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Rankings and report cards have become a popular way of providing information in a variety of domains.
I estimate the response to rankings in the hospital market and find that hospitals that improve their rank
are able to attract significantly more patients. The average hospital in my sample experiences a 5% change
in non-emergency, Medicare patient volume from year to year due to rank changes. These findings have
implications regarding the competitiveness of hospital markets and the effect that the dissemination of
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quality information in hospital markets can have on individual choice.
© 2009 Elsevier B.V. All rights reserved.
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. Introduction

Rankings and report cards have become a common way for
rms to synthesize and present information about a range of
ptions to consumers. Some popular examples include rankings of
estaurants (e.g. Zagat), colleges (e.g. US News and World Report),
ompanies (e.g. Fortune 500), bonds (e.g. Moody’s), cars (J.D. Pow-
rs), and books (e.g. New York Times). Additionally, Consumer
eports rank a wide variety of consumer products each year. Aca-
emic research has shown that in a variety of situations, rankings
an have a significant impact on consumer decision making.1

In this paper, I explore the hospital-choice reaction to widely
ispersed hospital rankings that are released by US News and

orld Report. In contrast to many markets where rankings have

een shown to have a significant effect, it has been argued that con-
umers of health care may be relatively unresponsive to changes
n hospital quality. Restrictions such as distance from home, heath

� I would like to thank David Card, Stefano DellaVigna, and Matthew Rabin for
any helpful comments, corrections, and suggestions. I also acknowledge useful

eedback from Chris Blattman, Erik Eyster, Peter Fishman, Michael Greenstone, Zack
rossman, Ginger Jin, Shachar Kariv, Kory Kroft, Ulrike Malmendier, Alex Mas, Enrico
oretti, Paige Skiba, Justin Sydnor, Kenneth Train, Alex Whalley, and seminar partic-

pants at Brigham Young University, Cornell, Dartmouth, Harvard Business School,
niversity of Pittsburgh, UC Berkeley, UC Davis, UC Merced, and The Wharton
chool.
∗ Tel.: +1 215 573 8742.

E-mail address: dpope@wharton.upenn.edu.
1 See, for example, Figlio and Lucas (2004), Jin and Leslie (2003), Sorensen (2007),

hrenberg and Monks (1999), Jin and Sorensen (2005), Cutler et al. (2004), Dafny
nd Dranove (2005), and Jin and Whalley (2008).
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lan networks, and doctor referrals can make a consumer response
o quality difficult. Additionally, information regarding true hos-
ital quality may be difficult for consumers to observe. These
estrictions and limitations have raised concerns regarding the
ompetitiveness of hospital markets.2 Limited evidence exists
egarding whether or not consumers respond to changes in hospital
uality in part because hospital quality is difficult to measure. Mea-
ures that do exist of hospital quality typically change slowly across
ime, making convincing within-hospital analyses difficult. Rank-
ngs on the other hand, provide a year-to-year measure of hospital
uality enabling a convincing test for whether consumers respond
o changes in perceived quality.3

In this paper, I estimate the effect of the US News and World
eport hospital rankings on both patient volume and hospital rev-
nues. The data used consist of all hospitalized Medicare patients in
alifornia (1998–2004) and a sample of other hospitals around the
ountry (1994–2002). Given the fact that the rankings that US News
nd World Report produces are broken down by specialty, I pro-

uce counts of treated patients at the hospital-specialty level. Using
fixed-effects framework, which allows me to control for unob-

erved differences that might exist between hospital-specialty
roups, I find that an improvement in a given hospital-specialties’

2 Gaynor and Vogt (1999) and Gaynor (2006) provide thorough reviews of the
iterature on hospital competition.

3 Anecdotal and survey evidence suggests that hospital decisions may very well
e affected by quality rankings. For example, a survey in 2000 by the Kaiser Family
oundation finds that 12% of individuals said that “ratings or recommendations from
newspaper or magazine would have a lot of influence on their choice of hospital”

Kaiser Family Foundation, 2000).

http://www.sciencedirect.com/science/journal/01676296
http://www.elsevier.com/locate/econbase
mailto:dpope@wharton.upenn.edu
dx.doi.org/10.1016/j.jhealeco.2009.08.006
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ank leads to a significant increase in both the number of non-
mergency patients treated and the total revenue generated from
on-emergency patients in that specialty. An improvement in rank
y one spot is associated with an increase in both non-emergency
atient volume and revenue of approximately 1%. An alternative
pecification estimates the effect of a hospital-specialty’s within-
tate ranking. I find that a hospital-specialty that improves one spot
elative to another hospital-specialty in their state experiences a
–7% increase in patient volume and revenue.

These effects are economically large. Given the amount of varia-
ion in ranks in my data, the size of the rank effect suggests that the
verage hospital in my sample experiences a 5% change in patient
olume from year to year due to rank changes. Assuming that the
ample of hospitals used in this analysis is representative of the
ation as a whole, changes in these hospital rankings have led
o over 15,000 Medicare patients to switch from lower to higher
anked hospitals for inpatient care resulting in over 750 million
ollars moving from one hospital to another over the past ten years.

To understand the effect of the rankings relative to other impor-
ant factors of hospital choice such as distance to hospital, I use
ndividual-level data to estimate a mixed-logit discrete choice

odel. Unlike the more commonly used conditional logit model,
he mixed-logit model allows for more flexible substitution pat-
erns across alternatives and fits into a random coefficients frame-
ork. I estimate the distribution of preferences over hospital qual-

ty (as represented by the hospital rankings) and geographic prox-
mity. The results demonstrate that both rankings and geographic
roximity are important factors in the hospital-choice decisions of
onsumers. The average value to an individual of a change in rank
y ten spots is equivalent to the value placed on the hospital being
pproximately one mile closer to the individual. I also find that
ank changes have the largest impact on patients who live more
han 50 miles from the hospital that experienced the rank change.

A fundamental challenge in obtaining empirical estimates for
he causal impact that rankings have on patient volume is the pos-
ibility that rank changes are correlated with underlying quality
bserved by individuals but not by researchers. Thus, a posi-
ive association between rank changes and consumer behavior
ill result if changes in rank simply confirm what consumers

lready learned as opposed to providing new information. This
ndogeneity may potentially cause the estimates that I find to be
iased.

I present three pieces of evidence in the paper that support
he causal interpretation of my findings. First, I find that changes
n rank have an effect on non-emergency patients yet no effect
n emergency patients. Since, emergency patients should be less
esponsive to quality information than non-emergency patients,
ne would expect that the rank change effect should be smaller
or these groups unless the results I am finding is spurious. Sec-
nd, I provide a false experiment by showing that a rank change
hat occurs next year does not have an effect on this year’s patient
ounts. Given that the variables that US News and World Report
ses to produce their ranking are 1–3 years old by the time the rank-

ng is released, finding an effect of rank changes after the ranking
s released and not before the release lends credibility to the causal
nterpretation of the results I find. Finally, I propose a novel identifi-
ation approach which takes advantage of the fact that US News and

orld Report not only provides a rank for each hospital, but also a
ontinuous measure of hospital quality. By controlling for this con-
inuous quality score when estimating the effect of rank changes on

ospital outcomes, I am able to control for the underlying measures
hat make up the ranking and identify off discontinuous changes
n ranks that occur. Even after flexibly controlling for the continu-
us quality score, I find similar effects of ordinal rank changes on
atient volume and revenue.
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The outline of this paper proceeds as follows. In Section 2, I
eview the literature on rankings and report cards. Section 3 pro-
ides background information about the specific USNWR hospital
ankings studied in this analysis. In Section 4, I describe the data.
ection 5 provides the empirical strategy that I employ. The results
re presented in Section 6. Section 7 provides a discussion and
oncludes.

. Review of literature

This paper is related to a larger literature that looks at the effect
f rankings and report cards in the health-care industry. In par-
icular, several studies address the impact of health-plan ratings
n consumer choice (Wedig and Tai-Seale, 2002; Beaulieu, 2002;
canlon et al., 2002; Chernew et al., 2004; Jin and Sorensen, 2005;
afny and Dranove, 2005). The majority of these studies find evi-
ence of a significant consumer response to health-plan ratings.

Less work has been done on the effect of rankings and report
ards on hospital choice. The key exception to this is research
egarding the impact of the New York State Cardiac Surgery Report-
ng System. Released every 12–18 months by the New York State
epartment of Health since 1991, this rating system provides

nformation regarding the risk-adjusted mortality rates that each
ospital experienced in their recent treatment of patients need-

ng coronary artery bypass surgery. At the state level, Dranove et
l. (2003) find that because of selection behavior by providers, the
tate of New York did significantly worse relative to control states
ecause of the release of these rankings. More similar to my analy-
is, Cutler et al. (2004) test to see if hospitals that saw an improve-
ent in their risk-adjusted mortality rates that were published

n the New York report were subsequently able to attract more
atients. They demonstrate a decrease in patient volume for the
mall percentage of hospitals that were flagged as performing sig-
ificantly below the state average. However, they find no evidence
hat hospitals flagged as performing significantly above average
ttracted a greater number of patients. In contrast, Jha and Epstein
2006) argue that the data do not suggest any change in the market
hare of cardiac patients due to the NY Cardiac Surgery ratings.

A further issue regarding whether or not rankings affect
ospital-choice decisions is whether or not hospitals are operating
t full capacity. If they are capacity constrained, then increases in
emand (due to a better ranking) will not be identified by looking
t patient volume. Keeler and Ying (1996) argue that due primarily
o technological advances through the 1980s, hospitals had sub-
tantial excess bed capacity in the 1990s. One final issue worth
iscussing is whether patients are really the people who respond
o changes in the rankings. It is possible that rather than patients,
octors are paying attention to the rankings and tend to refer
atients to the hospitals that improve their rank. Whether patients
r doctors are responding to rank changes is a question that plagues
oth my study as well as the studies on the New York State Cardiac
urgery Reporting System. While these two mechanisms that cause
ank changes to affect patient volume are observationally equiva-
ent in my analysis, the implications are similar. Whether patients
r doctors are using the information, the findings suggest that
ublicly released information that people believe reflects hospital
uality can have a large impact on hospital-choice decisions.

. Rankings methodology
.1. America’s Best Hospitals

In 1990, US News and World Report (USNWR) began publishing
ospital rankings, based on a survey of physicians, in their weekly
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Table 1
Estimating the components of the continuous quality score—hospitals.

Dependent variable: continuous quality score (%)

(1) (2) (3)

Reputation (%) 1.17(0.01)*** 1.16(0.01)***
Risk-adjusted mortality rate −6.10(0.81)*** 2.64(3.93)
R-squared 0.959 0.952 0.001
Observations 350 350 350

Notes: Observations are at the hospital-specialty level. The dependent variable is
the continuous quality score (%) reported in the US News and World Report’s Best
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agazine. Beginning in 1993, USNWR contracted with the National
pinion Research Center at the University of Chicago to publish an

objective” ranking system that used underlying hospital data to
alculate which hospitals they considered to be “America’s Best
ospitals”. Each year since 1993, USNWR has published in their
agazine the top 40–50 hospitals in each of up to 17 specialties. The
ajority of these specialties are ranked based on several measures

f hospital quality, while a few continue to be ranked solely by a
urvey of hospital reputation.4 This study focuses on the specialties
hat are ranked using characteristics beyond simply a survey of
ospital reputation.5

USNWR claims that the rankings are determined in the follow-
ng manner. First, they identify hospitals that meet one of three
riteria: membership in the Council of Teaching Hospitals, affilia-
ion with a medical school, or availability of a certain number of
echnological capabilities that USNWR considers to be important.
ach year about one-third of the approximately 6000 hospitals in
he US meet one of these three criteria. These hospitals are then
ssigned a final score, one-third of which is based on a survey of
hysicians, one-third by the hospital-specialty’s mortality rate, and
he final one-third by a combination of other observable hospi-
al characteristics (nurses-to-beds ratio, board-certified M.D.’s to
eds, the number of patients treated, and the specialty-specific
echnologies and services that a hospital has available).6 The statis-
ics that USNWR uses are 1–3 years old by the time the rankings
re actually released. After obtaining a final score for each eligible
ospital, USNWR assigns the hospital with the highest raw score

n each specialty a quality score of 100%. The other hospitals are
iven a quality score (in percent form) which is based on how
heir final scores compared to the top hospital’s final score (by
pecialty). The hospitals are then assigned a number rank based
n the ordering of the continuous quality scores. Fig. 1 contains
n example of what is published in the USNWR magazine for
ach specialty. As can be seen, the name, rank, and continuous
uality score of each hospital is provided in the magazine along
ith a subset of the other variables that are used in the rankings
rocess.

While USNWR claims that the rankings use the three factors
ndicated above equally in determining a hospital’s rank, it can
hown that the rankings are actually being driven almost entirely
y reputation score. To see this, Table 1 presents the results from
egressing the continuous quality scores for hospital-specialties

n 2000 on the reputation scores (% of surveyed physicians who
ndicated the hospital-specialty as one of the top five hospitals in
hat specialty) and risk-adjusted mortality rates of each hospital-
pecialty (actual deaths/expected deaths).7 Column (1) indicates

4 In 1993, USNWR calculated “objective” rankings in the following specialties:
ids, Cancer, Cardiology, Endocrinology, Gastroenterology, Geriatrics, Gynecology,
eurology, Orthopedics, Otolaryngology, Rheumatology, and Urology. The follow-

ng specialties were ranked by survey: Ophthalmology, Pediatrics, Psychiatry, and
ehabilitation. In 1997, Pulmonary Disease was included as an additional objec-
ively measured specialty. In 1998, the Aids specialty was removed. In 2000, Kidney
isease was added as an objectively ranked specialty.
5 The specialties ranked solely by survey typically only rank 10–20 hospitals.

hese specialties are not given a continuous quality score in the same way as
he other specialties making one of the identification strategies used in this paper
ifficult. Furthermore, the specialties ranked solely by survey (ophthalmology, pedi-
trics, psychiatry, and rehabilitation) treat very few inpatients for which I have data
vailable.
6 The exact methodology used by USNWR has changed slightly since 1993. A

etailed report of the current methodology used can be found on USNWR’s website
t www.usnews.com/usnews/health/best-hospitals/methodology.htm.
7 The third factor used in the ranking – process measures – is not included in

able 1. This is due to the fact that process measures vary by specialty and thus
annot be included in this analysis which aggregates across specialties in order to
btain sufficient statistical power. However, given that 95% of the variation in the
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ospitals issue in 2000. Data for reputation and risk-adjusted mortality rates were
lso taken from the magazine issue.
Significant at 10%. **Significant at 5%.
*** Significant at 1%.

hat hospitals do indeed receive higher quality scores as their rep-
tation scores increase and as their risk-adjusted mortality rates
ecrease. Columns (2) and (3) present the results of the regression
f continuous quality scores on each of these factors individually. As
an be seen, the reputation scores can explain over 95% of the vari-
tion in the final quality scores while the risk-adjusted mortality
ates explain less than 1%. In fact, without controlling for the repu-
ation scores, the sign on risk-adjusted mortality rates is even in the
rong direction. Since the variables are not normalized, reputation

cores (which are much more variable than risk-adjusted mortal-
ty rates) represent more of the final score than the claim of one
hird. Thus, the continuous quality score that is provided for each
ospital can be essentially thought of as an affine transformation
f the reputation score.

Are these hospital rankings popular? There are several indi-
ations that suggest that people pay attention to these rankings.
necdotally, many health-care professionals are aware of the rank-

ngs and know when they are published each year. There have
een several articles published in premier medical journals debat-

ng whether or not the methodology that is used in these rankings
dentifies true quality (Chen et al., 1999; Goldschmidt, 1997; Hill et
l., 1997). A tour of major hospital websites illustrates that hospi-
als actively use the rankings as an advertising tool.8 Just two years
fter the release of the “objective” USNWR rankings, Rosenthal et
l. (1996) found survey evidence that over 85% of hospital CEOs
ere aware of and had used USNWR rankings for advertising pur-
oses. In addition, USNWR magazine has a circulation of over 2
illion and the full rankings are available online each year for free

uggesting that if interested, most people can gain access to the
ankings.

. Data

Two main sources of hospital data are used in this analysis.
irst, I obtained individual-level data from California’s Office of
tatewide Health Planning & Development on all inpatient dis-
harges for the state of California from 1998 to 2004. The data
nclude demographic information about the patient (race, gen-
er, age, and zip code) and information about each hospital visit
admission quarter, hospital attended, type of visit (elective or
mergency), diagnosis-related group (DRG), length of stay, out-

ome (released, transferred, or died), primary insurer, and total
ollars charged). The second source of data used is the National

npatient Sample (NIS) produced by the Healthcare Cost and Uti-
ization Project from 1994 to 2002. These data contain all inpatient

ontinuous quality measure can be explained by reputation, the process measures
re obviously given very little weight in the ranking system.
8 For example, see www.clevelandclinic.org and www.uchospitals.edu.

http://www.usnews.com/usnews/health/best-hospitals/methodology.htm
http://www.clevelandclinic.org/
http://www.uchospitals.edu/
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Fig. 1. Example of Hospital Ranking Magazine Display.
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Table 2
Hospital data by state, year, and specialty.

State Obs. Data year Obs. Specialty Obs.

Arizona 2 1994 29 Cancer 58
California 212 1995 16 Digestive 79
Colorado 8 1996 22 Gynocology 19
Connecticut 7 1997 36 Heart 67
Florida 1 1998 60 Neuro 70
Illinois 53 1999 64 Ortho 66
Iowa 30 2000 59 Respiratory 32
Maryland 47 2001 49 Urology 55
Massachussetts 26 2002 51
New York 10 2003 30
Pennsylvania 16 2004 30
Virginia 1
Washington 8
Wisconsin 25

Total 446 446 446

Notes: Data are from the NIS sample created by the HCUP and from the state
of California’s OSHPD office. Observations are at the hospital-specialty-year level.
Observations are included for hospital-specialties that have a non-missing lagged
rank.

Table 3
Summary statistics—hospital data.

Mean Standard
deviation

Minimum Maximum

Total Medicare patients within
a specialty

342 308 26 1942

Non-emergency 120 104 10 1334
Emergency 222 257 10 1709

Total Medicare patients by specialty
Cancer 122 53 26 342
Digestive 422 232 88 1019
Gynocology 92 26 42 133
Heart 741 470 147 1942
Neurology 321 134 69 671
Orthopedics 277 203 26 1401
Respiratory 380 219 135 946
Urology 142 65 44 280

Observations 446 446 446 446
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ischarges for a 20% random sample of hospitals each year from
ertain states. States varied their participation in the program such
hat hospitals from some states are overrepresented in the sample.
he NIS data contain similar information about each patient and
ospital visit as the California data.

In this analysis, the main findings are presented for Medicare
atients. There are several reasons to restrict the focus of this
aper to Medicare patients only. First, Medicare patients represent
ver 30% of all inpatient procedures. Also, in contrast to privately
nsured individuals (who may want to react to changes in a hos-
ital’s rank but cannot because of network-provider limitations)
edicare patients have flexible coverage. Most importantly, how-

ver, the prices that a hospital charges for Medicare procedures are
xed. The goal of this paper is to empirically test the elasticity of
emand with respect to perceived hospital quality. In order to esti-
ate this elasticity, it is a requirement that prices are exogenous. If

rices are allowed to endogenously adjust to changes in perceived
uality (as they may with non-Medicare patients), estimated elas-
icities would be biased. For this reason the main findings presented
n this paper are restricted to this set of patients. While potentially
iased, the results of perceived quality changes on patients from
ther payer categories will be presented in Appendix A. Within
edicare patients, we will also estimate models separately for

atients who were admitted as non-emergency patients and those
ho were admitted as emergency patients.9

I aggregate the hospital data to create a panel dataset at the
ospital-specialty-year level. Thus, I create counts for the num-
er of Medicare inpatients treated in a given specialty at a given
ospital for each year that the data are available. All hospital-
pecialty groups that received a USNWR rank in the prior year
ere included in the sample. Diagnosis-related group codes (DRGs)
ere used to classify each individual into a specialty.10 Hospital-

pecialty rankings for AIDS and Kidney Disease were not used
ecause USNWR did not consistently rank these specialties dur-

ng the sample period. Furthermore, hospital-specialty rankings
or Endocrinology, Otolaryngology (Ear, Nose and Throat), and
heumatology were dropped because hospitals very rarely treated
on-emergency inpatients in these specialties.11 All other hospital-
pecialty-year groups from the remaining eight specialties that
reated at least ten non-emergency and emergency patients were
ncluded in the analysis.12

The timing of the release of the USNWR rankings each year is
mportant when attempting to capture the effect of rankings on
onsumer behavior. Each year, USNWR releases the rankings in a
all magazine issue. Since the available hospital data only contains
uarter of admission and given that many patients often have to

ake appointments a month or more in advance of admission, it

s difficult to know which issue individuals who were admitted
n the 3rd or 4th quarter of each year would use in their decision.
herefore, in the main specifications that I present, I created counts

9 Non-emergency patients are identified in the California data as patients “not
cheduled within 24 hours or more prior to admission” and in the NIS as patients
imply classified somehow as “non-emergency patients”.
10 The matching between DRGs and specialties was chosen to be the same as that
sed by USNWR when measuring patient volume by specialty. See the USNWR
ethodology report for this matching procedure, www.usnews.com/usnews/

ealth/best-hospitals/methodology.htm.
11 The dataset consists of inpatients only. Thus, while there are many non-
mergency outpatients in these specialties, the inpatients are nearly 100% emergent
ases.
12 These specialties include cancer, digestive, gynecology, heart, neurology, ortho-
edics, respiratory, and urology. Hospital-specialties with non-emergency and
mergency-patient counts of less than 10 cases were dropped in order to reduce
he noise involved with hospitals that did not regularly treat inpatients of the given
ype.
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otes: Observations are at the hospital-specialty-year level. The data represent
atient counts for the first and second quarters of the observation years. Obser-
ations are included for hospital-specialties that have a non-missing lagged rank.

or patient volume and revenue for individuals who were admitted
etween January and June of each year—nearly all of whom would
ave used the previous fall’s rankings (log rank).13

Table 2 provides a breakdown of the aggregate-level observa-
ions for Medicare patients admitted between January and June of
ach year by state, year, and specialty. As indicated in the Table,
early half of the data points in the sample come from the state of
alifornia. This is due both to the fact that many of the top hos-
itals are in California and because the hospital data that I use
ontains a full sample of California hospitals. All years and spe-
ialties have a significant number of observations. Table 3 presents
he average number of patients that each hospital treats by spe-
ialty and patient type. The mean number of Medicare patients
reated in a given specialty for the average hospital in my sample is

42. Approximately one-third of those patients are non-emergency
atients while the remainder is emergency patients. Significant
ariation exists across specialties regarding the number of patients
hat are treated. For example, the specialty that treats the most

13 Appendix Table A1 presents the regression results if patients from the 3rd quar-
er of the year (who may or may not be using the previous fall’s rankings) are also
ncluded.

http://www.usnews.com/usnews/health/best-hospitals/methodology.htm
http://www.usnews.com/usnews/health/best-hospitals/methodology.htm


Econo

p
7
a
e

w
g
h
i
h
t
t
t
t
t
I
a
a
c
f
g
s

5

5

r
i
y
h
w

Y

w
o
h
R
D
a
H
s

o
c
c
i
s
t
fi
t
n
c
h

d
w
g
a
s
p
r

p
h
p

s
r
r
a
l
a
a
i
t
i
l
a
c
h
b
r
d
t

o
t
c
m
c
c
t
u
s
c
s
t
c
c
c
r
U
d
o
w
t
c
y
d
c
H
i
t

5

c
e
c
t
h

D.G. Pope / Journal of Health

atients is the Heart specialty where the average hospital treats
41 patients each half of year. On the other end of the spectrum, the
verage hospital in my sample only treats 92 gynecology patients
ach half of year.

An obvious question regarding the hospitals in this sample is
hether they truly compete with each other for patients given their

eographic diversity. Clearly, most non-emergency patients choose
ospitals that are nearby when choosing medical care. However,

n some cases patients may cast a wide net when deciding which
ospital to visit and thus these ranking could significantly affect
heir decisions. Furthermore, even if someone is choosing between
wo local hospitals (one of which is ranked), an improvement in
he ranking of the ranked hospital may increase the likelihood that
he patient will choose that hospital over a different local hospital
hat is unranked. This may be a large factor in driving our results.
n the empirical specification, however, I also test for the effect of

hospital-specialty that improves its rank such that it surpasses
nother hospital-specialty’s rank that is in the same state. Thus, I
an test for the effect of changes in a hospital-specialty’s state rank
rom year to year where one might expect to find larger effects
iven the increased amount of competition for patients within a
tate.

. Empirical strategy

.1. Aggregate-level analysis

The key advantage to using rankings to test whether consumers
espond to changes in perceived hospital quality is that the rank-
ngs that I study are disseminated and have variation from year to
ear. Thus, I am able to control for unobserved heterogeneity at the
ospital-specialty level and identify off changes in rank that occur
ithin a hospital-specialty across time.

The baseline econometric specification used is

jt = ˛j + ıt + ˇRankjt−1 + εjt

here Yjt represents either the log number of Medicare discharges
r the log total revenue generated from Medicare patients at
ospital-specialty j during the first or second quarter of year t.
ankjt−1 is the USNWR rank of hospital-specialty j in year t − 1.
epending on the specification, I include the overall USNWR rank
s well as where each hospital ranks within their respective state.
ospital-specialty and year fixed effects are also included in the

pecification.
A fundamental challenge of identifying the effect of rankings

n consumer behavior is the possibility that rank changes are
orrelated with changes in hospital quality that are observed by
onsumers but unobserved by the econometrician. For example,
t is possible that a hospital builds a new cancer wing. This might
imultaneously improve the hospital’s rank for cancer and allow
he hospital to attract more patients. If this happened, I would
nd an effect of rankings on patient volume. However, the correla-
ion between rank changes and changes in patient volume would
ot be due to consumers responding to rank changes, but rather
onsumers responding to something that caused a change in the
ospital’s rank.

I propose three robustness checks that allow me to be confi-
ent that the results I find are causal and not spurious. First, I test
hether or not rank changes affect changes in the number of emer-
ency patients treated by each hospital. Since emergency patients
re less likely to be able to respond to rankings, I would expect a
maller or no effect of rank changes on the number of emergency
atients treated by hospitals. However, if the effect that I find of
ank changes on patient volume were spurious (due to, for exam-
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le, a change in local demographics, a change in the size of the
ospital, etc.), I would expect the rank changes to affect emergency
atients as well as non-emergency patients.

While this robustness check may rule out certain endogeneity
tories, it is still possible that patients do not react to the hospital
ankings, but instead react to changes in hospital quality that the
ank changes reflect. The second robustness check that I employ
ttempts to overcome this further potential bias. As explained ear-
ier in the paper, the statistics that USNWR uses to produce its
nnual rankings are 1–3 years old by the time the rankings are
ctually published. Thus, if patients are not using the actual rank-
ngs and only responding to the quality changes at hospitals that
he rankings represent, then one would expect a current increase
n patient volume for hospitals whose rank improves in the fol-
owing period. Evidence that the response to rank changes occur
fter the rankings are published as opposed to before suggests that
onsumers must be using the actual rankings when making their
ospital-choice decisions. For this robustness check, I estimate the
aseline econometric specification including both the lag overall
ank, which rank came out in the Fall prior to the hospital-choice
ecisions, as well as the current overall rank which came out after
he hospital-choice decisions were made.

Finally, I consider one additional robustness check which relies
n a unique institutional detail of the rankings. For each hospi-
al, not only are consumers provided with a rank, but also with a
ontinuous quality measure. If the rankings simply reflect infor-
ation that is unobserved to the econometrician but observed by

onsumers, then consumers should be responding to changes in the
ontinuous quality measure as opposed to discontinuously reacting
o changes in rank. Thus, after flexibly controlling for the contin-
ous quality score, changes in the ordinal rankings of hospitals
hould not affect consumer decisions. However, if consumers are
ausally affected by rank changes, then the ordinal rankings may
till influence consumer choices even after controlling for the con-
inuous quality score. This strategy simultaneously tests that: (i)
onsumer decisions are causally affected by the rankings and (ii)
onsumers ignore the more informative measure of hospital and
ollege quality and focus their attention on changes in the ordinal
ankings. To clarify this, consider the following example. In 1997,
CSF was ranked as the 6th best hospital for treating digestive
isorders while UCLA was ranked 7th. In 1998, UCSF’s continu-
us quality score decreased causing its rank to fall to the 8th spot
hile UCLA continued to hold the 7th spot. Between 2002 and 2003,

he difference between UCLA and UCSF’s continuous quality scores
hanged by the same amount as it did between 1997 and 1998
et their ranks remained the same. If rank changes simply reflect
ifferences in hospital quality that consumers observe, then the
onsumer response to these two events should on average be equal.
owever, if consumers react exclusively to changes in ordinal rank-

ngs (and ignore the more detailed measure at their disposure),
hen a larger consumer response to the first event should occur.

.2. Individual-level analysis

Using the individual-level inpatient data, I estimate a discrete
hoice model for hospital choice. The individual-level analysis
nables me to control for the proximity of hospitals to patients. This
an both increase the precision of the analysis and also allow for
he comparison between the effect of distance and the rankings on
ospital decisions. I estimate a mixed-logit discrete choice model

McFadden and Train, 2000; Train, 2003) which is a flexible exten-
ion of the more traditional conditional logit model (McFadden,
974). The mixed-logit model has become the state of the art
ethod used in hospital-choice analyses (see Tay, 2003). Unlike the

onditional logit model, the mixed-logit model estimates random
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Table 4
The effect of USNWR hospital rankings on patient volume and revenue.

Dependent variable: log volume and revenue of non-emergency Medicare discharges

Log number of patients Log revenue generated from patients

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

Overall rank (lagged) 0.0088(0.0023)*** 0.0074(0.0028)** 0.0106(0.0028)*** 0.0101(0.0033)***

State rank (lagged) 0.068(0.019)*** 0.031 (0.025) 0.060(0.025)** 0.010 (0.031)
Hospital-specialty F.E. X X X X X X
Year F.E. X X X X X X
R-squared 0.939 0.937 0.939 0.965 0.964 0.971

Observations 446 446 446 446 446 446

Notes: Observations are at the hospital-specialty-year level. Robust standard errors clustered at the hospital-year level are reported in parentheses. The dependent variable
is the log number of non-emergency Medicare patients (Columns (1)–(3)) or the log revenue generated from non-emergency Medicare patients (Columns (4)–(6)) that were
admitted between January and June of the observation year. Overall rank (lagged) represents the rank that the hospital-specialty received the July or August before the
January–June data. State rank (lagged) represents the rank of the hospital-specialty relative to other hospital-specialties in the same state (e.g. a state rank of 2 means that
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here was one other hospital-specialty with a higher rank). Hospital-specialty and y
y one should be interpreted as an improvement in rank (e.g. 8th to 7th).
Significant at 10%.
** Significant at 5%.

*** Significant at 1%.

oefficients on the product characteristics in the indirect utility
unction. Allowing random taste variations eliminate the need for
ssuming the independence of irrelevant alternative assumption,
hich is likely to be violated in a model of hospital choice. In

rder to obtain this increased flexibility in substitution patterns,
he mixed-logit model has a more complicated functional form
hose likelihood function does not have a closed-form solution.
owever, recent advances in simulation techniques have made
stimating mixed-logit coefficients possible even for large datasets.
hus, mixed-logit models have recently been used, particularly in
he industrial organization and marketing literatures, to model a
ariety of choices (Berry et al., 1995; Train and Winston, 2006;
evo, 2001; Hastings et al., 2006).

The specific mixed-logit model I use, which can easily be gener-
ted from a standard random utility framework (see Train, 2003),
as choice probabilities that are expressed as

ijt =
∫ (

eˇxijt∑
je

ˇxijt

)
f (ˇ) dˇ (1)

here Pijt represents the probability that person i chooses hospital-
pecialty j in year t. xijt includes variables relating to each hospital
e.g. rank) as well as individual-hospital characteristics (e.g dis-
ance from the individual’s home to the hospital). The probability
hat person i chooses each of the possible alternatives is a weighted
verage of the logit formula (with a linear indirect utility function)
valuated at different values of ˇ according to the density function
(ˇ) (the mixing distribution). In this analysis, I use the normal dis-
ribution as the mixing distribution for distance, hospital rank, and
he controls for the continuous quality scores. Through numeric
ntegration, the log likelihood function of Eq. (1) is maximized to
ield estimates of both the mean and variance of ˇ.

Only the California data are used to estimate the mixed-logit
odel since patients’ zip code is not available in the NIS data. Using

atient and hospital zip codes, I calculate the distance between each

atient and every hospital in California.14 The resulting dataset is
uch too large to work with due to computational and space con-

traints. In order to limit the number of observations, I reduce the
ataset to patients admitted for a heart procedure.15 This reduces

14 This is done by using the latitude and longitude of the patient and hospital’s
ip-code centroids.
15 The majority of studies looking at health-care rankings focus on heart patients
e.g. studies of the New York State Coronary Artery Bypass Surgery Report-Card
ystem, Tay (2003), etc.).
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ed effects are included. The rank variable is inverted such that an increase in rank

he sample to 127,141 non-emergency Medicare patients that were
dmitted to one of 374 hospitals in California between January
nd June from 1998 to 2004. However, this sample continues to
e too large to work with (more than 47.5 million patient–hospital
airs). Thus, I further reduce the sample by eliminating patients
f hospitals that received less than 10 patients per year. 12,498
atients (9.8%) and 210 hospitals were eliminated resulting in the
limination of approximately 18.8 million patient–hospital obser-
ations. I proceed by generating a 25% random sample of these
atient–hospital observations leaving me with 28,647 patients and
,698,108 patient–hospital observations—a large, yet feasible num-
er with which to estimate a mixed-logit model. I report results
or the mixed-logit model as well as the conditional logit model
or comparison. Alternative-specific constants (dummy variables
or each hospital) are included in all specifications so that, as with
he aggregate-level analysis, I continue to be identifying the effect
f the rankings by analyzing changes in the rankings across time
ithin hospitals. I also continue to control for a cubic polynomial

f the quality scores in all regressions.

. Results

.1. Aggregate-level results

Using the baseline econometric specification provided in the
revious section, Table 4 presents the first set of results regarding
he impact of changes in USNWR rankings on patient volume and
evenue. For this table and all others, robust standard errors are
resented in parenthesis, clustered at the hospital-year level. The
ank variable for this and all other specifications was inverted so
hat an increase in rank represents an improvement in rank. The
stimate in Column (1) suggests that an increase (improvement)
n a hospital-specialty’s overall USNWR rank by one spot increases
he number of non-emergency patients treated at that hospital-
pecialty by 0.88%. This result is significant at the 1% confidence
evel. As opposed to looking at the effect of an overall rank move-

ent, Column (2) estimates the effect of a hospital-specialty which
hanges their relative ranking within their state. The coefficient
uggests that a hospital-specialty that improves their within-state
ank by one spot (e.g. 3rd place to 2nd place) experiences a 6.8%

ncrease in patient volume. Thus the effect of improving one’s

ithin-state rank by one spot (which typically requires moving sev-
ral overall rank positions) is roughly 8 times as large as improving
ne’s overall rank by one spot. Column (3) includes both the overall
ank and the state rank in the regression. Including both of these
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Table 5
The effect of USNWR hospital rankings on patient volume—by specialty.

Dependent variable: log number of non-emergency Medicare patient discharges by specialty

Cancer Digestive Heart Neurology Orthopedics Respiratory Urology
(1) (2) (3) (4) (5) (6) (7)

Overall rank (lagged) 0.0083(0.0064) 0.0067(0.0047) 0.0166(0.0070)** 0.0010(0.0032) 0.0031(0.0058) 0.0044(0.0101) 0.0124(0.0106)
Hospital-specialty F.E. X X X X X X X
Year F.E. X X X X X X X
R-squared 0.871 0.949 0.945 0.977 0.971 0.980 0.891

Observations 58 79 67 70 66 32 55

Notes: Observations are at the hospital-specialty-year level. Robust standard errors clustered at the hospital-year level are reported in parentheses. The dependent variable
is the log number of non-emergency Medicare patients that were admitted between Jan. and Jun. of the observation year. Overall rank (lagged) represents the rank that
the hospital-specialty received the July or August before the January–June data. State rank (lagged) represents the rank of the hospital-specialty relative to other hospital-
specialties in the same state (e.g. a state rank of 2 means that there was one other hospital-specialty with a higher rank). Hospital-specialty and year fixed effects are included.
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he rank variable is inverted such that an increase in rank by one should be interpr
Significant at 10%.
**Significant at 1%.

** Significant at 5%.

egressors requires more variation and thus the standard errors
or both coefficients increase. However, the overall rank coeffi-
ient continues to be positive and significant (although it is slightly
maller) and the coefficient on state rank becomes insignificant.
he point estimate on state rank, while insignificant, suggests that
ven after controlling for changes in overall rank, there is an addi-
ional benefit for hospitals to improve their rank relative to other
earby hospitals.

Columns (4)–(6) present analogous results to the first three
olumns. The dependent variable in these regressions, however,
s the total log revenue generated from non-emergency Medicare
atients. Both the size of the coefficients and the significance lev-
ls are very similar to the results on patient volume, as one might
xpect.

Table 5 presents the effect of overall rank changes on non-
mergency Medicare patient volume by each of the seven
pecialties used in our analysis (the gynecology specialty drops out
ue to insufficient observations). This table indicates that no sin-
le specialty is driving all of the results presented in Table 4. In
act, while statistical power is lacking in nearly all of these regres-
ions, the point estimate for rank changes is positive for every

pecialty. The specialty with the strongest coefficient is the Heart
pecialty (which is also the specialty that treats the most patients).
his suggests that people who are scheduling a non-emergency
npatient procedure related to a heart problem may be particu-

t
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able 6
obustness check: rank effect on emergency patients.

Dependent variable: log volume and revenue of emergen

Log number of patients

(1) (2) (3)

Overall rank (lagged) −0.0034(0.0038) −0.0021
State rank (lagged) −0.039(0.036) −0.028
Hospital-specialty F.E. X X X
Year F.E. X X X
R-squared 0.971 0.971 0.971

Observations 446 446 446

otes: Observations are at the hospital-specialty-year level. Robust standard errors cluste
s the log number of emergency Medicare patients (Columns (1)–(3)) or the log revenue g
etween January and June of the observation year. Overall rank (lagged) represents the ra
ata. State rank (lagged) represents the rank of the hospital-specialty relative to other ho
ther hospital-specialty with a higher rank). Hospital-specialty and year fixed effects are
e interpreted as an improvement in rank (e.g. 8th to 7th).
Significant at 10%.
*Significant at 5%.
**Significant at 1%.
s an improvement in rank (e.g. 8th to 7th).

arly likely to rely on these rankings when making a hospital-choice
ecision.

Tables 6–8 present the results of the three robustness specifi-
ations discussed in the empirical strategy section. Table 6 begins
y looking at the effect of rank changes on emergency patient vol-
me and revenue. Using the same specification as the one used in
able 4, I find that rank changes do not have a significant effect
n the number of emergency patients treated by a given hospi-
al. In fact, although not statistically distinguishable from zero, the

ajority of coefficients are negative. This provides the first piece
f evidence that the effects found in Table 4 are causal.

Table 7 analyzes whether the effect of rank changes occur before
r after the rankings are released. Controlling for both lagged and
on-lagged rank changes, I find that lagged rank changes are those
hat significantly affect changes in patient volume and revenue and
ot lead rank changes. Specifically, the coefficients on the rank vari-
bles that are not lagged are less than half the size of the lagged
ank variable coefficients for patient volume and are close to zero
r negative for patient revenue. Thus, even though rank changes
eflect changes in hospital statistics that occurred 1–3 years ago,
hey do not appear to have an effect on patient volume until after

hey are released.

Table 8 presents the final robustness check. Aside from simply
ncluding the overall rank variables, these regressions also control
or the underlying continuous quality score provided by USNWR.

cy Medicare discharges

Log revenue generated from patients

(4) (5) (6)

(0.0046) 0.0015(0.0034) 0.0022(0.0045)
(0.044) −0.004(0.034) −0.016 (0.045)

X X X
X X X
0.973 0.973 0.973

446 446 446

red at the hospital-year level are reported in parentheses. The dependent variable
enerated from emergency Medicare patients (Columns (4)–(6)) that were admitted
nk that the hospital-specialty received the July or August before the January–June
spital-specialties in the same state (e.g. a state rank of 2 means that there was one
included. The rank variable is inverted such that an increase in rank by one should
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Table 7
Robustness check: lead rank effect on patient volume and revenue.

Dependent variable: log volume and revenue of non-emergency Medicare discharges

Log number of patients Log revenue generated from patients

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

Overall rank (lagged) 0.0084(0.0026)*** 0.0078(0.0038)** 0.0106(0.0038)*** 0.0097(0.0048)**

State rank (lagged) 0.064(0.027)** 0.013 (0.039) 0.087(0.039)** 0.023 (0.048)
Overall rank (not lagged) 0.0035 (0.0031) 0.0028 (0.0032) 0.0002 (0.0036) 0.0012 (0.0041)
State rank (not lagged) 0.023 (0.028) 0.015 (0.027) −0.030(0.032) −0.028 (0.035)
Hospital-specialty F.E. X X X X X X
Year F.E. X X X X X X
R-squared 0.954 0.953 0.954 0.969 0.968 0.969

Observations 309 309 309 309 309 309

Notes: Observations are at the hospital-specialty-year level. Robust standard errors clustered at the hospital-year level are reported in parentheses. The dependent variable
is the log number of non-emergency Medicare patients (Columns (1)–(3)) or the log revenue generated from non-emergency Medicare patients (Columns (4)–(6)) that were
admitted between January and June of the observation year. Overall rank (lagged) represents the rank that the hospital-specialty received the July or August before the
January–June data. State rank (lagged) represents the rank of the hospital-specialty relative to other hospital-specialties in the same state (e.g. a state rank of 2 means that
there was one other hospital-specialty with a higher rank). Overall rank (not lagged) and state rank (not lagged) are similar except that they represent the rank that the
hospital-specialty received the July or August after the January–June data. Hospital-specialty and year fixed effects are included. The rank variable is inverted such that an
increase in rank by one should be interpreted as an improvement in rank (e.g. 8th to 7th).
*Significant at 10%.

** Significant at 5%.
*** Significant at 1%.

Table 8
Robustness check: controlling for continuous quality score.

Dependent variable: log volume and revenue of non-emergency Medicare discharges

Log number of patients Log revenue generated from patients

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

Overall rank (lagged) 0.0101(0.0033)*** 0.0089(0.0035)** 0.0120(0.0034)*** 0.0116(0.0038)***

State rank (lagged) 0.063(0.025)** 0.033 (0.026) 0.050 (0.029)* 0.012 (0.032)
Cont. quality score −0.855 (0.768) −0.015(0.645) −0.952 (0.776) −0.885 (0.820) 0.301 (0.717) −0.919 (0.832)
Cont. quality score—squared 0.479 (0.402) 0.064 (0.343) 0.517 (0.405) 0.476 (0.427) −0.101(0.366) 0.489 (0.432)
Cont. quality score—cubed −0.069 (0.059) −0.011(0.052) −0.074 (0.060) −0.065 (0.062) 0.016 (0.054) −0.067 (0.063)
Hospital-specialty F.E. X X X X X X
Year F.E. X X X X X X
R-squared 0.939 0.937 0.939 0.965 0.964 0.965

Observations 446 446 446 446 446 446

Notes: Observations are at the hospital-specialty-year level. Robust standard errors clustered at the hospital-year level are reported in parentheses. The dependent variable
is the log number of non-emergency Medicare patients (Columns (1)–(3)) or the log revenue generated from non-emergency Medicare patients (Columns (4)–(6)) that were
admitted between January and June of the observation year. Overall rank (lagged) represents the rank that the hospital-specialty received the July or August before the
January–June data. State rank (lagged) represents the rank of the hospital-specialty relative to other hospital-specialties in the same state (e.g. a state rank of 2 means that
there was one other hospital-specialty with a higher rank). Hospital-specialty and year fixed effects are included. A cubic polynomial of the continuous quality score that
each hospital received is also included as a control. The rank variable is inverted such that an increase in rank by one should be interpreted as an improvement in rank (e.g.
8th to 7th).
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* Significant at 10%.
** Significant at 5%.

*** Significant at 1%.

cubic of this continuous score is included.16 While including this
ontinuous score increases the standard errors for most coefficients
y 30–40%, the coefficient size remains very similar to those pre-
ented in Table 4. Furthermore, the majority of point estimates
ontinue to be statistically significant at conventional levels. It is

lso of interest to note that the continuous quality score variable is
ever significant, suggesting that while USNWR readers pay atten-
ion to the ordinal rank of each hospital, attention is not given to
he underlying continuous score that determines that rank.

16 A cubic function of this continuous variable is included in order to control for
possible nonlinear relationship between the continuous quality score and patient
olume. Earlier versions of this paper included the continuous quality score linearly
nd in various polynomial forms. The author may be contacted for results when
ncluding different degrees of the continuous quality score polynomial.
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Appendix Table A1 provides the results from several other spec-
fications that one might consider. Specifically, I test for the effect of
ank changes on non-emergency patient volume and revenue when
he 3rd quarter patients are included and find similar results. I also
est for the effect of log rank changes on volume and revenue. The
og specification allows rank changes at the top of the list (mov-
ng from 5th to 3rd) to be more influential on consumer choices
han rank changes at the bottom of the list (35th to 33rd). The fit
f the model is about the same for the log rank specification as
he linear rank specification. This suggests that consumers react
lightly more to rank changes that occur at the top of the list, yet

ot to the degree that a log specification would imply. I present
stimates from linear rank changes in our main specification for
ase of interpretation and clarity. In Appendix A, I also present the
ffect of rank changes on private insurance and Medicaid patients.
priori, I thought that the effect of rank changes would be smaller
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Table 9
Mixed and conditional logit estimates of hospital choice.

Mixed logit Conditional logit

Mean S.D.

(1) (2) (3) (4)

Rank (lagged) 0.0118(0.0068)* 0.0054(0.0041) 0.0125(0.0063)** 0.0386(0.0129)***

Rank × (less than 50 miles) −.0231 (0.0128)*

Distance
Less than 3 miles 12.62 (0.10)*** 2.10 (0.09)*** 12.34 (0.09)*** 12.57 (0.09)***

3–6 miles 11.49 (0.09)*** 1.42 (0.07)*** 11.34 (0.09)*** 11.57 (0.09)***

6–10 miles 10.21 (0.09)*** 0.71 (0.08)*** 10.06 (0.09)*** 10.30 (0.09)***

10–20 miles 8.60 (0.09)*** 0.22 (0.08)*** 8.47 (0.09)*** 8.72 (0.09)***

20–50 miles 6.48 (0.09)*** 0.64 (0.08)*** 6.47 (0.08)*** 6.72 (0.09)***

50–100 miles 3.48 (0.08)*** 0.24 (0.13)* 3.48 (0.08)*** 3.58 (0.08)***

Cont. quality score (cubic) X X X X
Cont. quality score (cubic) × (less than 50 miles) X
Alternative-specific constants X X X X
Log likelihood −58,732 −58,732 −58,967 −58,711
# of individuals 28,647 28,647 28,647 28,647
# of observations 4,698,108 4,698,108 4,698,108 4,698,108

Notes: Each observation represents a unique patient–hospital pair. The observations represent all patient–hospital pairs from a 25% random sample of all Medicare, non-
emergency, heart patients admitted between January and June between 1998 and 2004 to hospitals that treated at least 10 non-emergency patients. Columns (1) and (4)
present results from a conditional logit model and Columns (2) and (3) present results from a mixed-logit model. The dependent variable is an indicator that equals 1 if
the patient chose the hospital represented in that patient–hospital pair. Rank (lagged) represents the rank that the hospital-specialty received the July or August before the
January–June data. The base group for the distance indicators is the hospital being located more than 100 miles from the individual’s home. An alternative-specific constant
was included for each hospital. The rank variable was inverted such that an increase in rank by one should be interpreted as an improvement in rank (e.g. 8th to 7th).
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Significant at 10%.
** Significant at 5%

*** Significant at 1%.

or these groups since they are oftentimes more restricted in which
ospitals their health plans allow them to visit and because hospi-
als can adjust their rates for these patients according to changes in
emand. The coefficient on rank changes for these groups are only
arginally significant and the coefficient size is approximately 30%

maller.

.2. Individual-level results

Table 9 contains the results from the mixed-logit model using
he individual-level hospital data. Column (1) provides estimates
or the mean effect of the rank and distance-to-hospital variables.

hile controlling for alternative-specific constants and continu-
us quality scores (cubic), I find that a better rank is associated
ith individuals having a higher probability of attending the hos-
ital. Column (2) provides estimates for the standard deviations
f the random coefficients. For comparison, Column (3) provides
onditional logit estimates for the rank and distance-to-hospital
ariables. The coefficients are very similar across the two mod-
ls. Column (4) includes an interaction term between rank and the
ospital being less than 50 miles away. The results suggest that

ndividuals who live more than 50 miles away from a hospital that
xperiences an increase in rank are affected about three times as
uch as individuals living within 50 miles.
How does the effect of rank changes compare to the importance

f distance for individuals making hospital decisions? Analyzing
he coefficients in Column (1) (or Column (3)), an improvement
n rank by ten spots is approximately equal to 1/10th of the value
lace on a hospital being less than three miles from an individual
s opposed to 3–6 miles away. If the regression is run with a linear

istance variable, a ten spot change in rank is approximately equal
o the value of a hospital being 1 mile closer to the patient. One
urther comment on the size of the rank effect is that I am estimat-
ng the average response rate across all individuals. If only 10% of
eople actually use the USNWR rankings, then the value that those

w
r
i
r

eople place on the rankings is actually ten times higher than the
nterpretation given above.

Are the magnitudes of the effects found in the individual-level
nalysis comparable to the aggregate-level analysis? Interpreting
he marginal effect of a rank change at the average values of the
xplanatory variables and at an average hospital yields an increase
n probability of 0.000075 for an improvement in rank by one spot.

ultiplying this probability increase by the total number of heart
atients treated in California in a given year indicates that a hospital
hat improves its rank by one spot should expect approximately 1.5

ore patients which is equivalent on average to an increase in heart
atient volume by 0.2%.

. Discussion and conclusion

Overall, the results from this analysis suggest that USNWR rank-
ngs of hospitals have a significant impact on consumer decisions.
n order to understand exactly the number of people whose hos-
ital choices were affected by these rankings, it is necessary to
now how volatile the rankings are. On average, the rank of each of
he hospital-specialties in my sample changes by 5.49 spots each
ear. Thus, the USNWR rankings on average account for a change
n over 5% of non-emergency Medicare patients in each of these
ospital-specialties each year. A precise count of the number of
ospital switches that took place because of the rankings can be
alculated by summing up the rank changes and multiplying them
y the number of patients and the percent of patients affected,

jt

1% × |(Rankjt − Rankjt−1)| × Non-emergency patients(per year)j
In order to estimate the exact number of people in this sample
hose hospital-choice decisions were affected by the rankings, the

esulting number from Eq. (9) should be divided in half because
ndividuals that choose a higher ranked hospital over a lower
anked hospital are essentially being counted twice (a decrease
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Table A1
The effect of USNWR hospital rankings on patient volume and total revenue—alternative specifications.

Dependent variable: log patient volume or total revenue generated from non-emergency Medicare patients by type

Log patient volume Log total revenue

Medicare (1) Medicare (2) Insurance (3) Medicaid (4) Medicare (5) Medicare (6) Insurance (7) Medicaid (8)

Rank (lagged) 0.0084(0.0023)*** 0.0062(0.0040) 0.0059(0.0044) 0.0079(0.0024)*** 0.0082(0.0046)* 0.0074(0.0054)
Log (rank) (lagged) 0.192(0.050)*** 0.235(0.065)***

Including 3rd quarter X X
Hospital-specialty F.E. X X X X X X X X
Year F.E. X X X X X X X X
R-squared 0.946 0.938 0.969 0.927 0.968 0.965 0.973 0.942

Observations 446 446 446 444 446 446 446 444

Notes: Observations are at the hospital-specialty-year level. Robust standard errors clustered at the hospital-year level are reported in parentheses. The dependent variable
is the log number of non-emergency Medicare patients, insurance patients, and medicaid patients (Columns (1)–(2), (3), and (4) respectively), or the log revenue generated
from non-emergency Medicare patients, Insurance patients, and Medicaid patients (Columns (5)–(6), (7), and (8), respectively) that were admitted between Jan. and Jun.
of the observation year. Overall rank (lagged) represents the rank that the hospital-specialty received the July or August before the January–June data. Log(rank) (lagged)
represents the log of the rank (lagged) variable. Hospital-specialty and year fixed effects are included. The rank variable is inverted such that an increase in rank by one
s
*
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hould be interpreted as an improvement in rank (e.g. 8th to 7th).
*Significant at 5%.

* Significant at 10%.
*** Significant at 1%.

n patient volume in the lower ranked hospital and an increase
n patient volume at the higher ranked hospital). This calculation
esults in an estimated 1788 non-emergency Medicare patients in
y sample who adjusted their hospital choice because of the rank-

ngs. A similar calculation can be done to calculate the amount of
evenue affected by the rankings. An estimated 76 million dollars
f revenue was transferred from hospitals in my sample whose
ank decreased to hospitals whose rank increased. Given that
y sample only represents a small portion (about 10%) of all of

he USNWR rankings, the effect that these rankings have had on
atients nationwide is likely much higher. Assuming my sample
o be representative of the other hospitals ranked by USNWR, I
stimate that these rankings have influenced over 15,000 hospi-
al decisions made by Medicare patients and 750 million dollars in
evenue between 1993 and 2004.

However, the estimates that are provided in this analysis are
nly a first step in determining the overall impact of these rank-
ngs on hospital markets. While it is beyond the scope of this paper,
hese rankings may also induce a measurable firm response. To
nderstand the entire impact of these rankings, it is necessary to
now whether the response of hospitals to the rankings is efficiency
ncreasing or decreasing. This paper provides a first step in under-
tanding how strong the incentives may be for hospitals to try to
mprove their rank.

Overall, I find that USNWR hospital rankings have a large impact
n hospital-choice decisions. Why is it that this ranking system
as a large impact on decisions while many other rankings and
easures of hospital quality do so little to affect choices?17 While

here may be several answers to this question, I posit three plau-
ible explanations. First, unlike many studies of hospital quality,
ur paper focuses on non-emergency Medicare patients. Due to
he availability of time to make a decision and a flexible health-care
lan, these patients are the most likely to be affected by hospital
uality. Our estimates would be substantially smaller if they rep-

esented the impact of USNWR rankings on the average patient.
econd, the simplicity of the USNWR quality measure – ordinal
anks – may be easier for consumers to understand and respond to
han other more complicated measures of hospital quality. Recent

17 An exception to this is Cutler et al. (2004) that find that hospitals that are flagged
s high mortality in New York experience a 10% reduction in patient volume—an
ffect similar in magnitude to that found in our paper.

D

D

E

F

G

ork in behavioral economics suggests that the simplicity of infor-
ation content is an important factor in consumer behavior (see

or example, Bertrand et al., 2005). As evidenced by the popular-
ty of both its hospital and college rankings, USNWR seems to have
ome up with a system to which consumers are able to easily grasp.
inally, the fact that these rankings come out in a popular national
agazine may give them better coverage and/or make them seem
ore reliable to the general public than other measures of hospital

uality.
While it can be argued whether changes in these rankings reflect

rue changes in hospital quality, at the very least, consumers are
illing to respond to changes in perceived hospital quality. This
as implications regarding the competitiveness of hospital markets
nd further suggests that the release and dissemination of believ-
ble information regarding hospital quality can affect consumer
ospital-choice decisions.
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