospital choice sets vary across plans, 
with some networks including all hospitals in the state and others using narrow 
networks. Additional regressions using more detailed fixed effects specifications 
further decompose the sources of variation.

Identifying variation for the coefficient of interest on out-of-pocket price comes 
from three sources. First, due to differences in negotiated prices, hospitals’ tiers 
vary across insurers. The left panel of Table 2 shows the contemporaneous vari-
ation in hospital tiers across Harvard Pilgrim’s and Tufts’ tiered networks. Each 
cell ​​(i, j)​​ denotes the percentage of hospitals, among those in Harvard Pilgrim’s 

18 Facilities data are drawn from the American Hospital Association Annual Survey of Hospitals.
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row ​i​ tier, that are in Tufts’ column ​j​ tier in the same year. Although some hospitals 
consistently occupy high or low tiers, half (49 percent) are in different tiers across 
the two insurers. Of those, one-fifth (10 percent of the total) are in the most pre-
ferred tier for one insurer and the least preferred tier for the other.

Hospitals also change tiers within an insurer’s network over time as price con-
tracts are renegotiated.19 The right panel of Table  2 shows the transition matrix 
of hospitals’ tiers over time within the same insurer. Each cell ​​(i, j)​​ denotes the 
percentage of hospitals starting in the row ​i​ tier in 2010 that have moved to the 
column ​j​ tier by 2014.20 Hospitals move across tiers in both directions; this move-
ment is typically not consistent across insurers. Depending on the tier in the baseline 
year, 27–36 percent of hospitals in an insurer’s tiered network switch tiers by the 
end of the sample period. The majority of tier shifts are movements to an adjacent 
tier; there is little movement between tiers 1 and 3.

Finally, within a year, there is variation in out-of-pocket price arrangements 
across plans in the sample. For example, Harvard Pilgrim offers plans with copays 
for tiers 1, 2, and 3 of $250, $500, and $750, respectively; it also offers plans with 
copays of $300, $300, and $700. In both cases, the identity of hospitals in each tier 
is unchanged within an insurer-year, but the associated copay structure varies across 
plans. Among high-enrollment plans, the largest out-of-pocket price differences 
across tiers are in Tufts plans with copays of $250, $750, and $1,500 across hos-
pitals in tiers 1, 2, and 3. The inclusion of non-GIC tiered-network plans provides 
additional identifying variation in copays that helps to identify the price coefficient. 
The combination of cross-sectional variation in hospital tiers across insurers, vari-
ation over time within an insurer, and variation in copays across plans within an 
insurer-year is used to estimate hospital demand.

Hospital copays may be endogenous to hospital choice if, in addition to being 
a function of negotiated price as described in Section  IB, tiers are a function of 
hospital quality or prestige. In supplementary analyses, I find no evidence that 
hospital quality plays a role in determining tier assignments beyond its effect on 
price negotiations between insurers and hospitals. After accounting for negotiated 
prices, neither hospital quality metrics nor consumer preferences have any remain-
ing explanatory power for tier assignments.21 This is unsurprising in light of the 

19 By law, tier assignments can change at most annually (Commonwealth of Massachusetts Act of 2010, Ch. 
288).

20 A handful of hospitals move out of and then back into their initial tier during the sample period.
21 Detailed results available from the author upon request.

Table 2—Variation in Hospital Tiers

Across insurers Over time within insurer

HPHC \ Tufts Tier 1 Tier 2 Tier 3 From \ To Tier 1 Tier 2 Tier 3

Tier 1 81.0% 5.0% 14.0% Tier 1 68.2% 25.8% 6.1%
Tier 2 67.0% 9.6% 23.4% Tier 2 31.8% 63.6% 4.5%
Tier 3 23.1% 7.7% 69.2% Tier 3 3.0% 24.2% 72.7%

Notes: Left panel: Fraction of hospitals in HPHC’s tier (rows) that are in Tufts’ tier (columns) 
in the same year. Right panel: Fraction of hospitals transitioning from row tier in 2010 to 
column tier in 2014. Satellite campuses are excluded.
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documented convergence of hospital quality scores over time and the fact that 
Massachusetts legislates a formula for mapping prices directly into networks, which 
serves as a focal point for insurers.22 Even if tier assignments are not determined 
by hospital quality, there may be an endogeneity problem if consumers nonetheless 
perceive tier assignment as a signal of quality. In a national survey, Mehrotra et al. 
(2017) find that a large majority of consumers do not believe that prices reflect qual-
ity differences across providers. Nonetheless, the demand model includes HCAHPS 
quality measures and hospital fixed effects to mitigate endogeneity concerns. If con-
sumers’ inferences from copays vary systematically over time, this may still bias the 
demand estimates.

Another potential source of endogeneity arises from the relationship between 
plan enrollment decisions and hospital choices. If insurers set tiers as a function 
of unobservable enrollee characteristics that are also correlated with the enrollees’ 
hospital choices, this would bias the coefficient on copays. Alternatively, if consum-
ers are taking their preferences over hospitals into account when choosing a plan, 
then the copays in their chosen plans will not be exogenous (Shepard 2016). For 
example, a consumer who places high value on treatment at Massachusetts General 
Hospital (MGH) for unobservable reasons such as a strong preference for academic 
hospitals may enroll in plans that cover MGH at a low out-of-pocket price. The 
copays faced by consumers in the hospital demand stage, ​​c​mh​​​, may therefore be 
correlated with the error term ​​ε​mhid​​​. Such sorting would bias the estimate of price 
sensitivity away from the null in the direction of a more negative coefficient than the 
true price sensitivity.

To address the potential endogeneity from correlated plan and hospital choices, I 
leverage inertia in plan choices. Intuitively, the identification strategy uses consum-
ers’ past plan choices to deal with endogeneity in current plan characteristics. The 
identifying assumption is that, conditional on current plan copays and preferences 
over hospitals, consumers do not anticipate future network or copay changes. When 
consumers first enroll in insurance through the GIC, they are in an active-choice 
setting and may consider copays for their preferred hospitals when choosing a plan. 
In subsequent enrollment periods, although premiums and plan characteristics 
change, most consumers remain in the same plan without reevaluating their choice 
sets.

Over time, an inertial consumer’s plan characteristics increasingly approximate 
random assignment. I use the hospital’s contemporaneous copay in the plan in which 
a household first enrolled to deal with the endogeneity in the current copay. To the 
extent that non-inertial consumers reoptimize their plan enrollments over time in 
response to changes in copays, instrumenting with copays in their initial chosen 
plan helps to deal with these enrollment changes. The identifying assumption would 
be violated if, for example, consumers were aware that the insurer intended to raise 
copays in the future, prior to the publication of those future plan characteristics, and 
made their initial enrollment decision based on the anticipated future copays. An 

22 Commonwealth of Massachusetts Act of 2010, Ch. 288.	
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analogous approach is employed by Abaluck, Gruber, and Swanson (2018) in the 
context of pharmaceutical coverage choice.

The use of previous plan choices to identify the effect of current copays is only 
justified if there is, indeed, a high degree of inertia in plan choice. Table 3 reports 
the fraction of consumers enrolled in each GIC plan in enrollment year 2010 who 
remained in the same plan in 2011.23 Despite the introduction of two new plans 
in 2011, 92 percent of 2010 enrollees remain in the same plan. In 2010, Harvard 
Pilgrim’s Independence plan switched from a standard network with flat $300 
copays to a tiered hospital network for the first time, with copays of $250, $500, and 
$750 (Table 1). In spite of this substantial change, more than 90 percent of enrollees 
remained. These patterns are consistent with the literature showing that consumers 
fail to reoptimize their plan choices over time (Handel 2013; Ericson 2014; Shepard 
2016). Combined with these findings, the observed inertia motivates the identifi-
cation strategy. Given this high degree of inertia, the variation in a hospital’s tiers 
within an insurer’s network over time is, among the three key sources of variation 
described above, least susceptible to issues of hospital tiers being endogenous to 
hospital choices.

Since hospital choice is not linear in the endogenous variable (copay), the stan-
dard IV approach of substituting predicted values of the endogenous regressor into 
the second-stage equation would induce bias (Terza, Basu, and  Rathouz 2008). 
Instead, I employ a control function approach, which corrects for the correlation 
between copays ​​c​mh​​​ and the error term ​​ε​mhid​​​ by approximating the component of the 
error that is correlated with copays and including it as a separate regressor (Petrin 
and Train 2010). In practice, the endogenous variable is regressed on the exogenous 
variables and the “instrument,” and the residuals from this first-stage regression 
enter into the nonlinear second-stage model. This approach requires an exclusion 
restriction analogous to standard IV methods; namely, that the “instrument” affects 
hospital choice only through its effect on copay. Under this assumption, there exists 
some function of the first-stage residuals that produces consistent coefficient esti-
mates (Wooldridge 2010). Because the true functional form is unknown, I allow 
the first-stage residuals to enter flexibly into the hospital choice model using up 

23 The GIC’s enrollment periods coincide with its fiscal years, which begin on July 1 of the preceding calendar 
and end on June 30.

Table 3—Plan Enrollment Inertia on GIC, Fiscal Years 2010–2011

Plan 2010 enrollment 2011 enrollment % Inertial

Fallon Direct 3,034 3,913 88.40
Fallon Select 8,109 10,019 91.92
Harvard Pilgrim Independence 70,131 73,486 92.61
Health New England 20,779 21,482 87.43
Neighborhood Health Plan 2,759 3,616 93.33
Tufts Navigator 82,747 85,292 93.39
Mean across plans (weighted) 92.29

Notes: Percent of GIC enrollees remaining in their plans. Two new plans were introduced in 
2011 (not shown). Plan enrollments are highly inertial even following a shock to the choice set. 
This inertia helps to identify the hospital demand model.
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to a fifth-degree polynomial expansion.24 The control function leveraging the high 
degree of plan choice inertia allows me to obtain a consistent estimate of price 
sensitivity in a nonlinear setting.

III.  Results

Estimates from the multinomial logit hospital choice model are shown in  
Table 4. The sample consists of approximately 30,000 inpatient hospital admissions 
of nonelderly, privately insured patients in Massachusetts between 2009 and 2012. 
The sample includes all observed admissions of GIC enrollees in four tiered and 
five non-tiered GIC plans (online Appendix Table C1). I also include 4,000 admis-
sions from Harvard Pilgrim’s and Tufts’ tiered plans offered outside the GIC. The 
non-GIC enrollees contribute additional variation in hospital tier copays. In analy-
ses comparing consumer response to tiered networks with response to more com-
plex coinsurance pricing, I include approximately 1,600 additional admissions from 
non-GIC plans that use coinsurance for setting out-of-pocket prices for inpatient 
care, meaning that the out-of-pocket price is a percentage of the total price for the 
admission. Admissions originating from the emergency department (ED) or via 
transfers from other hospitals are excluded from the main analysis.

A. Baseline Results

The first column of Table 4 presents estimates without hospital fixed effects; the 
second column adds fixed effects to control for time-invariant hospital characteris-
tics not already captured by the hospital quality measures. Consistent with the hospi-
tal choice literature, the coefficient on distance is negative and significant, implying 
that consumers dislike travel (Kessler and McClellan 2000; Town and Vistnes 2001; 
Capps, Dranove, and Satterthwaite 2003; Ho 2006). Patients with cardiac or obstet-
ric diagnoses are more likely to choose a hospital with a catheterization lab or a 
NICU, respectively (see online Appendix Table A5 for these and other additional 
coefficient estimates). Older patients and patients with chronic conditions are more 
willing to travel to their preferred hospital. Hospital fixed effects also display a 
sensible pattern. The most prestigious hospitals in the state, such as Massachusetts 
General Hospital and Brigham and Women’s Hospital, have among the largest esti-
mated fixed effects, driven by their large share of patients from across the state 
despite high out-of-pocket prices. Consistent with the literature, patients have a 
strong preference for hospitals with which they have established relationships, mea-
sured by past use of a given hospital (Sinaiko and Rosenthal 2014, Shepard 2016).

The primary coefficient of interest is that on out-of-pocket price, specifically 
copays. The negative and significant price coefficient indicates that consumers do, 
indeed, respond to differences in out-of-pocket price when choosing hospitals. This 
result lends credence to the hypothesis that, rather than being inherently insensitive 

24 Some papers have used two-stage residual inclusion (2SRI), where the residuals are entered into the second 
stage linearly (see, for example, Terza, Basu, and Rathouz 2008). However, the consistency result for control func-
tions does not generally hold without a flexible specification for the residuals in the second stage (Wooldridge 2010).
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to the price of healthcare, consumers are willing to price shop when prices are suf-
ficiently clear, predictable, and simple to understand. The implied elasticities from 
the discrete choice model are reported and discussed below.

The magnitude of price responsiveness is decreasing in income, as indicated by 
the positive coefficient on the interaction of copay and median household income 
in the consumer’s zip code of residence (measured in standard deviations). A one 
standard deviation increase in income from Massachusetts’ 2010 average household 
income of $69,750 to $94,676 eliminates the copay responsiveness. These estimates 
suggest that the negative effect of price is moderated by high income, which is 
consistent with decreasing marginal returns to wealth or with liquidity constraints.25

25 The point estimates are suggestive of a positive elasticity of demand for high-income consumers. However, 
this is merely an artifact of the linear specification of the income interaction: only 6 percent of the sample has an 
income 1.5 or more standard deviations above the mean, and restricting the estimation to these high-income obser-
vations yields a statistically insignificant coefficient on copays (column 2 of online Appendix Table A7).

Table 4—Hospital Choice Model

No FEs
(1)

Main specif.
(2)

+ coinsurance
(3)

Hospital choice
Copay ($1,000s) 0.8305 −0.1953 −0.1874

(0.0542) (0.0700) (0.0689)
Copay ​×​ SD income 0.1416 0.1819 0.1811

(0.0526) (0.0535) (0.0539)
Distance (mi) −0.1821 −0.1828 −0.1829

(0.0026) (0.0028) (0.0027)
Distance squared 0.0005 0.0006 0.0006

(0.0000) (0.0000) (0.0000)
Past use of hospital 4.9481 4.6785 4.6568

(0.0600) (0.0625) (0.0612)
Age ​×​ distance 0.0001 0.0000 0.0000

(0.0000) (0.0000) (0.0000)
Chronic cond. ​×​ distance 0.0222 0.0221 0.0223

(0.0015) (0.0016) (0.0015)
Coinsurance ($1,000s) 0.1442

(0.1065)
Coinsurance ​×​ SD income −0.0043

(0.0578)
Hospital FEs No Yes Yes

Pseudo ​​R​​ 2​​ 0.579 0.625 0.621
Nadmits 29,658 29,658 31,243

Nadmits_coins 1,585

Notes: Multinomial logit model of hospital choice. All price coefficients scaled to $1,000s 
for ease of interpretation. Consumers dislike distance and high simple out-of-pocket 
prices (copays). Hospital quality and income variables are standardized. Standard errors in 
parentheses, clustered by patient. “Nadmits” is the  total number of choice sets (admissions). 
“Nadmits_coins” is the  number of admissions using coinsurance.
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B. Decomposing Sources of Variation

As discussed in Section IIB, the baseline specification combines three sources 
of variation: changes in a hospital’s tier within an insurer over time, variation in a 
hospital’s tiers across insurers, and differences in copays conditional on tier across 
insurers’ plans. Table 5 isolates each source of variation by conditioning on the appro-
priate sets of additional fixed effects. Due to the large number of dummies required 
to represent hospital-year or hospital-insurer fixed effects, these more detailed spec-
ifications are estimated on the subset of consumers who live in Boston. Hospitals 
outside Boston are pooled into the outside option, and the distance and copay at the 
closest hospital outside Boston are included as additional controls. Column  1 of 
Table 5 simply repeats the baseline specification from Table 4, column 2. The price 
coefficient among the Boston patients is larger than for the baseline sample, consis-
tent with the starker price-distance tradeoff for these patients (see online Appendix 
Table A5).

The source of variation contributing most to the identification is hospitals chang-
ing tiers within an insurer over time. Column 2 of Table 5 isolates this source of 
variation by including hospital-insurer fixed effects so that the coefficient on copay 
is identified from changes within a hospital-insurer pair. The precision of the esti-
mate deteriorates with the additional fixed effects, but the magnitude is similar to 

Table 5—Hospital Choice with Additional Fixed Effects (Boston Patients Only)

Baseline  
(hospital FEs)

(1)

Hospital-
insurer FEs

(2)

Hospital-
insurer-year 

FEs
(3)

Hospital-year 
FEs, tier FEs

(4)

Hospital choice
Copay ($1,000s) −0.2916 −0.2612 −0.0077

(0.1264) (0.1466) (0.1729)
Copay ​×​ SD income 0.0638 0.0912 0.0981

(0.1353) (0.1417) (0.1455)
Tier 1 dummy 0.5981

(0.1390)
Tier 2 dummy 0.3286

(0.1272)
Tier 3 dummy 0.2784

(0.1356)
Non-Boston hospital −38.0839 −40.4281 −43.2159 −35.0346

(11.8783) (11.4459) (11.5192) (11.5964)
Hospital FEs Yes No No No

Hospital-insurer FEs No Yes No No

Hospital-insurer-year FEs No No Yes No

Hospital-year FEs No No No Yes

Pseudo ​​R​​ 2​​ 0.389 0.408 0.423 0.397

Nadmits 6,210 6,210 6,210 6,244

Notes: “Nadmits” is the number of choice sets (admissions). All specifications estimated using 
multinomial logit. All controls from the baseline specification (see online Appendix Table A5) 
are also included. Standard errors in parentheses, clustered by patient.
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the baseline and the estimate remains significant at the 10 percent level.26 Column 3 
isolates the variation from different copays for the same hospital in the same year 
across different plans within the same insurer. Since a hospital’s tier assignment is 
fixed across an insurer’s plans within a given year, this is equivalent to the variation 
from different copays across plans within an insurer-tier-year triplet. The coefficient 
is substantially smaller and not significantly different from zero at any conventional 
confidence level. This is consistent with the fact that the majority of variation in 
copays within an insurer comes from differences across tiers rather than differences 
within a tier across plans, leaving relatively little variation in column  3. Finally, 
column 4 estimates the contribution of differences in a hospital’s tier across insurers 
within a year by including hospital-year fixed effects and explicitly estimating the 
coefficients on tier dummies.27 Within a year, consumers are more likely to choose 
a hospital if it is in a more preferred tier in their insurer’s network than consumers 
for whom that hospital is in a less preferred tier.

C. Consumer Sorting

I do not find evidence of bias from consumers sorting into plans with low 
out-of-pocket prices for their preferred hospitals. Online Appendix Table  A10 
shows the results of the control function estimation described in Section IIB, using 
the contemporaneous copays in the household’s first plan at initial enrollment to 
instrument for the current copays in its current plan. Estimates are shown up to a 
fifth-order polynomial expansion of the control function residual. If consumers were 
selecting into plans based on low out-of-pocket prices for their preferred hospitals in 
the plan’s network, then failing to account for this endogeneity would bias the price 
sensitivity coefficient away from the null. Instead, the control function estimates 
suggest price sensitivity similar to the uninstrumented estimates.28 My preferred 
specification for hospital demand is therefore the baseline model without the control 
function (Table 4, column 2).

Consumers also do not appear to differentially sort into tiered-network plans as 
a function of their underlying price sensitivity. I leverage the inertia of consumers 
who enrolled in the largest Harvard Pilgrim plan before it was tiered and subse-
quently, upon the plan’s conversion to a tiered plan, found themselves in a tiered 
plan without having actively chosen one. Adding an interaction term between copay 
and an indicator for the plan being non-tiered at the time of the consumer’s initial 
enrollment does not change the primary coefficient on copay, nor is the interaction 
term statistically significant (column 1 of online Appendix Table A7).

26 Its p-value is 0.075.
27 The omitted category is “no tier,” defined as hospitals in a plan that does not use tiered networks.
28 The control function estimates with even-degree polynomial expansions, while not significant at the 5 percent 

level, are similar in magnitude to the odd-degree polynomial expansions and significant at the 10 percent level.
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D. Importance of Simple Pricing

The third column of Table 4 presents evidence that consumers’ price responsive-
ness is contingent upon the simplicity of out-of-pocket prices in the tiered-network 
plans. This column includes approximately 1,600 hospital admissions by consum-
ers in plans that use coinsurance rather than tiers and copays.29 Like the baseline 
estimation sample, these consumers are insured through employer-sponsored cov-
erage. Online Appendix Table A6 shows summary statistics comparing the coinsur-
ance sample to the baseline tiered-network estimation sample. Consumers in the 
coinsurance sample are 1.5 years younger than consumers in the tiered-network 
sample, with no statistically significant difference in the proportion who are female. 
The coinsurance sample has a larger fraction of admissions for obstetric and peri-
natal diagnoses; the mix of remaining diagnostic categories is similar. The largest 
relative difference between the two samples is in out-of-pocket prices; while con-
sumers in the tiered-network sample have a mean out-of-pocket price of $330 with 
a within-choice set standard deviation of $104, the coinsurance sample has nearly 
double the mean out-of-pocket price at $599 and nearly double the within-choice set 
variation at a standard deviation of $197.

Consumers in the coinsurance sample are exposed to substantially more 
out-of-pocket price variation than their tiered-network counterparts. Nevertheless, 
the price coefficient for consumers in coinsurance plans is not significantly different 
from zero, and the point estimate is positive. In contrast to the consumers enrolled 
in tiered-network plans with copays, there is no evidence that consumers in coin-
surance plans price shop for inpatient care. In these plans, the out-of-pocket price is 
determined as a percentage, usually five or ten percent, of the total price negotiated 
between the insurer and the hospital. Consumers in these plans can observe their 
coinsurance percentages in their plan documentation. However, in order to deter-
mine their full out-of-pocket price, consumers must apply the percentage to the total 
price, which not only depends on the details of treatment but is also unobservable 
to consumers without a price search tool. The lack of detectable price shopping 
behavior in coinsurance plans highlights the need for simple out-of-pocket price 
information in order to induce price shopping.

E. Heterogeneity in Price Responsiveness

The baseline specification captures heterogeneity in price responsiveness by 
income. Other important margins of heterogeneity may shed light on the dispa-
rate estimates of price shopping in the literature. As discussed in Section IA, prior 
work has estimated greater price responsiveness when focusing on simple health-
care services. Column 1 of online Appendix Table  A8 therefore checks whether 

29 Plans using coinsurance are identified from patient out-of-pocket prices reported in the APCD. Plans are 
identified as using coinsurance for inpatient care if a consistent coinsurance percentage is observed across admis-
sions and if copay amounts for all admissions are zero. Among GIC insurers, only Harvard Pilgrim has plans that 
can be reliably identified as using coinsurance in this manner; all of these are included in column 3 of Table 4. 
Out-of-pocket prices are calculated by multiplying the plan’s coinsurance percentage by the insurer’s negotiated 
price with each hospital, scaled by the AP-DRG weight of the admission.
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consumers with more complex health conditions, as proxied by chronic condition 
status, are less responsive to copays. The estimates indicate that price responsive-
ness is substantially larger among consumers without chronic conditions. In fact, I 
cannot reject the null hypothesis of no price responsiveness among consumers with 
chronic conditions.

This pattern is consistent with consumers being less willing to price shop 
for complex care, mirroring the consensus in the literature. However, it is also 
consistent with consumers being less willing to switch providers when they have 
a longstanding relationship with a care team.30 If this is the case, it may help to 
explain why services such as imaging and lab tests have been found in the literature 
to be particularly amenable to price shopping. If an established relationship with a 
provider is the mechanism driving the lower price responsiveness among consum-
ers with chronic conditions, then a similar pattern should hold for hospital choices 
for delivery. Women typically have a preexisting relationship with the obstetrician 
who ultimately delivers their baby. Column 2 of online Appendix Table A8 there-
fore checks whether consumers going to the hospital for an obstetric diagnosis are 
less responsive to copays. Although the difference is not significant, the point esti-
mates suggest that women choosing a hospital for delivery are more, rather than 
less, responsive to price than other consumers. In sum, online Appendix Table A8 is 
more consistent with the hypothesis that consumers are less likely to choose health-
care providers on the basis of price when the care being sought is more complex.

In addition to the complexity of care, price responsiveness may be a function of 
whether the hospital admission is planned in advance. Nationwide and within my 
sample, admissions originating in the emergency department (ED) make up approx-
imately one-third of hospital admissions. Admissions through the ED are unsched-
uled, perhaps hampering consumers’ ability to consider price at the time of deciding 
among hospital EDs. Moreover, even among admissions through the ED, there is 
variability in the degree of urgency: acute appendicitis must be treated immediately, 
whereas an inguinal hernia diagnosed in the ED can be operated on during a sched-
uled surgery at a later date.

Online Appendix Table A9 estimates the hospital demand model for admissions 
through the ED. I use the approach of Card, Dobkin, and Maestas (2009) to dis-
tinguish between ED-originating hospital admissions that are deferrable and those 
that are nondeferrable. Card, Dobkin, and  Maestas (2009) define nondeferrable 
emergency admissions as those whose weekend arrival rate does not differ from 
the arrival rate during the week. Among diagnoses with at least fifty admissions 
through the ED within my sample, I define nondeferrable diagnoses as those for 
which the weekend share of arrivals is not statistically distinguishable from ​2 / 7​ at 
the 10 percent level.31

For both categories of diagnoses, the estimated coefficient on copay is larger 
relative to the coefficient on distance than for the baseline sample, although it is 
substantially less precisely estimated. The point estimates suggest that consumers in 

30 The indicator for past use of a hospital in the baseline regressions does not distinguish between a consumer 
who has gone to a hospital once before and a consumer who has had repeated treatments at that hospital.

31 Admissions for diagnoses occurring fewer than fifty times in the ED sample are excluded from the analysis.
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the sample choose lower-priced hospitals even for ED care that leads to a hospital 
admission. Moreover, I find no evidence that the urgency of the condition affects 
price responsiveness: the point estimates are nearly identical across deferrable and 
nondeferrable ED admissions. If they are not merely an artifact of imprecision, these 
results suggest that at least some consumers may be deliberate in their choice of 
hospital when seeking emergency care.

F. Changes over Time

After the largest GIC plan switched from a standard network to a tiered network 
in 2010,32 the share of volume going to hospitals in the preferred tier grew by 6 pp, 
while the share going to the least preferred tier fell by 10 pp.33 This pattern in the 
raw data is consistent with consumers becoming more price responsive over time, 
perhaps due to learning.

Online Appendix Table  A11 more formally checks for evidence of increasing 
price responsiveness over time. I leverage the long enrollment histories observed 
in my data to estimate a reduced-form trend of increasing price responsiveness as a 
function of the number of months since a consumer first enrolled in a tiered-network 
plan. The negative coefficient on the interaction of copay with the number of months 
indicates that the longer a consumer is enrolled, the more likely she is to choose 
hospitals with low out-of-pocket prices.34 This suggests consumers may be learning 
about the structure of the tiered network as they gain more experience with it.

G. Implied Demand Elasticities

The hospital price elasticities implied by the demand model are summarized in 
Table 6, calculated as means across all admissions in the demand estimation, sepa-
rately for hospitals in metropolitan Boston and outside of Boston. The two columns 
show own-price elasticities with respect to out-of-pocket prices at each hospital’s 
observed mean tiered copay and at a fixed $1,000 copay, respectively. Elasticities 
for individual Boston hospitals are shown in online Appendix Table A12. Own-price 
elasticities of demand range from ​− 0.04​ to ​− 0.16​. This range is less elastic than 
the RAND Health Insurance Experiment estimate of approximately ​− 0.2​ (Manning 
et al. 1987). For context, the maximum out-of-pocket price in the RAND experi-
ment was $1,000 in late 1970s dollars, which is over $3,000 in 2010 dollars.

The RAND study measures elasticities on the extensive margin of seeking care. 
My results suggest that consumers also respond to price on the margin of choosing 
among options, conditional on seeking care in the first place. This result highlights 
the importance of price transparency for controlling moral hazard on the substi-
tution margin as well as the better-studied extensive margin (Pauly 1968). These 

32 See Section IIB.
33 A large reduction comes from Brigham and Women’s Hospital and Massachusetts General Hospital. These 

hospitals are the flagship hospitals of the Harvard-affiliated Partners HealthCare system and are widely considered 
“star” hospitals (Ho 2009; Shepard 2016).

34 Regressions with polynomial terms for time or enrollment duration show no evidence of learning slowing 
down. Results available from the author upon request.
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estimates are also less elastic than in Gowrisankaran, Nevo, and Town (2015), who 
find own-price elasticities of ​− 0.10​ to ​− 0.15​. The smaller magnitudes in my context 
may be driven by the prominent brand effects of Massachusetts hospitals, exempli-
fied by the Harvard-affiliated Partners HealthCare system (Ho 2009; Shepard 2016).

Table  6 also reports hospitals’ pairwise cross-price elasticities. They range 
from essentially zero to approximately ​0.01​. Hospital pairs that are geographically 
close have higher cross-price elasticities, indicating that they are good substitutes. 
The Boston area has a high density of hospitals (online Appendix Figure A3), allow-
ing consumers to more easily substitute across hospitals in response to copay differ-
ences. Online Appendix Table 12 also shows cross-price elasticities for select pairs 
of hospitals. The key academic medical centers in Boston—Brigham and Women’s 
Hospital, Massachusetts General Hospital, Beth Israel Deaconess Medical Center, 
and Boston Medical Center—are each other’s closest substitutes. In addition, many 
hospitals, including those far from Boston, have a high cross-price elasticity with 
respect to the top Boston academic medical centers—Brigham and Mass General. 
That is, the model predicts that patients substituting away from a given hospital are 
likely to substitute either to its geographic competitors or to the top hospitals, irre-
spective of geographic proximity. This accords with intuition and with findings that 
these “star” hospitals are disproportionately attractive to patients (Ho 2009; Shepard 
2014). Online Appendix Table A12 also reports elasticities for Cape Cod Hospital, 
which is geographically isolated in eastern Massachusetts and sends few patients to 
other hospitals; and for Baystate Medical Center and Cooley Dickinson Hospital, 
which are in western Massachusetts and compete with each other. These predicted 
substitution patterns suggest that the demand model is capturing real patterns in how 
patients choose hospitals.

H. Effects on Spending

Demand-side incentives can be an effective cost control tool if the demand 
response is sufficient for meaningful spending reductions. In this section, I quantify 
the potential savings on the table. To evaluate the effect of tiered networks on spend-
ing, I simulate inpatient hospital spending under a non-tiered network and various 
tiered-network designs. I examine a tiered network with copays of $250, $500, and 
$750 (the observed network of the highest-enrollment tiered-network plan); and the 

Table 6—Price Elasticities from Hospital Demand Model (at Median 
Household Income)

Elasticities Metro Boston Outside Boston

Own-price (at observed copays) −0.052  (0.002) −0.037  (0.002)
Own-price (at $1,000 copays) −0.156  (0.006) −0.113  (0.006)
Cross-price (at observed copays) 0.002  (0.000) 0.001  (0.000)
Cross-price (at $1,000 copays) 0.006  (0.001) 0.001  (0.001)

Notes: Own-price and cross-price elasticities of demand for hospitals with respect to 
out-of-pocket price, calculated at the hospitals’ observed copays and at a flat $1,000 copay, 
respectively. Hospital pairs with shorter distance in geographic or characteristics space have 
larger cross-price elasticities. Standard errors in parentheses, calculated using 100 bootstrap 
replications.
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same tiered network but with the $750 copay doubled to $1,500. The $1,500 copay 
is motivated by an actual increase of the tier 3 copay by the largest plan in my data 
after the sample period in 2015, an effort to further steer demand away from the 
highest-priced Partners HealthCare hospitals.

I simulate hospital shares for each patient-diagnosis pair using the hospital 
demand estimates from Section III, assuming all GIC consumers with an inpatient 
admission are enrolled in the largest tiered-network plan in the data, Harvard Pilgrim 
Independence. In the flat network simulation, all hospitals are assigned an identical 
copay of $250. These simulations hold negotiated hospital prices, hospital tiers, and 
non-inpatient spending fixed.35

Table 7 presents the results of the three copay scenarios. From left to right, the 
spread in out-of-pocket price across tiers rises from $0 to $1,250. Hospitals in the 
more preferred tiers (1 and 2) gain volume as consumers face higher out-of-pocket 
price spreads. Tier 3 hospitals collectively lose ​7.9​ percent of their baseline volume 
moving from the flat network to the tiered network with a $1,250 spread; tier  1 
gains ​5.9​ percent of baseline volume. Total spending per hospital admission falls 
by ​1.3​ percent. The savings from a tiered network are small, under $300 per hospital 
admission on average. By comparison, the total annual premium for individual cov-
erage in this plan is in the range of $6,000 to $8,000 over the sample period.

These savings projections use the average price sensitivity from the baseline 
demand estimates. If consumers become more price sensitive as they become more 
experienced with tiered networks, as suggested in Section IIIF, then the potential 
savings on the table may grow over time. Online Appendix Figure A5 traces out 
the potential savings as a function of consumers’ experience with tiered networks. 

35 In a companion paper, I model the potential price responses explicitly by estimating a model of insurer-hospital 
bargaining under tiered networks (Prager 2017). In that paper, I find that the spending effects of the demand 
response are likely to be amplified via the mechanism of lower negotiated prices in response to larger differences 
in out-of-pocket prices across tiers.

Table 7—Hospital Sorting Counterfactuals (at Median Household Income)

Flat copay $250 $250 / 500 / 750 $250 / 500 / 1,500

Tier 1 hospitals % of volume 27.13 27.94 28.74

Tier 2 hospitals % of volume 36.70 36.82 37.94

Tier 3 hospitals % of volume 36.17 35.24 33.32

Patient $ per admission ($) 250 518 761

​Δ​ patient $ over flat copay – 107.31% 204.56%

Insurer $ per admission ($) 18,584 18,226 17,835

​Δ​ insurer $ over flat copay – −1.93% −4.03%

Total $ per admission ($) 18,830 18,736 18,584

​Δ​ total $ over flat copay – −0.5% −1.31%

Notes: Demand-side effects of tiered networks, holding prices and enrollments fixed. Column 1 
is the baseline scenario: a traditional hospital network with a flat copay across all hospitals. 
Column 2 is Harvard Pilgrim’s largest tiered-network plan in 2011, with tier copays of $250, 
$500, and $750 across its three tiers, respectively. Column 3 uses the same tier structure but 
raises the tier 3 copay to $1,500.
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After three years in the tiered-network plan with tier copays of $250, $500, and 
$750, the average total price paid by the insurer and consumer combined falls by 
approximately $1,500, or 8.4 percent of the initial spending. In the plan with the 
larger $1,500 tier 3 copay, average spending falls by approximately $3,700, or 
17.4 percent of the initial spending.

Although demand-side incentives can successfully steer consumers toward 
lower-priced care, this comes at the expense of higher out-of-pocket spending and 
muted risk smoothing. The incidence of spending changes is not symmetric across 
consumers and the insurer. Consumers’ mean out-of-pocket spending rises as copay 
differentials increase, even as total spending falls. Moreover, because low income 
is correlated with high price sensitivity, demand-side incentives may have distribu-
tional consequences by discouraging the use of high-quality but high-priced health-
care among low-income consumers. While assessing these distributional effects is 
beyond the scope of this paper, this issue remains important for policy.

IV.  Conclusion

Reliance on market forces plays a larger role in healthcare policy in the United 
States than in most advanced economies. In the last decade, market-based approaches 
to healthcare delivery have increasingly focused on demand-side financial incen-
tives as a mechanism for reducing healthcare spending. This paper shows that, con-
trary to recent evidence, consumers can be successfully incentivized to price shop 
for major healthcare services under certain conditions. I find that in tiered-network 
health insurance plans where out-of-pocket prices for healthcare are clearly stated, 
predictable, and simple to understand, consumers price shop across hospitals. These 
findings suggest that consumers’ frequent failure to price shop for healthcare may be 
attributable to the complexity of healthcare decision-making, rather than an inherent 
insensitivity to healthcare prices.

That consumers of inpatient hospital care in Massachusetts are responsive to 
price is notable for two reasons. Inpatient care is typically required only for fairly 
severe conditions or serious healthcare treatments, where conventional wisdom 
suggests the least elastic consumption (Manning et  al. 1987; Desai et  al. 2017). 
If consumers price shop for care in the high-stakes environment of inpatient care, 
there is room for optimism about price shopping for less consequential healthcare 
services. Furthermore, the Massachusetts hospital market is characterized by strong 
brand effects and customer loyalty, exemplified by the Harvard-affiliated Partners 
HealthCare system (Ho 2009; Shepard 2014). A sizable fraction of the volume 
shifts in this paper is attributable precisely to lower utilization of flagship Partners 
HealthCare hospitals and other prestigious hospitals. On the dimensions of brand 
loyalty and high stakes of care, then, the sample in this paper is relatively unfa-
vorable for finding an effect of price shopping. My estimates can be construed as 
a lower bound for the degree of price responsiveness that is, at least in principle, 
achievable in healthcare.

In other ways, my setting represents a best-case scenario for price shopping. 
Out-of-pocket prices in these tiered-network plans are particularly transparent and 
simple to understand, and the information search cost is minimal. In addition, the 
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tiered networks in my setting provide stronger marginal incentives than most health 
plans. This setting represents an unusually high degree of ex ante price transparency 
for hospital care, even compared to the recent wave of price search tools. Along with 
the longer time horizon studied in this paper, these features help to explain my find-
ing of substantially larger effects of price shopping than other recent work (Desai 
et al. 2016, Brot-Goldberg et al. 2017, Lieber 2017, Desai et al. 2017).

My findings have several implications for healthcare policy and optimal health 
insurance plan design. Consumers can learn to be more responsive to demand-side 
financial incentives over time and through repeated interactions with the healthcare 
system. It is therefore possible that some plan designs that have not been found to 
reduce spending through price shopping will become more effective over time as 
consumers adjust. This is an argument against rolling back recent insurance innova-
tions, such as high-deductible health plans and some price transparency tools, that 
have not yet proved effective. However, the success of such plan designs is likely 
to hinge on the ease and certainty with which consumers can predict out-of-pocket 
prices across treatment options.

Policymakers and plan designers face a trade-off between out-of-pocket pricing 
schemes that are simple but blunt versus more sophisticated ones that aim to sen-
sitize consumers to detailed price variation but may be inscrutable to consumers. 
High-deductible health plans, which have greatly gained in market share, fall on the 
sophisticated end of this spectrum. Consumers in these plans essentially pay every 
marginal dollar of price increases out of pocket, which preserves fine variation in 
prices across treatment options. However, this fine variation impedes consumers’ 
ability to make sense of prices ex ante, especially for complex treatments with many 
price components. Perversely, these complex treatments are often precisely the ones 
with the highest overall prices.

On the simple-but-blunt end of the spectrum are plan designs like tiered net-
works. Consumers in these plans face only two or three distinct out-of-pocket price 
levels, making any raw price variation within a tier irrelevant to the consumer. In a 
healthcare environment characterized by uncertainty and complexity, however, this 
simplicity can make it possible for consumers to act on out-of-pocket price differ-
ences. Little is known empirically about the right balance between the comprehen-
sibility and sophistication of demand-side incentives, and identifying the optimal 
trade-off remains an important question for policy and health insurance design.

As health insurance plan designs that encourage price shopping continue to gain 
market share, understanding their effects on the overall healthcare landscape will 
become increasingly important. The success of demand-side incentives in fostering 
price competition will depend not only on their passing through sufficient marginal 
incentives to consumers but also on consumers’ ability to make sense of them.
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