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Abstract
This study explores how disclosing consumer ratings affects performance and biases raters.
Using data from a health care system, I find that publicly disclosing patient ratings of physicians
leads to: 1) performance improvement by the ratings and by objective measures of quality, and 2)
a bias among raters, who positively weight a physician’s published average rating in deriving
subsequent ratings for the physician. To understand the moderating effects of public attention, I
use variation in web traffic to a physician’s disclosed rating. I find evidence consistent with
public attention reinforcing raters' bias toward concurring with a physician’s published average
rating, thus impeding rating improvement. Within a national distribution of ratings, the
disclosure leads to an improvement in ratings by 17 percentile points and a bias in a given
physician’s ratings toward his or her published average rating by 24 percentile points. The
findings demonstrate that consumer-rating disclosure is a means of performance management,
and that resulting bias is a reason to interpret subsequent trends in ratings as understated signals
of trends in service.
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1. INTRODUCTION
This study investigates effects of a health care system disclosing patient ratings of its
physicians to the public. Health care systems, hotel chains, and universities are among the many
other organizations disclosing consumer ratings.1 Though studies find disclosure of other types
driving performance, consumer-rating disclosure is distinct in that it reveals subjective ratings to
subsequent raters.2 Behavioral economic mechanisms free to operate under those conditions may
bias ratings toward the published consensus (Furnham and Boo [2011], Tversky and Kahneman
[1975]), which would dull the sensitivity of ratings to effort and hamper their improvement
(Banker and Datar [1989]). Each end of the resulting theoretical tradeoff, whereby consumerrating disclosure may elicit improvement despite weighting consumer ratings toward the
published consensus, is relevant to research on performance disclosure and on the effective use
of consumer ratings.3 Evidence regarding this tradeoff, though, is lacking.
I assess the predicted tradeoff and its dynamics empirically using data from the disclosure
of physician ratings at University of Utah Health Care (UUHC).4 UUHC offered research access
to visit-level data from millions of patient visits occurring over more than three-and-a-half years.
The tests herein exploit variation in whether and when physicians became subject to the
disclosure. A generalized difference-in-differences approach pools estimates from the disclosure
intervention’s staggered implementation. Such pooling, used in prior research on health care
1

For examples of consumer-rating disclosure by such institutions, see Cleveland Clinic [2016], Stanford Health
Care [2016], Starwood [2016], Marriott [2016], Holiday Inn [2016], Columbia University [2016], and Texas Tech
University [2016].
2
Bennear and Olmstead [2008], Jin and Leslie [2003], Lu [2012], and Chatterji and Toffel [2010] address public
performance disclosure by third-party evaluators, and do not indicate that the disclosure alters the information
available to evaluators. Further, with the exception of Chatterji and Toffel [2010], the disclosed measures are
objective in nature (though Jin and Leslie [2003] address restaurant hygiene grades, they state that the grades’
“subjective component has been removed” since before effect estimation).
3
See Leuz and Wysocki [2016] for a survey of performance disclosure literature, and Kaplan and Norton [2005] and
Luca [2016] regarding uses of consumer ratings.
4	
  “Physician ratings” is one of the popular terms used to describe patient ratings of physicians (e.g., Glover [2014]),
and I adopt this terminology. 	
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disclosure, increases the estimates’ precision and robustness (Dranove, Kessler, McClellan, and
Satterthwaite [2003], Duflo [2002]). The sample’s substantial time range allows validating the
assumption of parallel dependent-variable trends. Physician fixed-effects control for static
differences among physicians included in and excluded from the disclosure. Robustness tests,
including propensity-score matching, suggest that demographic differences among physicians do
not drive results. Data on patient characteristics, including multiple measures of underlying
patient health, allow controlling for patient mix through means consistent with leading health
economics research (e.g., Chandra, Gruber, and McKnight [2010], Dafny [2005], Doyle Jr.
[2011]). Isolating changes in performance from changes in patient mix is critical in assessing
health care disclosure’s performance effects (Dranove et al. [2003]). With this identification
strategy, I address the noted theoretical tradeoff of consumer-rating disclosure.
On one end of the tradeoff, consumer-rating disclosure may elicit performance
improvement. This result is not theoretically straightforward. Bias among raters after viewing
disclosed ratings could dull the sensitivity of ratings as performance measures, deterring and/or
misdirecting service providers’ effort toward rating improvement. Regarding effort deterrence,
the economically optimal level of effort to exert toward improving a measure declines with a
reduced sensitivity of the measure to effort (Banker and Datar [1989]). Regarding effort
misdirection, rater bias would obscure responses of ratings to fundamental changes in service,
inhibiting physicians’ ability to learn through trial-and-error (Campbell, Epstein, and MartinezJerez [2011]). Extant disclosure literature shows performance effects in settings wherein a bias in
performance measures toward published values, and related performance-impeding forces, are
not mentioned and are relatively unlikely.5 The current study is unique in testing consumer-rating
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Bennear and Olmstead [2008] assess disclosure of water safety violations, Jin and Leslie [2003] restaurant hygiene
grades whose “subjective component has been removed” since before effect estimation, and Lu [2012] percentages
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disclosure’s performance effects, and establishing their persistence among ratings’ bias toward
the published consensus.
A bias in consumer ratings toward the published consensus rating constitutes the other
end of the predicted tradeoff. I term this a “consensus-bias” effect of disclosing consumerratings, and provide the first substantiating evidence.6 Raters subject to consensus bias would
positively weight the published consensus rating in forming their own ratings. The effect may
result from the anchoring and adjusting heuristic among raters, whereby an initially displayed
reference point attracts subsequent estimates toward itself. However, anchoring has primarily
been established under the conditions of an arbitrary reference point and estimation regarding a
topic that an individual has limited familiarity with (Furnham and Boo [2011], Tversky and
Kahneman [1975]). Whether anchoring applies when informative reference points – actual prior
consumer ratings – are available to an individual who has certainly experienced the subject they
are evaluating is unclear. The relevance of prior consumer ratings would plausibly make them
more salient, and thereby influential, as subconscious reference points. Direct and recent
experience with the subject of rating, though, may facilitate forming one’s independent rating
(Muchnik et al. [2013]). In addition to anchoring, social herding may yield consensus bias.
However, related theory hinges on individuals feeling uncertain and assuming that others are
better informed, which may not transfer to the case of a direct consumer evaluating their
consumption experience (Baddeley [2010], Keynes [1930]). Further, theories of consumer
of nursing home patrons with various health problems. The objective nature of these measures counters the use of
subjectivity among evaluators to produce biased evaluations. Further, in each of those studies and in Chatterji and
Toffel [2010], regarding subjective rating disclosure, the disclosures are from third-party evaluators to the public.
The studies do not mention the disclosure altering the information available to evaluators, nor potentially biasing
performance evaluations toward published values.
6
A study of Amazon reviews estimates unbiased scores, but does not posit or assess whether bias is toward or away
from the published consensus (Sikora and Chuahan [2012]), a lab study finds mixed evidence that consumers who
disagree with a consensus rating amplify their rating in the direction of disagreement (Eryarsoy and Piramuthu
[2014]), and a third study shows a net effect of an arbitrarily assigned “thumbs-up,” but not of a “thumbs-down,” on
average ratings of web content (Muchnik, Aral, and Taylor [2013]).
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behavior suggest that some consumers who disagree with published rating exaggerate their
ratings in the direction of disagreement, and a lab study finds mixed evidence of this (Eryarsoy
and Piramuthu [2014]).
The current study extends three streams of research. The first is research on performance
effects of disclosure (e.g., Bennear and Olmstead [2008], Chatterji and Toffel [2010], Jin and
Leslie [2013]). I extend this stream to the growing realm of consumer-rating disclosure. I find
that consumer-rating disclosure is an effective tool for lifting performance, and that it must
overcome consensus bias among raters in that process. The performance effects include
improvement by consumer ratings and by objective quality measures. Improvement by those
nonfinancial performance measures has been shown to drive financial performance, and also to
be difficult to achieve through financial contracts.7, 8 I provide the first evidence of the tradeoffs
of an alternative approach to incentivizing nonfinancial performance – that of disclosing
consumer ratings.
Second, this paper speaks particularly to the stream of economic and medical research on
the performance effects of health care disclosure. Extant literature in this stream has focused on
outcome and safety measures, and has found limited performance effects.9 Physician ratings
reportedly garner greater interest among patients than do these other types of health care
performance (Brown, Clarke, and Oakley [2012], Dafny and Dranove [2008], Hanauer, Zheng,
Singer, Gebremariam, and Davis [2014]). Public attention to disclosure should, in theory,
7

Ittner, Larcker, and Meyer [2003] report that supervisors tasked with administering balanced-scorecard-based
compensation shifted weight away from nonfinancial performance measures, and Bol, Keune, Matsumura, and Shin
[2010] report that supervisors are adversely influenced by political concerns in applying nonfinancial performance
ratings within compensation.
8
	
  See Chevalier and Mayzlin [2006], Hu, Liu, and Zhang [2008], and Luca [2016] regarding effects of online
reviews on revenue, Ittner and Larcker [1998], Banker et al. [2000], and Nagar and Rajan [2005] regarding effects
of customer satisfaction on financial performance, and Balasubramanian, Mathur, and Thakur [2005], and Banker et
al. [2000] regarding effects of quality on financial performance.	
  	
  
9
See Dranove et al. [2003], Epstein [2006], Ryan, Nallamothu, and Dimick [2012], and Shukla [2013] finding
small, inconclusive, or no effects of such health care disclosure initiatives.
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facilitate the disclosure’s performance effects (Kolstad [2013], Parker and Nielsen [2011], Weil
et al. [2006]), which raises the possibility that disclosing physician ratings will yield significant
performance effects. This paper’s assessment of those performance effects is pertinent in light of
the many health care systems, including industry leaders such as Stanford Health Care and
Cleveland Clinic, that have recently disclosed physician ratings.
This paper extends a third stream of literature, on consumer ratings. Consensus bias
would delay ratings in depicting a new service level while the published consensus rating,
toward which the ratings would be biased, updated to reflect the new service level. Managers and
researchers aware of such a lag in ratings depicting a new service level could better assess the
sequence of service improvement, online consumer ratings, and financial performance.
Accounting and economic studies note the importance of this sequence to managers (Banker et
al. [2000], Banker and Mashruwala [2009], Luca [2016]). Also, principals could account for a
lag in ratings’ responsiveness to service-level changes in using the ratings to infer agents’ effort
(Lyu, Wick, Housman, Freischlag, and Makary [2013], Ubel [2015]). Such inference is a step in
mitigating moral hazard (Hölmstrom [1979]). Finally, consensus bias is relevant to literature on
employee evaluation biases in two regards (Bol [2011], Moers [2005], Prendergast and Topel
[1993]). First, consensus bias among consumer raters would affect employee evaluations that
incorporate consumer ratings. Second, supervisors who are aware of a past evaluation consensus
regarding an employee may be prone to consensus bias in their own evaluations of the employee
(Grote [2005]).
To further advance the noted streams of research, I explore the way in which public
attention to disclosure moderates its performance and bias effects. Using data on web traffic to
individual physicians’ disclosed ratings I assess evidence of theory that public attention to
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disclosure strengthens its performance effects (Kolstad [2013], Parker and Nielsen [2011], Weil
et al. [2006]). Further, I show how consumer-rating improvement and the theoretically
countering force of consensus bias vary with public attention to disclosed ratings. The results
enable managers to account for public attention to disclosure in predicting its performance and
bias effects.
2. THEORY AND MOTIVATING LITERATURE
Economic theory offers reasons to expect positive performance effects of consumerrating disclosure. Consumer ratings influence purchasing decisions in many industries, including
health care (Chevalier and Mayzlin [2006], Dranove and Dafny [2008], Hannauer et al. [2014],
Luca [2016]). If consumer-rating disclosure creates a more competitive market in which
favorable ratings lead to revenue, the disclosure should enhance incentives to perform well as
measured by the ratings. Jin and Leslie [2003] provide evidence of disclosure’s performance
effects and attribute the effects to revenue-based incentives.
Consumer-rating disclosure may further incentivize performance through forces of social
comparison. By facilitating the comparing of oneself to peers, disclosure bolsters the self-image
of individuals who perform well relative to others (Brown et al. [2012], Smith [2000]). Tafkov
[2013] provides lab evidence that disclosure elicits performance improvement via self-image
incentives.
However, consumer-rating disclosure may impede performance improvement by biasing
raters toward the published consensus rating in forming their own ratings (“consensus bias”).
Consensus bias would dull the sensitivity of ratings to effort. Reduced sensitivity of a
performance measure diminishes the economically optimal amount of effort to exert toward
improvement by that measure (Banker and Datar [1989]). By obscuring the ratings’
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responsiveness to changes in service practices, consensus bias would also inhibit physicians’
ability to detect the success or failure of an attempt to improve service. Accounting literature
suggests that this inhibition of trial-and-error learning would have negative performance
consequences (Campbell et al. [2011]). Prior literature on disclosure’s performance effects has
not addressed a disclosure of subjective ratings to raters, nor explored the existence of potentially
resultant consensus bias and its implications for performance (e.g., Bennear and Olmstead
[2008], Jin and Leslie [2013], Lu [2012]).
Behavioral economic theories inform the likelihood of consumer-rating disclosure
yielding consensus bias. The anchoring and adjusting heuristic from behavioral economics, if
applicable to consumer ratings, would contribute to such an effect. Tversky and Kahneman
[1975] established evidence of this heuristic, whereby exposure to an arbitrary number draws
subsequent estimations and predictions toward itself. Many studies have shown similar results
whereby an arbitrary number (e.g., one that an individual sees upon spinning a “wheel of
fortune”) sways estimation or prediction regarding a subject of limited familiarity to the
individual (e.g., the number of nations in Africa) (Furnham and Boo [2011], Tversky and
Kahneman [1975]). Consumer ratings, though, are distinct from the reference points in those
studies. A published rating consensus is informative, rather than arbitrary, which may strengthen
its salience as a subconscious reference point for anchoring. On the other hand, consumers are
relatively familiar with the service being rated, and may thereby rely less on a subconscious
anchor to arrive at a rating. Indeed, Muchnik et al. [2003] find evidence that arbitrarily assigning
a single negative rating to user-contributed online content does not affect the average favorability
of subsequent ratings, although it is unclear whether this holds for representative consensus
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ratings. The theoretical tension and extant empirical evidence do not allow a strong prediction of
the application of anchoring to consumer-rating disclosure.
Social herding may also contribute to a consensus-bias effect. Social herding theory
explains how members of a peer group converge toward the same decision by observing and
conforming to others’ decisions (Baddeley [2010]). Keynes [1930] applied this theory to
understand speculation-driven financial market events. He argued that individuals conform to
others’ decisions because they 1) feel uncertain about the decision, and 2) assume others are
better informed. The influence of consumer ratings on purchasing decisions speaks to
consumers’ likelihood of assuming others are well-informed (Chevalier and Mayzlin [2006],
Hanauer et al. [2014], Luca [2016]). However, a consumer may not assume that others are better
informed than him or herself, especially if the consumer views the rating as regarding his or her
personal experience. Models of consumer behavior, and mixed lab evidence, suggest that
consumers may exaggerate a rating after seeing one that they disagree with (Eryarsoy and
Piramuthu [2014]). As with anchoring, it is not ex-ante clear whether social herding will apply to
consumer-rating disclosure.
This paper advances six hypotheses. Hypotheses 1-3 state the predicted tradeoff whereby
physician-rating disclosure yields performance improvement despite creating a consensus bias.
Hypotheses 1 and 2 regard performance improvement, and Hypothesis 3 regards consensus bias.

H1: Physician-rating disclosure positively affects ratings.

H2: Physician-rating disclosure positively affects objectively measured care quality.
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H3: Physician-rating disclosure biases subsequent raters toward the published consensus.

Testing these hypotheses extends three streams of literature. First, it informs economicsbased research that assesses the performance effects of disclosure. Although consumer-rating
disclosure is quickly spreading in service industries, little to no research has addressed its
performance effects. H1 and H2 predict a performance improvement effect of physician-rating
disclosure. The testing of H3 will indicate whether that effect occurs despite a consensus-bias
effect.10
Further, I test for performance effects on customer satisfaction as well as on objective
quality measures. Customer satisfaction and product/service quality generally lead to better
financial performance, and accounting research documents difficulty in incentivizing such
nonfinancial performance measures through financial contracts. 11 For instance, supervisors
manipulate evaluations to avoid political costs, and exhibit an aversion to basing compensation
on nonfinancial measures (Bol et al. [2010], Ittner et al. [2003]). The current study assesses
consumer-rating disclosure as an alternative means of incentivizing nonfinancial performance
measure improvement.
A second stream of literature that this study extends, through the tests of H1 and H2, is
that of health care disclosure research, which has so far found generally disappointing effects
(Dranove et al. [2003], Epstein [2006], Shukla [2013], Ryan et al. [2012]). Coronary artery
bypass graft (CABG) mortality rate disclosure, now mandated in 15 states, is the longest10

Positive time trends in the consumer ratings, shown in Table 3 Column 3, cause consensus bias to counter rating
improvement in actuality and as estimated via difference-in-differences.	
  	
  	
  
11
Ittner and Larcker [1998] find evidence of customer satisfaction leading to financial performance and higher
market valuations in a nonlinear manner, Nagar and Rajan [2005] find a strong relationship between customer
satisfaction and future profits, and Banker et al. [2000] find positive effects of both quality and customer satisfaction
on financial performance. Also, high levels of customer satisfaction that are publicly visible via awards and/or
online ratings have been shown to drive financial performance and market returns (Balasubramanian et al. [2005],
Chevalier and Mayzlin [2006]).
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standing and one of the most widely studied variants (Shukla [2013]). Some studies find
declining mortality rates following disclosure (e.g., Hannan, Sarrazin, Doran, and Rosenthal
[2013], Peterson, DeLong, Jollis, Muhlbaier, and Mark [1998]), but are unable to distinguish this
from the results of contemporaneous initiatives (Shukla [2013]). Dranove et al. [2003] explain
that observed declines in mortality rates may be due to changes in patient characteristics rather
than in care quality, and show that disclosure leads physicians to select against unhealthy
patients. A metastudy of mortality-rate disclosure finds generally inconclusive performance
effects, and recent studies find little to no performance effects (Epstein [2006], Ryan et al.
[2012], Shukla [2013]). Scholars also report adverse effects of disclosing hospital-level costs,
including insurers’ using the information to negotiate away discounts for competitors, and
hospitals’ manipulating nominal charges to obscure actual relative cost-efficiency (Christensen,
Floyd, and Maffett [2014], Cutler and Dafny [2011]).
The practice of disclosing ratings of individual physicians is relatively recent. In 2012,
UUHC became the first academic health care system to make such a disclosure online. Others
including Stanford Health Care, Wake Forest Baptist Health, and Cleveland Clinic have
followed. Studies suggest that a lack of patient and referring-provider attention to mortality-rate
disclosure weakens its impact on competition and resulting performance improvement (Brown et
al. [2012], Epstein [2006], Kolstad [2013]). Survey and field evidence indicates that physician
ratings receive significantly more attention (Brown et al. [2012], Hanauer et al. [2014]). Further,
a study of health insurance markets reported that, in selecting health plans, individuals respond to
others’ subjective ratings of care, but not to objective quality measures (Dafny and Dranove
[2008]). Physician-rating disclosure may, by virtue of its reported influence on patient choice, be
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more likely to result in performance improvement than the objective quality measure disclosures
assessed in the referenced studies. I provide evidence of a performance effect.
By testing H3, regarding consensus bias, this study extends a third stream of literature,
regarding the interpretation and application of consumer ratings. Ratings biased toward a
published consensus rating would lag a move to a new service level in depicting that new service
level. The ratings would, in part, reiterate prior ratings that regarded a different service level. The
ratings would more fully depict the new service level as ratings from the period of updated
service became a greater portion of the published consensus rating. Such a lag is relevant to
research on the sequence of service improvement, online consumer ratings, and financial
performance (Banker et al. [2000], Banker and Mashruwala [2009], Luca [2016]). Managers who
account for the lag could more accurately anticipate the timeline for a service improvement to
yield its full effect on consumer ratings. Researchers could similarly view online consumer
ratings as lagged, rather than coincident, indicators of service improvement. This would help
researchers to avoid measurement error in the timing of service improvement and financial
performance and to thereby more accurately estimate their causal relationship (Banker and
Mashruwala [2009]).
Evidence of consensus bias also informs attempts to mitigate moral hazard. A variety of
managers and regulators incentivize performance by consumer ratings that are visible to
subsequent raters (Flaherty [2014], Lyu et al. [2013], Ubel [2015]). By accounting for a lag in
those ratings’ updating, principals could more precisely measure effort and provide rewards
accordingly. For instance, academic promotion review boards could interpret student-evaluation
improvement after an assistant professor received a negative consensus evaluation that was made
visible to his or her subsequent students as requiring greater effort than if the consensus were
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kept private. If such effort went underestimated, the assistant professor would be incrementally
subject to moral hazard, specifically, the tendency to avoid exerting unobservable effort (Banker
and Datar [1989], Hölmstrom [1979]).
Finally, evidence of consensus bias is relevant to research on bias in employee
evaluations. Extant research on employee evaluation bias addresses issues of leniency, centrality,
race, and favoritism, but has not addressed a bias toward past consensus evaluations (Bol [2011],
Moers [2005], Prendergast and Topel [1993]). Consensus bias from consumers could affect
employee evaluations that incorporate consumer ratings that are visible to subsequent raters, as
in the academic promotion example. Consensus bias may also affect employee evaluations
through supervisors who view past consensuses and are biased toward them in evaluating an
employee (Grote [2015]).
To extend this paper’s contribution to performance-disclosure and consumer-rating
research, I address how the performance-improvement and consensus-bias effects vary with
recent public attention to consumer-rating disclosure. Public attention would, in theory, reinforce
disclosure’s performance effects by increasing the financial and self-image consequences of
performing well by disclosed measures (Graham [2000], Parker and Nielsen [2011], Weil et al.
[2006]). Hypotheses 4 and 5 address whether stronger rating improvement and objective-qualitymeasure improvement effects follow greater public attention to disclosed consumer ratings.
Consensus bias is also predictably stronger following recent public attention to
consumer-rating disclosure. In particular, anchoring and social herding would be more likely to
occur if a larger number of individuals viewed the published consensus and each viewed it
enough times to recall it. Hypothesis 6 addresses whether stronger consensus bias follows greater
recent public attention to disclosed consumer ratings.
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H4: The positive effect of physician-rating disclosure on ratings is greater under
conditions of greater recent public attention to the disclosure.

H5: The positive effect of physician-rating disclosure on objectively measured care
quality is greater under conditions of greater recent public attention to the disclosure.

H6: Physician-rating disclosure biases subsequent raters toward the published consensus
to a greater degree under conditions of greater recent public attention to the disclosure.

Testing H4-H5 offers some of the first evidence of a correlation between recent public
attention to disclosure and performance effects. A positive correlation would support theory that
public attention strengthens performance incentives tied to disclosure (Parker and Nielsen
[2011], Weil et al. [2006]). The test of H6, regarding consensus bias under greater public
attention, makes two additional contributions. First, it identifies public attention as a contextual
factor that warrants more significantly adjusting for consensus bias in interpreting and applying
publicly visible consumer ratings. Second, it assesses a potential impediment to a positive
correlation between public attention and subsequent performance improvement as measured by
ratings. Specifically, public attention to a consensus rating may strengthen consensus bias and
relatedly counter efforts to lift ratings above the published consensus.

3. SETTING
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The field research site, UUHC, is an academic medical system comprised of four
hospitals, eleven community clinics, and several specialty centers. The system receives over 1.4
million outpatient and over 30,000 inpatient visits annually, offering services ranging from
primary care to the most advanced types of cancer treatment. UUHC is a leader in health care
quality and safety, placing in the top 10 on the University Health Consortium’s ranking of
approximately 120 U.S. academic medical centers for six years in a row. It has recently
prioritized patient satisfaction improvement, climbing from the bottom quartile to above the 80th
percentile of peer hospitals by satisfaction measures from 2008 to 2014.
3.1 Physician ratings as a performance measure
Government, insurers, and health care systems increasingly use patient ratings of
physicians and care as performance measures. Private insurers and Medicare have, over the past
decade, incorporated the ratings into reimbursement calculations and public performance reports
at the hospital level (Lyu et al. [2013]). UUHC and other health care systems have created
departments tasked with improving patient experience as measured by physician ratings (Daniels
and Lee [2014], Merlino and Raman [2013]).
3.2 Physician ratings at UUHC
UUHC had launched a patient satisfaction improvement initiative several years before
disclosing physician ratings. Letters from unsatisfied patients were often addressed to UUHC’s
CEO, who remarked at the start of a patient satisfaction initiative in 2008, “If we are doing the
right things, why are the patients so unhappy? I want it to feel better here” (Daniels and Miller
[2014]). As part of the initiative, UUHC subscribed to Press Ganey Inc., the nation’s largest
patient satisfaction survey vendor. Press Ganey began automatically emailing a patient
satisfaction survey following each UUHC patient visit, including during the entirety of the

14

current study’s sample period. The survey asks patients to rate physicians on several criteria,
listed in Appendix A.
As UUHC’s patient satisfaction improvement efforts progressed, commercial online
physician rating systems challenged the organization to consider disclosing its own physician
ratings publicly. In December 2012, UUHC became the first academic health care system to
make such a disclosure.
3.3 Publicly disclosing physician ratings
Physician profile web pages, already integrated within the UUHC official website, served
as the venue for physician ratings disclosure.12 The only criterion for a physician’s inclusion in
disclosure was that he or she had received 30 or more ratings in the 12 months preceding a rating
posting. Physicians who met that criterion in December 2012 were the first to have their ratings
posted on their online profile. In July 2013, any physicians who failed to meet the criterion in
December 2012, but met it in July 2013, similarly had their ratings disclosed. Disclosed ratings
were the physicians’ 12 month average prior to the most recent posting that the physician met the
survey count criterion for.
Along with quantitative ratings, UUHC posted all comments regarding the physician that
did not identify the patient or contain slander or profanity. The effects of consumer-rating
disclosure herein refer to a disclosure that included such comments, which are a common
element of consumer-rating disclosures (e.g., Cleveland Clinic [2016], Columbia University
[2016], Starwood [2016]). Example comments appear in Appendix B. Though comments are not
used as dependent variables, the example comments illustrate the type of qualitative information
disclosed along with quantitative ratings.
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This paper refers to UUHC employees who conduct patient-visits as “physicians,” although some do not hold a
doctoral degree. Alternative degrees fall in nursing, assistant, and specialist categories.
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UUHC administrators reported heightened physician interest in ratings after the ratings
were disclosed. For example, a hospital executive not involved in proposing or designing the
disclosure initiative remarked that the disclosure “had a dramatic impact on the culture of the
physicians and their engagement [in patient satisfaction]”.
3.4 Generalizability
I am limited to data from one organization. The results may, though, be relatively
generalizable for a few reasons. First, a number of health care systems, including Stanford
Health Care and Cleveland Clinic, have disclosed physician ratings on physicians’ official online
profiles in the same manner as UUHC. The intervention is thus similar to that spreading in health
care. The same format of emailing surveys to gather responses that are periodically posted online
is also similar to rating disclosures in other industries, such as higher education (e.g., Columbia
University [2016]). Second, the data span tens of thousands of patients, hundreds of physicians,
and nearly four years. They also span a large patient and physician geographic area. UUHC
consists of four hospitals, ten community clinics, and several specialty centers that serve a
referral area encompassing five surrounding states and over 10% of the continental U.S. A
reason that the results may be limited, even relative to other studies regarding individual
institutions, is that the disclosure was made in a culture that supported and offered training
resources for rating improvement. The performance effects may partly depend on these
contextual factors.

4. DATA
The sample consists of proprietary data regarding patient visits, patient satisfaction
survey responses, and web traffic to physicians’ official online profiles. I restrict the sample to
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physicians present with UUHC in both the period before the first instance of disclosure and after
the last. That restriction: 1) affords including physician fixed-effects in difference-in-differences
models, and 2) orients the models to test for changes in physician behavior rather than changes in
physician group composition. The test of consensus bias further restricts the sample to physicians
who had received ratings more than one year before disclosure. This allows constructing the
consensus from which to measure bias toward during the year prior to disclosure. The consensusbias results are robust to stipulating that the consensuses consist of various numbers of survey
responses, as described in Section 5.3. Table 1 contains descriptive statistics of patient, visit,
procedure, and physician characteristics. Appendix C contains variable definitions.
4.1 Patient-visit characteristics
Patient-visit data fields include gender, age (with ages above 89 treated as 90, in
compliance with privacy standards), whether the insurance provider was Medicare or Medicaid,
whether the patient speaks English, and whether the patient was visiting the physician for his or
her first time. I incorporate patient age as indicator variables to account for nonlinearity in the
relationship between age and the models’ dependent variables. 13 In the analyses of ratings and
bias, this is a set from psychology research that represents differences in emotion and cognition
that would plausibly influence formation of a rating (Newman and Newman [2014]). In the
analysis of objectively measured quality, this is a set outlined by the Centers for Medicare and
Medicaid (CMS) to adjust quality measures for patient health risks (CMS [2016]).
Additional patient-visit characteristics are two measures of severity and complexity of the
patient’s condition. One is the Medicare reimbursement weighting associated with the visit,
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Surveys regarding visits of patients who are too young or otherwise incapable of responding are sent to the
caretaker whose email is associated with the patient’s medical record. The age of respondents who are caretakers of
the patient is not available in the data, and so is represented indirectly by the patient’s age (e.g., an infant age group
would control for the typical age range of individuals who are caretakers of infants).
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which reflects the severity of the case and the related complexity of treatment.14 The second is
the Charlson Comorbidity Index (CCI), a weighted score that represents the disease burden of
the patient.15 The CCI takes a value of one, two, three, or six, in general proportion to the
likelihood of mortality within one year associated with the comorbid condition. CCI conditions
range from ulcers to cancer. The conditions are recorded at the time of a procedure. Objectively
measured quality analyses regard procedures, and are thus able to include CCI as measured at the
given visit. Ratings may occur as part of a visit whether or not it involves a procedure, and
thereby whether or not CCI is measured. For rating analyses, I thus include CCI as its value for
the patient in UUHC visits during the six-month window centered at the rated visit. The results
are robust to narrowing this window to three months or expanding it to one year.
4.2 Physician characteristics
The data identify a physician’s gender, possession of an MD, age, number of years
employed by UUHC, and whether he or she is a tenure-track physician. The tenure track is
available through UUHC’s affiliation with the University of Utah Medical School. Generalized
difference-in-differences analysis of an intervention with multiple implementation dates utilizes
individual (herein physician) fixed effects. Physician fixed effects subsume time-invariant
physician characteristics. The noted data on these characteristics, though, allow comparing the
physician groups included in and excluded from disclosure, as well as constructing matched
samples of physicians for robustness tests.
4.3 Web traffic

14

See Brown [2003] and Evans, Hwang, and Nagarajan [2001] for similar application of this measure.
See Sundararajan, Henderson, Perry, Muggivan, Quan, and Ghali [2004] for a description of the index, and Dafny
[2005], Chandra, Gruber, and McKnight [2010], Doyle Jr. [2011] for examples of its use. 	
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Available data regarding web traffic are the number of page views of a physician’s online
profile each month during the sample period. A page view is an instance of a web browser
loading the physician’s online profile.
4.4 Physician ratings
Physician ratings are patient responses to automated emails sent by a third-party
company, Press Ganey Inc. The survey content and distribution is not subject to the discretion of
the physician conducting the visit. Patients answer the questions on a Likert scale of 1-5 with 1
indicating “very poor,” and 5 indicating “very good”. Rating components are listed in Appendix
A. The average rating for an individual visit by all nine questions is the current study’s
dependent variable rating. The average of rating over the 12 months prior to a date of disclosure
is made visible atop his or her profile upon rating disclosure.
Rating is generally very high, with an average in the sample for this study of 4.7 out of 5.
This raises the possibility that institutional factors lead only satisfied patients to respond to
surveys. However, this high average is representative of hospitals nationally. For UUHC’s peer
group of 120 academic hospitals that use Press Ganey surveys, the average is roughly 4.6 out of
5. The automated emailing system that directs surveys only to confirmed patients would also
make it difficult for physicians to manipulate the respondent pool relative to traditional online
reviews or to surveys that a physician distributes.
4.5 Procedures and quality
The objectively measured quality analysis applies to visits during which the physician
performed a procedure, regardless of whether the patient subsequently responded to a survey
regarding the visit. The proxy for quality is quality deduction, an indicator for whether the visit
resulted in either a patient readmission to the emergency department within 30 days, a hospital
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acquired condition, or both. A decrease in quality deduction corresponds to an increase in
quality. This variable’s component measures – 30-day readmissions and hospital acquired
conditions (conditions acquired along with treatment at the hospital) – are measured by health
care regulators and widely studied as adverse and avoidable events that indicate quality
failures.16 UUHC provided these component measures dating back to one month after the start of
the patient satisfaction dataset, affording nearly two years of quality observations before
physician-rating disclosure. The procedure data that UUHC provided included all of the
variables described in Sections 4.1 and 4.2, except whether the visit was a patient’s first to the
provider and whether the patient indicated that they speak English. Those two fields are gathered
and made available by Press Ganey to UUHC only along with survey response data

5. ANALYSIS
This study utilizes the criterion determining whether a physician’s ratings were posted
online, as well as the timing of the postings, in its generalized-difference-in-differences tests.
The single criterion was that a physician received 30 or more survey responses in the 12-month
period prior to a rating posting. Rating postings occurred twice during this study’s sample, once
in December 2012, and again in July 2013. Posted ratings stayed constant on the physician’s
profile until a subsequent posting that the physician met the survey count criterion for inclusion
in. The estimation employs generalized difference-in-differences, which has been used in a prior
study regarding health care disclosure (Dranove et al. [2003], Duflo [2002]). In addition to
physician and time fixed effects, the models also include extensive controls for patient mix,
including multiple measures of patients’ health risks.

16

See Andel, Davidow, Hollander, and Moreno [2012], and Joynt, Orav, and Jha [2011] for descriptions and
applications.
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A key identifying assumption is that each dependent variable would trend parallel for
physicians included in and those excluded from disclosure were it not for the disclosure. The
analysis includes placebo tests and graphical illustrations of these trends prior to the start of
disclosure at UUHC. A second key assumption is a lack of contemporaneous changes at the time
of disclosure that would otherwise alter the parallel trends. Propensity-score matching of
physicians allows testing for robustness to contemporaneous changes that would arise due to
differences in demographics of physicians included in and excluded from disclosure. Additional
tests show that the effects are robust after excluding, and are of comparable size among,
physicians who first met the criterion number of returned surveys within one year prior to their
inclusion in disclosure. This suggests that potential contemporaneous changes in dependent
variable trends due to a physician’s recently meeting the criterion for disclosure do not drive the
results.
5.1 Rating improvement
Model 1, specified as follows, tests for the effect of physician-rating disclosure on
subsequent ratings:

(1) Ratingpytv = α + δphysicianp + λyeary + ωperiodt + ςcontrolsv + βdisclosedpt + εpytv ,

where p indexes physicians, y indexes years, t indexes time periods segmented by disclosure
events, v indexes individual patient visits, and disclosed is an indicator for the time period
following which a physician’s ratings were disclosed, if ever, on their online profile. The
dimensions of the coefficient vectors are δ (1 × 394), λ (1× 4), ω (1 × 3), ς (1 × 15), and β (1 ×
1). Physician fixed effects control for physician characteristics, including membership in or
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exclusion from the treated group. Time fixed effects control for time trends common to the entire
sample, including differences between the before and after periods. The time variables are year
and period, the latter of which controls for static variation prior to and after disclosure events
occurring mid-calendar-year. β captures the difference-in-differences estimation of the effect of
physician-rating disclosure on ratings. The unit of observation is the patient-visit. Data at the
visit level allow controlling for observable patient and visit characteristics. These are the
monetary charges for the visit, the severity/complexity of the case, the patient’s comorbidities,
whether the visit’s insurer was Medicare or Medicaid, the patient’s gender, a set of psychometric
indicator variables for patient age, and an indicator variable for whether the visit was the
patient’s first to the physician. In estimating this model and all others in this study, standard
errors are clustered at the physician level to correct for autocorrelation among multiple
observations within physicians.17
Table 2 supports the parallel trends assumption. Column 1 displays results of estimating
Model 1 using a placebo disclosure, timed one year prior to the date on which a physician’s
ratings were actually disclosed, and confined to the pre-disclosure period. The coefficient on
placebo disclosed indicates no significant difference in rating trends in the pre-disclosure period.
Figure 2 illustrates rating trends in the pre-disclosure period for physicians included in and
excluded from disclosure.18

17

The number of years is too few for reliable clustering by the standards of Petersen [2009]. Clustering standard
errors by both years and physicians, though accordingly incorrect, slightly strengthens the results’ statistical
significance.
18
The variance of scatter points in Figures 2-4 is greater for physicians excluded from relative to those included in
disclosure. This is attributable to the smaller sample size for the former group. When I scale the variance to equate
the number of observations in the former group with that of the latter, the variances do not statistically significantly
differ. Widely cited difference-in-differences studies use treatment and control groups that differ in sample size by a
large multiple – at least as large as 18 (Card and Krueger [1994], Dynarski [2002]). A sample size difference
between treated and control group reduces effective sample size, but these studies do not mention it as a threat to
difference-in-differences estimation. The results in Tables 3-5 hold, as shown in Table 7, after propensity-score
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Table 3 displays the results of estimating Model 1. The coefficient on disclosed in
Columns 1 and 2 shows an estimated positive and statistically significant effect of the disclosure
on improvement by patient satisfaction ratings. Column 3 shows positive time trends in rating.
These trends are key to estimating improvement in rating that occurs in spite of, rather than due
to, consensus bias. Consensus bias would draw rating toward its prior published value and
thereby counter rating’s improvement in actuality and in difference-in-differences estimation
with non-negative trends. The results from Columns 1 and 2 support H1 – that disclosing
physician ratings positively affects ratings. The estimated effect is also economically significant
in that it raises a physician’s rank by the ratings among the national University Health
Consortium peer group by 17 percentile points on average.19 UUHC and other health care
systems report these ranks to individual physicians privately and sometimes publicly in
aggregate (Daniels and Miller [2014], Merlino and Raman [2013]).
5.2 Quality improvement
Model 2, specified as follows, measures the effect of physician-rating disclosure on the
occurrence of objectively measured quality deductions including readmissions and hospitalacquired conditions:

(2) Quality deductionpytv = α + δphysicianp + λyeary + ωperiodt + ςcontrolsv + βdisclosedpt + εpytv.

The model’s subscripts and the right-hand variables, other than those contained in the
controls vector, are the same as those in Model 1. The coefficient vector dimensions are δ (1 ×

matching reduces the multiple by which the sample sizes differ for physicians excluded from and included in
disclosure to less than 13.
19
The University Health Consortium percentile point conversions were produced using UUHC’s internal data
provided by Press Ganey that maps physician ratings to the consortium’s peer group distribution.
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194), λ (1× 4), ω (1 × 3), ς (1 × 20), and β (1 × 1). The control vector comprises charges, the
severity/complexity of the case, the patient’s CCI comorbidity score, whether the visit’s insurer
was Medicare or Medicaid, the patient’s gender, and the indicators for age as outlined by CMS
for health risk adjustment.
The results in Table 2 support the parallel trends assumption for quality deduction.
Column 2 displays results of estimating Model 2 using a placebo disclosure, timed one year prior
to the date on which a physician’s ratings were actually disclosed, and confined to the predisclosure period. The coefficient on placebo disclosed indicates no significant difference in
quality deduction trends in the pre-disclosure period. Figure 3 illustrates the quality trends in the
pre-disclosure period for physicians included in and excluded from disclosure.
Table 4 displays the results of the test of Model 2. I use ordinary least squares regression
for estimating effects on a binary outcome variable, in line with prior health economics research
(Dranove [2003]). This approach prohibits interpreting the results as point estimates, but avoids
Type I error prone to result from applying logit or probit regression to difference-in-differences
estimation (Blundell and Dias [2009]). The coefficient on disclosed in Columns 1-2 shows an
estimated negative and statistically significant effect of the disclosure on quality deductions. The
results support H2 – that disclosing physician ratings positively affects the quality of care that
the physician provides.
5.3 Consensus bias
Model 3, specified as follows, measures the effect of physician-rating disclosure on
consensus bias in subsequent ratings:
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(3) Absolute differencepytv = α + δphysicianp + λyeary + ωperiodt + ςcontrolsv + βdisclosedpt +
εpytv .

The dependent variable, absolute difference, is the absolute distance of rating for the visit
from the physician’s consensus rating as calculated for rating disclosure. A reduction in absolute
difference, controlling for a change in the overall standard deviation of a physician’s ratings, is
the proxy for consensus bias. Though UUHC did not calculate the measure prior to disclosure,
the necessary information is calculable. For the year immediately preceding disclosure, I
construct this measure as the absolute difference of rating from the physician’s 12-month
consensus as would have been calculated for disclosure one year before the disclosure’s actual
start. The variable’s measurement, which requires establishing a 12-month consensus from
which to measure absolute distance, begins as early as UUHC’s data allows – in December 2011.
In this test, the sample is also truncated at the time of the second disclosure, in July 2013, when
physicians were added and initial ratings were updated. Beyond that point, the combination of
consensus ratings for a physician that a patient rater may have been exposed to makes the
appropriate standard for measuring bias unclear. The model’s subscripts and the right-hand
variables other than controls are the same as in Model 1. The coefficient vector dimensions are δ
(1 × 273), λ (1× 1), ω (1 × 1), ς (1 × 18), and β (1 × 1). The control vector includes all controls
used in Model 1 and three additional controls.
The first of these additional controls teases out the effect of a change in the overall
standard deviation of rating for a given physician following disclosure. This control,
contemporary standard deviation is the standard deviation of rating for a given physician in the
period relative to the December 2012 posting – the only instance of disclosure used to test Model
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3 – in which the rating occurred. This control captures a physician becoming more or less
consistent in the level of service he or she provides, or any other reasons for a decrease in the
variance of his or her ratings not attributable to other observable covariates.
The second additional control, consensus count, teases out the effect of a difference in the
rating sample size for a physician’s consensus rating as calculated at December 2011 relative to
December 2012. Absolute difference is measured relative to the former in the pre-disclosure
period and relative to the latter in the post-disclosure period. Consensus count is the inverse
square root of the sample size of ratings that constitute the physician’s consensus rating from
which absolute difference is measured. The sample mean of an i.i.d. random variable converges
to the population mean is 1

𝑛

(Vives p. 386 [2010]). Consensus count uses that transformation

to capture an effect on absolute difference of a physician’s December 2012 consensus rating
being closer to or farther from his or her population mean rating than his or her December 2011
consensus rating was.
The third additional control, rating trend, teases out the effect of a physician’s mean
change in rating from the variance of rating around the published score. This control is the
physician-specific trend for rating in the period relative to the December 2012 posting in which
an observed rating occurred. Given that disclosure yields a positive effect on rating and that
rating time trends are positive, excluding this control would cause absolute difference to
relatedly grow more for physicians included in disclosure, and thereby understate consensus bias
as measured by a decline in absolute difference.
Table 2 Column 3 displays results of a test of parallel trends of the dependent variable
absolute difference. The start of the variable’s measurement one year prior to disclosure does not
allow estimating the effects of a placebo disclosure occurring that far in advance of actual
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disclosure, given the necessity of a pre-period for the placebo disclosure. The placebo test uses
instead a placebo disclosure date seven months prior to the date on which a physician’s ratings
were actually disclosed, which affords as long a period for assessment after placebo disclosure as
is available for assessment after actual disclosure. The placebo test’s sample is, as with the other
placebo tests, confined to the pre-disclosure period. I update the consensus rating to the 12month average for each physician at the time of the placebo disclosure, as would have occurred
if the disclosure were actual. The coefficient on placebo disclosed indicates no significant
difference in absolute difference trends. Attempting to depict parallel trends in attraction to the
consensus score by displaying absolute difference, unadjusted for covariates, should be done
with caution given that the control for contemporary standard deviation loads heavily. Figure 4,
though, illustrates the trends for absolute difference as calculated for the test of model 3 during
the pre-disclosure period.
Table 5 displays the results of the test of Model 3. The coefficient on disclosed in
Columns 1-3 show an estimated negative and statistically significant effect of disclosure on
absolute difference.20 Columns 2 and 3 show stronger effects, as predicted, after controlling for
physician-specific rating trends. The results support H3 – that disclosing physician ratings biases
raters toward the published consensus. The estimated effect is economically significant in that
the bias results in ratings that are an average of 24 percentile points closer to the physician’s
published consensus rating in the University Health Consortium peer group distribution. 21 Figure
5 illustrates the effect of eventual inclusion in disclosure on a physician’s rating level and spread.

20

The result is statistically significant at least the .05 level under various thresholds for a physician’s inclusion in the
sample based on the number of surveys comprising their consensus ratings, including >5, >10, >15, >20, and >25
surveys.
21
The University Health Consortium percentile point conversions were produced using UUHC’s internal data
provided by Press Ganey that maps physician ratings to the consortium’s peer group distribution.
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Relative to physicians excluded from disclosure, the ratings for physicians in this group begin
trending upward and become more tightly distributed after the first rating posting.
5.4 Robustness tests
Table 7 demonstrates the robustness of the effects in sections 5.1-5.3 to estimation after
matching physicians included in and excluded from disclosure by observable physician
covariates: age, MD, gender, years with UUHC, and tenure track. The analyses so far have
controlled for underlying physician differences in two regards. First, physician fixed effects
control for the time-invariant effects of both observable and unobservable physician
characteristics. Second, the placebo tests establish that time-variant effects of those
characteristics on the dependent variables do not impede generally parallel trends.
Propensity-score matching on the noted observable physician covariates further
evidences the results’ robustness to observable physician characteristics by showing that the
effects persist among non-significant differences in these characteristics between treated and
control physicians. The sample matching utilizes a probit model that estimates propensity scores
based on the observable characteristics. Subsequently, each member of the smaller group
(physicians excluded from disclosure) is matched, without replacement, to the member of the
larger group (physicians included in disclosure) with the most similar propensity score that has
not yet been matched. For the test of absolute difference, the group of physicians excluded from
disclosure are all those who did not meet the criterion for the December 2012 posting. Table 6
shows the covariate balance after matching. Table 7 shows that the results for rating, quality
deduction, and absolute difference hold using these matched, and much smaller, samples. Each
result is statistically significant at the .05 level or lower.
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As an additional robustness test to help rule out contemporaneous changes in dependent
variable trends, Table 8 shows effect estimates partitioned by whether the physician met the
criterion for disclosure within the year prior to his or her inclusion in disclosure. The coefficients
on disclosure in Columns 1, 3, and 5, which exclude physicians who met the criterion within a
year prior to disclosure, are statistically significant at the .05 level or lower. The estimated
effects among physicians who met the criterion within a year prior to disclosure, shown in
Columns 2, 4, and 6, are of similar magnitude or lower and in no case more statistically
significant. This test suggests that the effects of disclosure on rating, quality deduction, and
absolute difference are not explained by a contemporaneous change in dependent variable trends
upon a physician meeting the criterion number of surveys for inclusion in disclosure.
5.5 Public attention’s moderation of disclosure’s effects
Table 9 shows the disclosure effect estimates from Models 1-3 partitioned by recent
public attention.22 The proxy for recent public attention is web traffic – the number of page views
of a physician’s profile in the calendar month prior to a given patient visit.23 Column 1 reports
the partitioned effects on rating. 𝜒 ! tests of differences in coefficients indicate a difference in the
effects on rating, but in the opposite direction as predicted in H4; the disclosure’s positive effect
on rating is strongest at lower levels of recent public attention. This runs counter to theory from
disclosure literature that public attention should strengthen disclosure’s performance effects
(Graham [2000], Parker and Nielsen [2011], Weil et al. [2006]). It may be partly explained by
public attention to a disclosed rating reinforcing consensus bias and relatedly impeding rating

22

Physician fixed effects subsume a physician’s 12-month consensus rating at the time of disclosure, which is
potentially correlated with web traffic as well as well as the disclosure’s effects. Including this control accordingly
does not affect the results of 𝜒 ! tests for comparing effect size between partitions.
23
The statistically significant results of 𝜒 ! tests for comparing effect size between partitions are robust to using 3calendar-month and 6-calendar-month-lagged web traffic in the partitioning. The level of significance in some cases
differs, depending on the on the length of lagged used, but remains below 0.1.
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improvement. The tests of H5 and H6 show evidence consistent with that reasoning. Consensus
bias, which would make lifting a consumer rating difficult, appears more sensitive to increases in
web traffic past low levels than does objective quality improvement. Those low levels are the
only area in which the rating-improvement effect declines with increased web traffic.
Table 9 Column 2 shows results of the quality deduction analysis partitioned by recent
public attention. The results support H5, that the effect of patient satisfaction disclosure on
objectively measured quality improvement is greater following greater public attention. The
correlation appears only beyond the top-quartile of web traffic, though. This suggests that
physicians only realize greater public attention once it reaches high levels, or that it they are
aware but not incrementally incentivized to improve as manifested by objective quality measures
until the public attention reaches high levels.
Table 9 Column 3 shows results of the absolute difference analysis partitioned by recent
public attention. All tested cutoffs for partitioning allow rejecting the null in favor of H6, that
consensus bias is greater under greater recent public attention. 24 The results show steady
increases in consensus bias with greater recent public attention, beginning from the bottom
quartile of web traffic. Figure 6 is a graph of the effect estimates for rating, quality, and
consensus bias vis-à-vis recent public attention.

6. CONCLUSION
This paper provides evidence of a theoretical tradeoff of publicly disclosing consumer
ratings whereby real and positive performance effects persist despite the disclosure creating a
bias among raters. Specifically, a health care system’s disclosure of patient ratings of its
24

The models include rating trend in order to estimate consensus bias for each partition of web traffic holding
rating trend constant.
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physicians elicited performance improvement by ratings and by objectively measured quality,
but generated a bias in the ratings toward the given physician’s published consensus. The rating
improvement effect was weaker, the objective quality improvement stronger, and the consensus
bias effect stronger following greater recent public attention to a physician’s disclosed ratings.
Providing this evidence makes three main contributions. First, it forwards research on
performance effects of disclosure. The results establish consumer-rating disclosure as a means of
driving performance. They also show that performance effects are able to persist in spite of a
bias that draws ratings toward prior published consensus ratings. In the case of objectively
measured performance, the results are consistent with public attention strengthening disclosure’s
performance effects. I also help to extend theory regarding that relationship by showing evidence
consistent with public attention to consumer-rating disclosure strengthening consensus bias and
relatedly impeding rating improvement.
Second, the results are particularly relevant to research on health care disclosure. Longstanding variants of health care disclosure have shown relatively little influence on consumer
markets and performance effects. Physician-rating disclosure is relatively recent and is
spreading. I find economically and statistically significant positive performance effects of this
type of disclosure. This paper’s public attention analysis also provides some of the first direct
evidence to test the suggestion that health care disclosure’s performance effects are greater under
greater public attention to the disclosure. The results support that notion, albeit only in the case
of objectively measured performance.
Third, and finally, by establishing evidence of consensus bias, I inform the interpretation
and application of consumer ratings. Consumer ratings are increasingly publicly visible. Noting a
bias in ratings toward published consensus, and that the bias is stronger when web traffic is
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greater, informs the use of ratings to measure underlying service. In particular, consensus bias
offers reason for managers to interpret a deviation of subsequent ratings from the published
consensus as a dampened signal of recent trends in service. Managers who adjust for the signal
dampening would be better able to use consumer ratings to infer service, which is of value in
tracing the effects of service on financial performance and in effectively evaluating and
rewarding employees.
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Appendix A: Patient Satisfaction Survey Questions Used in Disclosure
Physician (referred to as “care provider” in the survey questions)
1)
2)
3)
4)
5)
6)
7)
8)
9)

Friendliness/courtesy of the care provider
Explanations the care provider gave you about your problem or condition
Concern the care provider showed for your questions or worries
Care provider’s efforts to include you in decisions about your treatment
Degree to which care provider talked with you using words you could understand
Amount of time the care provider spent with you
Your confidence in this care provider
Likelihood of your recommending this care provider to others
Length of wait time at clinic

© 2016 Press Ganey Associates, Inc.

Appendix B: Example Patient Comments
Each patient satisfaction survey contains a text box under the Care Provider section of a survey
with the prompt: “Comments (Describe Good or Bad Experience)” that patients can choose to fill
in. Comments regarding physicians were posted in their entirety on the official online profiles of
included in disclosure, except when administrators, who were not physicians, screened
comments that contained slander or personally identifiable information about the patient. The
following are example comments:
#
1
2
3

4
5

Selected Comment
The only complaint I had was that he didn't tell me how many precancer spots I had on
my face so I wasn't prepared for as many as there were. I wasn't quite mentally
prepared for getting sprayed with the liquid nitrogen that many times.
Excellent service all the way around.
Dr. Salari is the best physician there in my opinion. I haven't really seen any others but
I trust him to give me an honest opinion and he shows he cares. Apparently everyone
likes him because at times he is hard to get an appointment with but that I guess is a
good thing
I would have liked to have heard a bit about the down-side of “prednisone” – such as it
can sometimes cause mood swings or depression. I wasn’t prepared for “feeling so
down”.
The symptoms I had were frightening and the physician was very good at explaining
what was going on and alleviating my fears.
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Appendix C: Variable Definitions
Dependent Variables
Rating

Quality deduction
Absolute difference

Treatment Variable
Disclosed
Placebo disclosed

Partitioning Variable
Web traffic
Control Variables
Age

Gender
Medicare or Medicaid
Severity/complexity

Description
The average of the nine component ratings regarding a physician in a
Press Ganey survey returned following a patient visit. Each
component rating is on a Likert scale of one to five, with five as the
most favorable rating.
An indicator variable equal to one if the visit resulted in a readmission
to the emergency department within 30 days of discharge, a hospitalacquired condition, or both.
The absolute distance of an individual physician rating from the
consensus rating as calculated for disclosure. For physicians included
in the December 2012 posting, the consensus was calculated and
disclosed, and for those excluded I retrospectively calculate the
consensus. For all physicians, I retrospectively calculate the consensus
as would have been disclosed in December 2011 had the disclosure
occurred then. Absolute difference is measured relative to the
December 2011 consensus prior to disclosure, and to the December
2012 consensus following disclosure and prior to the July 2013 rating
posting/update.
Description
An indicator for the time period following which a physician’s ratings
were disclosed, if ever.
For the tests of Models 1 and 2, regarding performance effects, this is
an indicator for the time period beginning one year prior to the first
time at which a physician’s rating were disclosed, if ever. For the tests
of Model 3, regarding consensus bias, this is an indicator for the time
period beginning seven months prior to the December 2012 disclosure
for physicians included in the disclosure.
Description
The number of page views of the physician’s official online profile in
the calendar month prior to the observed visit.
Description
Patient age at the time of the visit, with ages above 89 treated as 90.
For the tests of Models 1 and 3, related to physician ratings and bias
toward ratings, ages are included as dummies using the psychometric
categories of Newman and Newman (2014): 0-11, 11-17, 18-24, 2534, 45-59, 59-74, +74. For the tests of Model 2, regarding quality,
ages are included as outlined by CMS (2016) for use in risk
adjustment: 0-1, 1-4, 5-9, 10-14, 15-20, 21-24, 25-29, 30-34, 35-39,
40-44, 45-49, 50-54, 55-59, 60+.
An indicator variable equal to 1 if the physician is female.
An indicator variable equal to 1 if Medicare or Medicaid was the
primary insurance used for the visit.
A component of Medicare reimbursement formulas that accounts for
the patient’s case severity and the complexity of care provided.

39

Comorbidity

Charges
First visit
Physician week’s visit
count
English speaking
Contemporary
standard deviation
Consensus count
Rating trend
Year
Period

Physician dummies
Physician Variables
Age
Gender
MD
Years with UUHC
Tenure track

The Charlson Comorbidity Index, which takes a value of one, two,
three, or six in proportion to the likelihood of mortality within one
year associated with the comorbid condition. Comorbid conditions
include heart disease, aids, and cancer among the 22-condition set.
The conditions are recorded at the time of a procedure. Thus, for
regressions on quality, the value is included as assigned to the given
visit. For regressions on patient satisfaction ratings or their
derivatives, which may occur before or after a procedure, the value is
included as the six-month rolling window within the sample centered
at the patient visit. The results are robust to narrowing the window to
three months or expanding it to one year.
The dollar value of charges assigned to the visit.
An indicator variable equal to 1 if the visit is the patient’s first to the
physician conducting the visit.
The total number of visits conducted by the physician conducting a
visit in the same week.
An indicator variable equal to 1 if a patient indicated in a survey
response that they speak English.
The standard deviation of the physician’s ratings in the period in
which the rating occurred relative to the December 2012 rating
posting.
The inverse square root of the count of observations that comprise a
physician’s consensus rating as calculated for disclosure and used in
this study in measuring absolute difference.
The rating trend for a given physician in the period in which the rating
occurred relative to the December 2012 rating posting.
A categorical variable for the calendar year in which the visit
occurred: 2011, 2012, 2013, or 2014.
A categorical variable for the period, segmented by disclosure events
(i.e., the December 2012 and the July 2013 rating postings), in which
the visit occurred: 1 for before the first posting, 2 for after the first and
before the second posting, and 3 for after both postings.
An indicator variable for the physician conducting the visit.
Description
The physician’s age as of January 1, 2011.
An indicator variable equal to 1 if the physician is a female.
An indicator variable equal to 1 if the physician holds an MD.
The number of years that UUHC has employed the physician.
An indicator variable equal to 1 if the physician has a tenure-track
appointment.
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FIGURE 1: PHYSICIAN-RATING DISCLOSURE TIMELINE

2011

2012

2014

2013

December

July

Rating Posting 1

Rating Update 1
Rating Posting 2

Rating Posting 1
Administrators posted, on the official webpage of each physician who had received at least 30 ratings
during the prior 12 months, the physician's average rating for the nine questions in Appendix A during that
period along with individual patient comments.
Rating Update 1
Administrators updated the ratings posted for physicians included in Rating Posting 1 and who had
received at least 30 ratings during the prior 12 months to display those physicians' rating averages from
that more recent 12-month period.
Rating Posting 2
Administrators posted, on the official webpage of each physician who had received at least 30 ratings
during the prior 12 months, but who had not reached the threshold number of ratings for Rating
Posting 1, the physician's average rating for the nine questions in Appendix A during that period along
with individual patient comments.
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FIGURE 2: PRE-DISCLOSURE RATING TRENDS BY PHYSICIAN'S
EVENTUAL DISCLOSURE STATUS

This figure displays trends of rating, unadjusted for covariates, for physicians included
in and excluded from ratings disclosure prior to the disclosure. Scatter points are
agreggated at the week level. The scatter point variance for the group with fewer visitlevel observations is reduced by the component of variance attributable to the smaller
number of observations. Trend lines illustrate that rating was trending similarly for
these groups of physicians prior to rating disclosure.

FIGURE 3: PRE-DISCLOSURE QUALITY DEDUCTION TRENDS
PHYSICIAN'S EVENTUAL DISCLOSURE STATUS

*

BY

This figure displays trends of quality deduction, unadjusted for covariates, for physicians
included in and excluded from ratings disclosure prior to the disclosure. The variable's
availability extends from February 2011. Scatter points are agreggated at the week level.
The scatter point variance for the group with fewer visit-level observations is reduced by
the component of variance attributable to the smaller number of observations. Trend
lines illustrate that quality deduction was trending similarly for these groups of
physicians prior to rating disclosure.
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FIGURE 4: PRE-DISCLOSURE ABSOLUTE DIFFERENCE TRENDS
PHYSICIAN'S EVENTUAL DISCLOSURE STATUS

BY

This figure displays trends of absolute difference, unadjusted for covariates, for
physicians included in and excluded from ratings disclosure prior to the disclosure.
Scatter points are aggregated at the week level. The scatter point variance for the
group with fewer visit-level observations is reduced by the component of variance
attributable to the smaller number of observations. Absolute difference is measured
from the physician's 12-month consensus rating calculated at December 2011, the
earliest point of that measure's availability and one year prior to ratings disclosure.
Trend lines illustrate that absolute difference was trending similarly for these groups of
physicians prior to ratings disclosure.

FIGURE 5: RATING PREMIUM FOR PHYISICIANS EVENTUALLY INCLUDED IN DISCLOSURE

This figure displays the effect of eventual inclusion in disclosure on a physician’s rating level and spread. Trend lines
show the average rating premium over time for a physician’s belonging to the group eventually included in disclosure,
after controlling for all covariates in Model 1. The lines are segmented to show a change in trend at Rating Posting 1.
The variance of the scatter points in each quarter is the average variance of all physician ratings in the given quarter
plus the estimated effect of consensus bias in that quarter on the variance of those ratings.
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FIGURE 6: EFFECTS PARTITIONED BY WEB-TRAFFIC PERCENTILE

This figure displays effect estimates for rating, quality, and consensus bias, partitioned
by the physician’s percentile rank by prior-calendar-month web traffic to his or her
disclosed ratings. "Rating" displays the estimated effect of rating disclosure on rating in
each partition. "Consensus bias" displays the positive-signed estimated effect of rating
disclosure on absolute difference in each partition. "Rating" and "consensus bias" are
both within the 1-5 rating scale. "Quality" displays the positive-signed estimated effect
of rating disclosure on quality deduction in each partition, and is within the 0-100 range
of the percent of a physician’s procedures with no quality deduction.
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TABLE 1: SAMPLE SELECTION AND DESCRIPTIVE STATISTICS
Panel A - Sample selection
Ratings
Initial observations
Exclude physicians who exit the sample before or enter the sample after the first rating posting
Sample for ratings
Exclude physicians who enter the sample more recently than a year before the first rating posting
Restrict sample to one year before first rating posting and to before the second rating posting
Sample for absolute difference
Procedures
Initial observations
Exclude physicians who exit the sample before or enter the sample after the first rating posting

178,334
(69,154)
109,150
(9,446)
(59,228)
40,476
48,839
(7,232)
41,607

Sample for quality deductions
Panel B - Ratings descriptive statistics
Physician included in disclosure
N
Mean
SD

Physician excluded from disclosure
N
Mean
SD

Unit of observation
Patient Visit
Gender
106,171
0.60
0.48
2,979
Age
106,171
49.84
19.80
2,979
English speaking
106,171
0.98
0.13
2,979
Charges ($)
106,171
281.56
1,181.75
2,979
Severity/complexity
106,171
1.94
2.95
2,979
Commorbidity
106,171
0.01
0.14
2,979
Medicare or Medicaid
106,171
0.17
0.37
2,979
First visit
106,171
0.25
0.43
2,979
Physician-week's visit count
106,171
56.12
41.55
2,979
Physician
Gender
295
0.36
0.48
99
MD
295
0.79
0.40
99
Age
295
44.61
10.03
99
Years with UUHC
295
9.34
5.05
99
Tenure track
295
0.31
0.46
99
Physician-website Month
Web traffic
9,962
79.12
75.29
807
Satisfaction Survey
Rating
106,171
4.70
0.52
2,979
Absolute difference
106,171
0.36
0.35
2,979
Physician ages are as of January 1, 2011, and patient ages are treated as 90 if above 89 in compliance with
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0.50
44.64
0.98
300.25
2.08
0.01
0.16
0.31
37.45

0.50
23.92
0.11
862.08
8.06
0.14
0.37
0.46
36.21

0.37
0.84
43.50
7.85
0.36

0.48
0.36
9.21
4.11
0.48

51.35

45.11

4.74
0.48
0.31
0.33
privacy standards.

TABLE 1: SAMPLE SELECTION AND DESCRIPTIVE STATISTICS (CONTINUED)
Panel C - Procedures descriptive statistics
Physician included in disclosure
Physician excluded from disclosure
Visit characteristic
N
Mean
SD
N
Mean
SD
Patient Visit
Gender
36,827
0.54
0.49
4,780
0.55
0.49
Age
36,827
49.28
21.51
4,780
43.80
23.66
Charges ($)
36,827
44,194.52 101,574.10
4,780
44,957.01 139,024.80
Severity/complexity
36,827
2.12
3.40
4,780
2.04
3.38
Commorbidity
36,827
0.12
0.46
4,780
0.25
0.72
Medicare or Medicaid
36,827
0.04
0.21
4,780
0.09
0.29
Physician-week's visit count
36,827
36.10
25.69
4,780
13.71
12.41
Physician
Gender
158
0.30
0.46
36
0.31
0.46
MD
158
0.94
0.22
36
0.86
0.35
Age
158
43.52
8.79
36
39.05
6.74
Years with UUHC
158
8.87
4.27
36
6.55
3.74
Tenure track
158
0.45
0.49
36
0.27
0.45
Physician-website Month
Web traffic
3,970
88.79
84.54
712
41.47
39.19
Quality
Quality deduction
36,827
0.02
0.15
4,780
0.02
0.16
Physician ages are as of January 1, 2011, and patient ages above 89 are treated as 90 in compliance with privacy standards.
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TABLE 2: TESTS OF PARALLEL TRENDS
(1)
(2)
(3)
Rating
Quality deduction Absolute difference
Placebo disclosed
-0.020
0.003
-0.003
[-0.83]
[0.67]
[-0.19]
Gender
-0.018**
0.001
0.007
[-2.24]
[0.56]
[1.58]
Charges
0.000
-0.000*
0.000
[0.78]
[-1.71]
[1.35]
Severity/complexity
0.001
0.001
-0.000
[1.19]
[1.62]
[-0.50]
Commorbidity
0.037***
-0.002
-0.033***
[3.05]
[-1.59]
[-4.46]
Medicare or Medicaid
0.012
0.002
0.005
[1.55]
[0.49]
[0.92]
Physician-week's visit count
0.000
-0.000
-0.000
[0.22]
[-0.41]
[-0.59]
First visit
-0.041***
0.025***
[-5.42]
[4.00]
English speaking
0.087***
-0.067***
[4.73]
[-3.52]
Contemporary std. dev.
0.315***
[11.22]
Consensus count
0.045
[0.49]
Rating trend
0.059***
[3.38]
Age dummies°
Yes
Yes
Yes
Year dummy
2012
0.014
0.008
-0.006
[1.09]
[0.26]
[-0.70]
Period dummies
2
0.039
-0.004
0.015
[1.36]
[-0.76]
[0.76]
3
0.049
-0.000
[1.66]
[-0.11]
Physician dummies
Yes
Yes
Yes
This table presents effect estimates of a placebo physician rating disclosure to assess, in the predisclosure period, paralell trends in ratings, quality deductions, and the absolute difference of
ratings from prior consensus ratings. Placebo disclosure is timed one year before a physician's
actual rating disclosure for the results in Columns 1-2. Data for constructing absolute difference
is limited to one year before the absolute disclosure. Given that constraint, the placebo test for
Column 3 times its placebo disclosure seven months prior to actual disclosure, which provides a
post-treatment period for analysis of the placebo disclosure as long as that available for the
actual disclosure, and provides a six month pre-treatment period for the placebo disclosure
analysis. °Age dummies for Column 1 and 3 are the psychometric set in Newman and Newman
[2014], and for Column 4 are the health-risk set delineated by CMS [2016], with one group
omitted in each case. Standard errors are clustered at the physician level. *,**,*** denote
significance at the .1, .05, and .01 levels respectively. Rating N = 65,286 , Quality deduction N
= 27,456 , Absolute difference N = 32,413
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TABLE 3: EFFECT OF PHYSICIAN RATING DISCLOSURE ON RATING
(1)
(2)
(3)
Rating
Disclosed
0.032**
0.034***
[2.26]
[2.57]
Gender
-0.016***
[-3.73]
Charges
0.000
[0.91]
Severity/complexity
0.002***
[3.08]
Commorbidity
0.018*
[1.69]
Medicare or Medicaid
0.014***
[2.70]
Physician-week's visit count
-0.000
[-0.59]
First visit
-0.048***
[-8.17]
English speaking
0.089***
[5.41]
Age dummies
11-17
0.011
[0.54]
18-24
-0.113***
[-4.49]
25-34
-0.072***
[-3.23]
35-59
0.012
[0.58]
59-74
0.090
[4.12]
+74
0.082
[3.66]
Year dummies
2012
0.043***
0.037***
0.044***
[7.23]
[6.30]
[6.31]
2013
0.052***
0.046***
0.088***
[3.45]
[3.12]
[11.05]
2014
0.065***
0.060***
0.101***
[4.16]
[3.90]
[11.87]
Period dummies
2
0.003
-0.003
[0.19]
[-0.20]
3
0.006
-0.003
[0.29]
[-0.17]
Physician dummies
Yes
Yes
No
This table presents effect estimates of physician rating disclosure on physician
ratings. Columns 1-2 vary the controls included, and Column 3 presents isolated
time trends. Standard errors are clustered at the physician level. Age dummies for
Columns 1 and 3 are the psychometric set in Newman and Newman [2014]. *,**,***
denote significance at the .1, .05, and .01 levels respectively. N = 109,050
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TABLE 4: EFFECT OF PHYSICIAN RATING DISCLOSURE ON QUALITY DEDUCTION
(1)
(2)
Quality deduction
Disclosed
-0.010***
-0.010***
[-2.61]
[-2.62]
Gender
0.004***
[2.80]
Charges
-0.000
[-1.11]
Severity/complexity
0.000
[0.56]
Commorbidity
-0.002*
[-1.74]
Medicare or Medicaid
0.006
[1.50]
Physician-week's visit count
0.000
[0.12]
Age dummies°
1-9
0.002
[0.18]
9-20
0.034**
[2.49]
21-29
0.021*
[1.77]
30-39
0.021*
[1.74]
40-49
0.021*
[1.72]
50-59
0.014
[1.16]
+59
0.009
[0.76]
Year dummies
2012
0.002
0.002
[1.57]
[1.63]
2013
0.002
0.002
[0.51]
[0.58]
2014
-0.003
-0.003
[-0.67]
[-0.55]
Period dummies
2
0.007
0.007
[1.41]
[1.42]
3
0.016**
0.016**
[2.56]
[2.56]
Physician dummies
Yes
Yes
This table presents effect estimates of physician rating disclosure on quality
deduction. Columns 1-2 vary the controls included. °Age dummies are the 14
categories delineated by CMS [2016] as capturing age-dependent health risk, with the
first ommitted, and the subsequent 12 paired with their adjacent category for concise
display. Decoupling the paired categories and including them as separate dummies in
the regression does not alter the level of significance of the estimated effect of
disclosure. Standard errors are clustered at the physician level. *,**,*** denote
significance at the .1, .05, and .01 levels respectively. N = 41,607
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TABLE 5: EFFECT OF PHYSICIAN RATING DISCLOSURE ON ABSOLUTE DIFFERENCE
(2)
(3)
(1)
Absolute difference
Disclosed
-0.040***
-0.046***
-0.047***
[-2.92]
[-3.46]
[-3.61]
Gender
0.006
[1.44]
Charges
0.000**
[2.07]
Severity/complexity
-0.001**
[-2.32]
Commorbidity
-0.017**
[-2.05]
Medicare or Medicaid
0.003
[0.66]
First visit
0.024***
[4.87]
Physician-week's visit count
0.000
[1.39]
English speaking
-0.074***
[-4.29]
Contemporary std. dev.
0.374***
0.377***
0.374***
[13.89]
[14.23]
[13.91]
Consensus count
0.137
0.130
0.129
[1.11]
[1.13]
[1.09]
Rating trend
0.050***
0.052***
[2.85]
[2.95]
Age dummies
11-17
0.006
[0.33]
18-24
0.076***
[3.72]
25-34
0.049***
[2.85]
35-59
0.016
[1.07]
59-74
-0.016
[-1.05]
+74
-0.024
[-1.53]
Year dummies
2012
-0.007
-0.006
-0.003
[-0.68]
[-0.67]
[-0.38]
2013
-0.013
-0.013
-0.012
[-1.00]
[-1.02]
[-0.93]
Period dummy
2
0.035**
0.051***
0.056***
[2.22]
[3.11]
[3.44]
Physician dummies
Yes
Yes
Yes
This table presents effect estimates of physician rating disclosure on the absolute distance of
ratings from prior consensus ratings as were calculated for online disclosure. Columns 1-3 vary the
controls included. Age dummies are the psychometric set in Newman and Newman [2014].
Standard errors are clustered at the physician level. *,**,*** denote significance at the .1, .05,
respectively. N
N = 39,159
and .01 levels respectively.
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TABLE 6: PROPENSITY-SCORE-MATCHED PHYSICIAN SAMPLE DESCRIPTIVE STATISTICS
Physician included in disclosure
Physician excluded from disclosure
Physician Characteristic
N
Mean
SD
N
Mean
SD
Rating Analysis
Gender
99
0.33
0.47
99
0.37
0.48
MD
99
0.84
0.36
99
0.84
0.36
Age
99
42.62
9.41
99
43.50
9.21
Years with UUHC
99
7.77
4.33
99
7.85
4.11
Tenure
99
0.38
0.48
99
0.36
0.48
Quality Deduction Analysis
Gender
36
0.27
0.45
36
0.33
0.47
MD
36
0.88
0.31
36
0.86
0.35
Age
36
38.11
7.26
36
39.05
6.74
Years with UUHC
36
6.35
3.47
36
6.55
3.74
Tenure
36
0.33
0.47
36
0.27
0.45
Absolute Difference Analysis
Gender
0.48
115
0.36
0.48
115
0.36
MD
115
0.81
0.38
115
0.82
0.38
8.98
Age
115
43.52
10.27
115
43.33
7.65
115
3.74
115
7.61
4.13
Years with UUHC
115
0.32
0.46
115
0.33
Tenure
0.47
This table shows descriptive statistics of physicians comprising the samples used for testing the robustness of physician-rating
disclosure effect estimates to matching physicians on gender, posession of an MD, age, number of years employed by UUHC,
and status as a tenure track employee. The rating and quality deduction samples were produced using one-to-one propensity
score matching, applied to match either of the two rating postings with those excluded from disclosure. The sample for absolute
difference was produced by using the same matching procedure, applied to match physicians included in the first upload to
those included in a later upload or excluded from disclosure. Physician ages are as of January 1, 2011. The covariates in the
resulting samples do not exhibit statistically significant differences between matched groups, and all are within a 0.05
propensity-score caliper, as used in prior research pairing propensity-score matching with difference-in-differences estimation
(e.g., Sandino and Murphy, 2010).
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TABLE 7: ROBUSTNESS TEST USING PROPENSITY-SCORE-MATCHED PHYSICIAN SAMPLES
(1)
(2)
(3)
Rating
Quality deduction Absolute difference
Disclosed
0.033**
-0.012**
-0.044***
[2.36]
[-2.24]
[-2.97]
Gender
-0.013**
0.001
0.008
[-2.15]
[0.76]
[1.21]
Charges
0.000
0.000
0.000**
[0.42]
[0.41]
[2.46]
Severity/complexity
0.001
-0.000***
-0.009
[1.80]
[-3.19]
[-1.19]
Commorbidity
0.022
-0.003
-0.021
[1.17]
[-1.28]
[-1.15]
Medicare or Medicaid
0.017**
0.005
0.003
[2.56]
[0.77]
[0.52]
Physician-week's visit count
-0.000
-0.000
0.000*
[-0.11]
[-0.14]
[1.96]
First visit
-0.038***
0.014***
[-4.29]
[1.98]
English speaking
0.069**
-0.036**
[2.39]
[-2.43]
Contemporary std. dev.
0.373***
[8.90]
Consensus count
0.164
[1.03]
Rating trend
0.056*
[1.97]
Age dummies°
Yes
Yes
Yes
Year dummies
2012
0.033***
-0.000
-0.001
[3.46]
[-0.23]
[-0.07]
2013
0.051**
-0.000
-0.003
[2.27]
[-0.03]
[0.18]
2014
0.077***
-0.007
[3.23]
[-0.74]
Period dummies
2
-0.008
0.008
0.042**
[-0.39]
[1.03]
[2.18]
3
-0.009
0.017
[-0.41]
[1.61]
Physician dummies
Yes
Yes
Yes
This table presents effect estimates of physician rating disclosure on ratings, quality
deductions, and the absolute difference of ratings from prior consensus ratings, using
propensity-score-matched samples of physicians included in and excluded from the assessed
disclosure events. °Age dummies for columns 1-2 and 5-6 are the psychometric set in
Newman and Newman [2014], and for columns 3-4 are the set delineated by CMS (2016) for
use in risk adjustment, with one group omitted in each case. Standard errors are clustered at
the physician level. *,**,*** denote significance at the .1, .05, and .01 levels respectively.
Rating N = 37,741 , Quality deduction N = 9,861 , Absolute difference N = 15,501
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TABLE 8: ROBUSTNESS TESTS FOR PHYSICIAN'S RECENCY OF MEETING CRITERION FOR DISCLOSURE
(1)
(2)
(3)
(4)
(5)
(6)
Rating
Quality deduction
Absolute difference
>= 1 Year
< 1 Year
>= 1 Year
< 1 Year
>= 1 Year
< 1 Year
Disclosed
0.037***
0.024
-0.010**
-0.013**
-0.049***
-0.048***
[2.64]
[1.09]
[-2.41]
[-2.33]
[-3.73]
[-2.30]
Gender
-0.017***
-0.003
0.003*
0.005**
0.008*
-0.006
[-3.67]
[-0.22]
[1.82]
[2.03]
[1.87]
[-0.49]
Charges
0.000
0.000***
-0.000
-0.000
0.000**
-0.000
[0.35]
[3.58]
[-0.43]
[-0.42]
[2.11]
[-0.01]
Severity/complexity
0.002***
0.000
0.001
-0.001***
-0.001**
0.000
[2.85]
[0.52]
[1.04]
[-2.78]
[-2.20]
[0.04]
Commorbidity
0.021*
-0.001
-0.003*
-0.003
-0.022***
0.025
[1.82]
[-0.02]
[-1.76]
[-1.34]
[-2.66]
[0.60]
Medicare or Medicaid
0.014**
0.024**
0.007
0.001
0.004
-0.012
[2.41]
[2.05]
[1.44]
[0.22]
[0.80]
[-0.89]
Physician-week's visit count
-0.000
-0.000
0.000
-0.000
0.000
0.006*
[-0.49]
[-0.43]
[0.27]
[-0.33]
[1.13]
[1.75]
First visit
-0.047***
-0.048***
0.023***
0.033**
[-7.60]
[-3.05]
[4.55]
[2.36]
English speaking
0.089***
0.090*
-0.074***
-0.076
[5.15]
[1.80]
[-4.21]
[-1.26]
Contemporary std. dev.
0.363***
0.396***
[12.13]
[8.33]
Consensus count
0.432**
-0.020
[2.53]
[-0.13]
Rating trend
0.044**
0.061*
[2.25]
[1.66]
Age dummies°
Yes
Yes
Yes
Yes
Yes
Yes
Year dummies
2012
0.037***
0.053***
0.003
0.002
-0.000
-0.050
[5.83]
[3.70]
[1.62]
[0.50]
[-0.04]
[-1.69]
2013
0.055***
0.010
-0.002
0.005
-0.013
-0.016
[3.41]
[0.33]
[-0.35]
[0.60]
[-1.00]
[-0.52]
2014
0.072***
0.003
-0.009
0.003
[4.36]
[0.09]
[-1.32]
[0.31]
Period dummies
2
-0.014
0.050*
0.011**
0.005
0.062***
0.019
[-0.71]
[1.67]
[1.99]
[0.61]
[3.62]
[0.78]
3
-0.018
0.075*
0.021***
0.012
[-0.89]
[1.95]
[3.03]
[1.19]
Physician dummies
Yes
Yes
Yes
Yes
Yes
Yes
This table presents effect estimates of physician rating disclosure on ratings, quality deductions, and the absolute difference of
ratings from prior consensus ratings, with samples partitioned by the length of time (>=1 year or <1 year) that the physicians
included in disclosure first met the criterion for inclusion (at least 30 survey responses in a 12 month period) before their ratings
were disclosed. °Age dummies for Columns 1-2 and 5-6 are the psychometric set in Newman and Newman [2014], and for
Columns 3-4 are the set delineated by CMS (2016) for use in risk adjustment, with one group omitted in each case. Standard
errors are clustered at the physician level. *,**,*** denote significance at the .1, .05, and .01 levels respectively. Rating N (>= 1
year) = 97,507 | (< 1 year) = 13,755 , Quality deduction N (>= 1 year) = 33,565 | (< 1 year) = 12,809, Absolute difference N
(>= 1 year) = 35,409 | (>= 1 year) = 4,939
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TABLE 9: ESTIMATED EFFECTS OF PHYSICIAN RATING DISCLOSURE PARTITIONED BY PRIOR
MONTH WEB TRAFFIC TO DISCLOSED INFORMATION
(1)
(2)
(3)
Rating
Quality deduction
Absolute difference
Cutoff at bottom quartile
0.137***,†††
0.030
Lower partition
-0.014
(0.040)
(0.009)
(0.042)
Upper partition
0.016
-0.009
-0.056***,††
(0.015)
(0.006)
(0.009)
2
χ test z score
[2.83]
[-0.46]
[2.00]
Cutoff at median
Lower partition
Upper partition
χ2 test z score
Cutoff at top quartile
Lower partition

0.058**
(0.023)
0.034
(0.028)
[0.66]

-0.008***
(0.004)
-0.012
(0.011)
[0.34]

-0.015***
(0.004)
-0.029***,††
(0.004)

0.015
(0.031)
-0.057***,††
(0.015)
[2.09]

-0.056
(0.022)
Upper partition
-0.239***,†††
(0.021)
2
χ test z score
[-0.23]
[2.47]
[5.95]
This table presents effect estimates of physician rating disclosure on ratings, quality deductions,
and the absolute difference of ratings from prior consensus ratings, with samples partitioned at the
physician-month level by one-calendar-month-lagged web traffic to the disclosed information. The
estimates for Column 1, 2, and 3 are from the models specified with full controls in Table 3, 4, and
5, respectively. Below each coefficient is the corresponding standard error. Below each pair of effect
estimates is a z score reported from the χ2 test of whether the lower partition effect estimate is
significantly more positive than the corresponding upper partition effect estimate. Standard errors
are clustered at the physician level. *,**,*** denote the estimate's significance at the .1, .05,
and .01 levels, respectively. †,††,††† denote significant results for the χ2 tests at the .1, .05, and .01
levels, respectively, and are displayed next to the estimate of greatest magnitude included in the
corresponding test. Significant results displayed from χ2 tests remain significant at at least the .1
level, and are either significant at the same level or one level greater or less, after partitioning by 3calendar-month and 6-calendar-month-lagged web traffic as opposed to 1-calendar-month-lagged
web traffic.
0.042**
(0.016)
0.053
(0.043)
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