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Abstract

I analyze the impact of the Center for Medicare and Medicaid Service’s (CMS) final rule
on hospital price transparency. Using data from Turquoise Health and the California Department
of Health Care Access and Information, I estimate two models to identify the relationship
between transparency and hospital charges. Transparency is proxied by a measure of compliance
constructed by Turquoise Health and is measured on a 1-5 scale. First, I employ a cross-sectional
OLS model to estimate the association between compliance and charge for five common medical
procedures: ultrasounds, knee surgeries, colonoscopies, MRI Brain Scan, and CT Scans of the
Pelvis. I separately estimate supply factors — mechanisms associated with hospital-hospital or
hospital-insurer interactions — and demand factors — mechanisms stemming from consumer-
hospital interactions. I proxy for those supply factors using the average compliance of a
hospital’s market, which reflects the availability of peer hospital charges for a given hospital to
utilize in setting their own charge. I find evidence of a positive association between supply and
charge, with the predicted charge increasing by 12% for each point increase in average
compliance. I proxy for demand factors using a hospital’s own compliance, which measures how
easily consumers can access data. I find evidence of a positive association between charge and
compliance, specifically when comparing the lowest compliance to higher compliance levels.
Second, using charge data for California from 2016 to 2022, I examine the effect of the CMS
final rule on charge with a difference-in-differences model. Those hospitals with the highest
Turquoise compliance scores were treated by the final rule and the comparison group are those
hospitals that Turquoise classifies as did not comply. This allows me to derive causal estimates
of the effect of transparency on demand factors, and I study the procedures of mammograms,
knee surgeries, and colonoscopies. I find no evidence of a significant effect of compliance on
charge. I finally re-estimate the first model on California, finding clear evidence that California
exhibits unique behavior compared to the nation. Limitations to these findings include small
sample size and the subjective definition of compliance.
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1. Introduction

The United States spends a disproportionate share of its GDP on health care compared to
other high-income nations. In 2020, US health care spending accounted for 19.7% of GDP; the
OECD average was 12% of GDP (McGough et al 2023). Policymakers on both sides of the aisle,
cognizant of the crippling effects of rising health care costs, have made reducing health care
costs a campaign and governing priority. Hospital care constitutes the largest share of all health
care spending — 33% (CMS 2019). One recent innovation to catalyze competition in a market
sorely needing it is price transparency — policies designed to transmit pricing information about
shoppable services and procedures to consumers. In recent years, price transparency initiatives
have gained bipartisan support as a vehicle to reduce information asymmetries by equipping
consumers with the resources to select cheaper treatment options and force prices down through
competition.

Price transparency at smaller scales — a single insurer, employer, or state — has been
studied repeatedly by researchers without a clear consensus. Indeed, there is both theoretical and
empirical support for concluding price transparency increases, decreases, or reduces prices for
hospital services, with possible factors on both the demand and supply side. Fundamentally, the
tension boils down to who benefits from price transparency. On the demand-side, do consumers
benefit by selecting into cheaper hospitals, forcing down higher priced hospitals? Or do
consumers select into more expensive hospitals under the assumption that price signals quality?
Likewise, on the supply side, do insurers benefit by using less expensive hospitals as a
bargaining chip? Or do hospitals benefit by using more expensive hospitals as their trump card?

This thesis attempts to answers those questions using the broadest expansion of price

transparency to-date: a 2021 CMS Final Rule requiring all hospitals nationwide to post their



chargemasters in a machine-readable-file (MRF) and a list of shoppable services in a consumer-
friendly manner. Charges — the full cost of a medical procedure with no discounting nor
negotiation — are understudied in the literature because of their inherent opaqueness: no
consumer ever faces them, so it is difficult to identify their true value. This thesis closes that gap
by estimating the impact of compliance with the CMS requirement on the charge for a set of
shoppable procedures. CMS does not publish their own rankings nor evaluate compliance unless
a formal fine is issued, of which only four have been to this date (CMS 2023). Instead, I use data
from Turquoise Health, a health care consulting organization, that evaluates the degree of
compliance with the mandate on a 1-5 scale.

I estimate the relationship between the degree of compliance and charge, parsing that
relationship into supply — hospital-focused — and demand — consumer-focused — factors. Prior
literature has theorized that charges of nearby hospitals may be used by hospitals to tacitly
collude (Sinaiko and Rosenthal 2011, Blumenthal et al. 2019) or by insurers to forcibly bring
down the charges of expensive hospitals (Tu and Lauer 2009). I test that theory, capturing supply
factors using the average compliance of a hospital’s neighboring hospitals. This measure
encapsulates the availability of nearby hospital’s data and thus the ability of a hospital (or
insurer) to use that information. Previous work has also theorized about a demand effect wherein
charges are used by consumers to select out of expensive hospitals (Pennerstorfer et al. 2020) or
to select into expensive hospitals if consumers mistakenly associate higher charge with higher
quality (Hostetter and Klein n.d, Glied 2021). I measure demand factors using a hospital’s own
compliance, which reflects the available data for consumers to use in evaluating a given hospital.

I estimate two models to evaluate these relationships. I first run a nationwide OLS model

on all hospitals reporting partial or full data, evaluating whether the degree of compliance relates



to charge for five shoppable procedures: ultrasounds, knee surgeries, colonoscopies, MRI brain
scans, and CT pelvis scans. Noncompliant hospitals (scoring a 1) do not publish data and thus are
excluded from the sample. I find evidence of a positive association between the average peer
compliance — supply factors — and charge, with a point increase in the average compliance of a
hospital’s market associated with a 12.0% increase in charge. I also find evidence of a significant
negative association between low levels of self-compliance and charge. For all five procedures
combined, scoring a two is associated with a 10.9% reduction in charge compared to a score of
five, suggesting low levels of compliance are associated with lower charges. This relationship is
driven by a significant association for knee surgeries and colonoscopies with their respective
charges.

Second, I attempt to estimate the causal effect of compliance on charge using a
differences-in-difference model for California hospitals. California charge data is available for
all hospitals beginning in 2004, allowing me to observe how charges change before and after the
final rule. I define the treatment group as hospitals considered by Turquoise to be complying
with the “treatment” — the federal mandate. The control group includes hospitals who report their
data to California but are noncompliant with the federal mandate (i.e., receive a score of “1” by
Turquoise); in other words, they do not report data on their own website. Given that the
difference between the two groups is the presence of data on a hospital’s website, I only estimate
the demand-side effect of compliance in this model. Hospitals and insurers have always had
access to this information via the state’s website, and so there should be no supply-side effect
between the two groups.

I estimate this model on three procedures: diagnostic colonoscopies, knee surgeries, and

screening mammograms. I find no evidence of a causal effect of compliance on charge for all



procedures combined. Among individual procedures, none show a significant effect of
compliance on charge. This model, however, contains considerable uncertainty. The small
sample size leads to large confidence intervals, inflating the standard errors and rendering the
large point estimates insignificant. I thus do not rule out a possible effect in California. I cannot,
however, offer any causal evidence that such an effect exists.

My final empirical result applies the national model to California hospitals. There are two
notable outcomes. First, the supply-side variables are rendered insignificant, which is expected
given my hypothesis that there should be no supply-side effect of compliance. Second, the
coefficients on the colonoscopy model switch direction from the national model, suggesting
compliance is associated with a decrease in charge in California. While the DD model does not
directly affirm this result for colonoscopies, it does not directly contradict it, rather failing to
offer enough evidence to support them. Precisely why California is unique is unclear. I speculate
that California is associated with relevant unobservable factors such as consumer awareness and
a heightened regulatory environment. Further work may seek to causally identify a mechanism.

As the national model is observational and the California model, while quasi-
experimental, shows no significant findings, I do not make causal conclusions as to a specific
effect. I can, however, make two broad conclusions. First, price transparency has likely failed to
achieve its goals nationwide. The results from the national model show an association between
higher compliance and higher charge, the opposite of transparency’s intended outcome. And the
CA DD model does not estimate a significant effect for any procedure. Second, California
appears to be different than the nation. The change in the supply coefficients, while expected,
confirm this difference. Likewise, the reversal in the demand-side coefficients further

demonstrate California’s unique setting. I speculate that the stronger regulations statewide may



lead to a heightened awareness among consumers, which will enhance the demand-side impacts
of transparency.

My thesis builds on the literature in three ways. First and most importantly, I offer the first
empirical test of the impact of CMS’s Final Rule on Price Transparency using both observational
and quasi-experimental methods. Second, I analyze chargemaster list prices — known as charges
or rates — an understudied topic within price transparency and economics literature overall.
Finally, I decompose the relationship into supply- and demand-side factors, allowing me to
isolate which theorized mechanism is best supported empirically. Price transparency was
heralded as ushering in “revolutionary changes” for consumers (CMS 2019). The following
offers the first in-depth empirical test of the hypothesized revolution.

I1. Policy Background

Prior to the advent of the internet, price transparency was infeasible. To require hospitals
to disseminate information about their prices on pen and paper would be woefully inefficient and
logistically impossible. The Internet, however, offers consumers a window to peer into the inner
workings of their insurers and hospitals. Individual states first began opening that window by
mandating that either insurers or hospital report prices or costs. For example, twenty-six states
have established mandatory All-Payer Claims Databases, which collect the prices paid for a
litany of health services from Medicaid, Medicare, and all private insurers (APCD Council
2021).

California, the state I focus on in the second empirical section, had the most robust
regulations. As part of their Payers’ Bill of Rights, each hospital — except for designated “small
and rural hospitals” — must make their chargemaster available at the hospital’s physical location.
Additionally, all hospitals must submit a copy of the chargemaster, a list of 25 common

outpatient procedures, and specified financial information to the Department of Health Care



Access and Information annually (HCAI). That requirement has been in place since 2004,
resulting in a possible study period of nearly 20 years for California.

Prior to 2019, California was the exception, not the norm. While twenty-nine states had
some price transparency requirements (HHS 2019), only six states required comprehensive price
or charge data on all services from hospitals, including New Hampshire and California (Pioneer
Editorial Staff 2020), and an independent watchdog issued 36 D or F grades to states for their
price transparency measures (Catalyst for Payment Reform 2023). Moreover, hospitals are
reluctant to unilaterally reveal prices, with one 2013 study using a random sample of hospitals
stratified by state found only 10% of non-top-ranked hospitals were able to procure a bundled
price estimate (Rosenthal et al. 2013). Across all price transparency tools, only 37% reported
prices on diagnostic or screening procedures, with lower rates for other outpatient services (HHS
2019).

Federal action began with the Affordable Care Act (ACA), which mandated hospitals
create and “make public” standard charges for services, but left the format, frequency of updates,
and accessibility up to the hospitals (HHS 2019). Problematically, there was no enumerated
enforcement mechanism nor compliance metric, and HHS issued two separate formal reminders
to hospitals following low rates of compliance. State inaction in conjunction with the low
compliance with the federal guidelines prompted the Trump Administration’s Department of
Health and Human Services to propose an amendment to CFR 45 entitled “Hospital Price
Transparency.” The new section would expand existing hospital reporting requirements to
include “charges and information based on negotiated rates and for common shoppable items and
services, in a manner that is consumer-friendly” (HHS 2019, italics added for emphasis). The

rule also permits regular audits of financial penalties for noncompliant organizations.



Following extensive comments, the final rule was published in November 2019 and took
effect on January 1%, 2021. Additional requirements, finalized January 1%, 2022, increased the
monetary penalty for noncompliance and clarified that the posted machine-readable documents
must be searchable and downloadable. The American Hospital Association, together with other
hospital stakeholders, sued HHS, arguing that the government is illegally compelling hospitals to
release trade secrets (Pragid and Camerson n.d). The D.C. Circuit Court of Appeals rejected their
claims, and the rule was given the court’s legal blessing. Having exhausted their legal options,
some hospitals have instead shirked their reporting responsibilities. As of this writing, CMS has
not provided any public information on compliance, issuing only four fines to hospitals. And
even those fines are lagged, issued over 9 months after the first official warning. Evaluating
compliance has thus been left to independent organizations, including Turquoise Health, the
source for my main dataset.

I11. Literature Review

ITILA. Shopping and Compliance
My analysis relies on a set “shoppable” services provided by Turquoise Health free-of-

charge. “Shoppable” is formally defined as “a service that can be scheduled by a health care
consumer in advance” (CMS 2021), with CMS further specifying 300 hospital services that
qualify as shoppable. Charges, often referred to as list prices and found on the now-public
hospital chargemasters, are the full prices for each hospital service. They tend to serve as a
negotiating tool for the negotiated rate, which is the contracted rate agreed upon by each payer
and each hospital (Center for Health Affairs). Thus, few, if any, patients pay the “charged” rate.
Even uninsured patients often pay a discounted cash price, which, despite the power asymmetry
between the provider and the individual consumer, are well below the list price and often below

the negotiated prices (Jiang et al. 2021).



Whether shoppable services constitute a significant part of overall hospital provision is
unclear. Research cited as part of the original justification for the regulations found that 73 out of
the 100 highest-spending inpatient care categories and 90% of the 300 highest-spending
outpatient services were shoppable (Trump 2019), suggesting reforms targeted towards
shoppable services could yield substantial savings. But that same work paints a gloomier picture
when total cost is the unit of analysis, finding shoppable services only account for one-third of
total health care spending. Excluding ambulance bills, only 28.8% of inpatient spending was
shoppable and only 6.4% of total spending (White and Eguchi 2014).

Compliance with the final rule has been low and, unsurprisingly, non-random. Early
analyses of compliance found low compliance, including 16% in Tennessee in March 2021 and
17% nationwide in June 2021 (Triana and Horn 2021, Gondi et al. 2021). Recent analyses show
improvements, with compliance with the negotiated price requirement rising to 68% by the end
of 2021 and 62% of hospitals reporting median out-of-pocket prices by the middle of 2022 (Ji
and Kong 2021, Younessi et al. 2022). Ascertaining whether noncompliance is the result of
negligence or malintent is difficult; nevertheless, prior work has identified correlates of
compliance, including continuous factors like size and concentration, both of which have been
positively associated with compliance, and categorical factors like location (Northeast and
Midwest), for-profit ownership, and teaching status, all of which are associated with a higher
compliance score using the same compliance metric I use (Younessi et al. 2022, Gondi 2021).
Causal inference is precluded by the simultaneous nationwide implementation of the policy;
nevertheless, nonrandom compliance does impose a limitation to the robustness of my findings,

discussed in additional detail later.



Compliance with the shoppable services requirement is even more subjective given the
final rule’s reliance on “consumer-friendly” as the nationwide standard. CMS’s guidelines and
advice for hospitals acknowledges there is a “wide variety” of consumer-friendly formats, and
thus recommends, but does not require, certain formats (CMS 2019). Some literature has
employed their own definition of consumer-friendly based on the number of clicks required to
access the data (Berkowitz et al. 2021), but the inherent time constraints imposed by that
definition has precluded a large-n analysis of compliance and shifted the focus to evaluating the
objective requirements of the rule. Turquoise Health, for example, calculates their compliance
score based solely on the machine-readable-file regulation but does not evaluate compliance with
shoppable services (Severn 2022). A competitor, Patient Rights Advocate, offers more nuanced
ratings, including compliance with the shoppable service requirement, but does not offer
significant descriptive detail nor evaluate the ease of locating the charges/files (Patient Rights

Advocate 2023).

IIL.B. The Role of Charges
This thesis evaluates the price for health care before negotiation or discounting, referred

to interchangeably as list prices and charges. The existing literature has focused little on
chargemasters. Some argue that chargemasters offer little actionable data. The gap between
charges and negotiated rates has grown over time, suggesting that any relationship between list
prices and negotiated prices may be attenuating (Anderson 2007).

The most relevant scholarship, however, supports a strong link between chargemasters
and negotiated/discounted prices. Tompkins et al. (2006) pair existing literature with interviews
with hospital executives to argue that chargemasters reflect hospital’s economic thinking and
business strategy, thereby offering a window into the root of price variation. Batty and Ippolito

(2017) find a strong relationship between list charges and negotiated prices, concluding that list



charges continue to reflect strategic behavior by hospitals, even estimating a causal relationship
between higher list charges and revenue from uninsured patients. Indeed, list charges may serve
as a starting point for provider-insurer negotiations (Arora et al. 2015, Tompkins 2006), thereby
creating a compelling economic incentive for providers to maximize their list charge prior to
entering negotiations. More recent work has confirmed that chargemasters continue to be used by
hospitals to maximize revenue and thus have a meaningful relationship to price (Bai and
Anderson 2016, Linde and Egede 2022, Wang et al. 2023). Overall, however, there is little
emphasis on charges in the empirical economics literature (Brown 2019), with much of the
preceding work in medical journals. This thesis closes that gap. The following section discusses
literature on prices/negotiated rates, findings I argue can also be applied to charges given the

theoretical and empirical relationship between charges and payments discussed above.

ITI.C. Prices Paid and Negotiations
While the rising cost of health care is a key impetus for transparency measures, a second,

related justification is the persistence of anomalously high price dispersion'. Variation in price
across geographic entities is ubiquitous in hospitals, with Newhouse and Garber (2013)
concluding that variation in spending for Medicaid beneficiaries occurred at every geographic
unit studied. Cooper et al. (2019) extend this finding to privately insured individuals, estimating
that health spending varies by a factor of three across geographic areas, with 50% of that
variation due to price. And Panhans et al (2021) estimates that 35% of the total price variation
originated within the same metropolitan area, illustrating just how pervasive price dispersion is

among providers.

! For markets with homogeneous goods, classical economic theory predicts that a binding, market-clearing price will prevail, with the
“Rule of One Price” defining such markets and eliminating meaningful dispersion (Pennerstorfer 2020). Indeed, traditional approaches to health
care evaluation assume that hospitals are functionally identical and thus homogeneous, with heterogeneity in quality, price, and performance
caused by input inefficiencies and thus exogenous to the market itself (Zarrin 2022). That assumption is clearly inconsistent with the empirical
literature.
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Moreover, a notable amount of that variation occurs within hospitals, including 20% of
the total price variation for basic, homogeneous procedures like MRIs (Cooper et al. 2019).
These conclusions are extended once more by Panhans et al. 2021 in their study of Colorado
hospitals who estimate that costs would fall by up to 20% if hospitals applied the lowest
negotiated price to all procedures. More recent studies have relied on the data provided under the
new mandate to estimate variation, with one estimate finding the mean intrahospital variation for
charges was 28%, larger than the interhospital mean variation of 18% (Lu et al. 2020).

The extant literature has also found remarkable differences in Medicare rates and
privately insured rates, with some estimates of the upcharge for private insurance as high as
200% (Selden 2015). It is thus particularly notable that the geographic and temporal variation in
prices apply only to privately insured individuals (Franzini et al. 2014, Newhouse and Garber
2013, Chernew 2020), who either rely on their insurer to bargain on their behalf or pay a
discounted cash price. Thus, when hospitals have a more direct role in negotiating payments,
variation becomes more prevalent. And, as the preceding literature notes, chargemaster charges
are often the starting point for negotiations. Examining the charge data is thus relevant to
capturing the price-setting process.

Given price differences for comparable procedures exist across and within markets and
even within hospitals for services paid for privately, I now turn to the causes of these differences.
Hospitals point to the complex interaction of Medicare, Medicaid, and private insurers to justify
the high variance in hospital pricing and their deviation from full cost (AHA 2018). The seminal
theoretical literature on the topic concurs that the fractured US health care system incentivizes
hospitals to charge higher negotiated prices to counteract revenue shortfalls stemming from

underinsurance or low Medicare reimbursement rates (Harris 1979).
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More recent empirical findings, however, identify other patterns in pricing. First, on
Medicare, while one cross-sectional study found reductions in Medicare reimbursements are
uncorrelated to private insurance spending (Chernew et al. 2010), a causal estimate exploiting an
administrative change in Medicare found a $1.00 increase in Medicare fees led to a $1.16
increase in private fees (Clemens and Gottlieb 2016). Rather than passing along the losses from
the price ceiling induced by Medicare to private payers, the evidence leans more towards
Medicare rates as a negotiating tool to justify higher negotiated rates. Moreover, there is
consistent evidence that hospital prices rise faster than overall inflation and that those changes
are not due to changes in utilization, suggesting it is supply-side factors driving these price hikes
(Dranove et al. 1991, HCI 2011, Cooper et al. 2019). And there is robust literature confirming
that highly concentrated hospitals are less sensitive to competition and charge higher prices than
their less-concentrated peers (Gaynor et al. 2015, Cooper et al. 2019, Cooper et al. 2022), further
evidence that market structure and supply-side factors drive price variation.

An analysis of price dispersion must also consider the role of quality as a determinant of
price. Two meta-analyses, conducted in 2013 and 2020, respectively, both conclude that there is
no clear relationship between cost and quality (Hussey et al. 2013, Jamalabadi et al. 2020).
Indeed, Hussey’s review of 61 studies notes that the proportion of studies estimating a positive,
negative, or negligible relationship is effectively equal. And more recent empirical studies
estimate the relationship between the charge-to-cost ratio and quality to be negative (Beauvais et
al. 2020, Cooper et al. 2022) or negligible, including a study of chargemaster data released under
the 2021 Price Transparency Rule (Esposito et al. 2022).

Although the empirical evidence does not support quality as a driver — let alone the key

driver — of price variation for comparable procedures, that does not imply consumers are aware.
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Consumers are conditioned by transactions in other markets to infer quality from relative prices
(Gabor and Granger 1966, McConnell 1968), and limited evidence on drugs affirms the role of
price as signaling quality to consumers (Waber et al. 2008). More recent work in empirical
health economics has echoed these findings, estimating consumers pass up, on average, over six
cheaper options for lower limb MRI’s, finding physician referrals dwarf the relative impact of
cost (Chernew et al. 2018). Thus, if price is not conferring quality, but consumers nevertheless
believe that it does, then consumer behavior will generate considerable inefficiencies as they pay
more for lower quality care. Price transparency attempts to increase the saliency of price
differences and correct for these inefficiencies. Given this literature, my models operate on the
assumption that cost is weakly or negligibly linked to quality, and thus patients would benefit

from choosing low-cost providers as they are unlikely to face a cost-quality tradeoft.

IIL.D. Information and Transparency
The preceding paragraph highlights information asymmetries that have come to dominate

the health care market. Seminal theoretical work on information has found it plays a pivotal role
in market dynamics. Stigler (1961) contended that price variations are, at their core, a measure of
missing information among consumers, adapting a model that assumes a high marginal search
cost driven by the opportunity cost of the time required to ascertain prices. More recent
theoretical work has focused on clearinghouse models in which a third-party aggregates prices
and consumers actively choose to access information (Baye et al. 2006). Both models are
relevant in this analysis. As the final rule requires hospitals to procure their own data, marginal
search costs are thus relevant given consumers must navigate each hospital’s website. Moreover,
if a hospital employs barriers to accessibility, they will increase the marginal search cost. The
second model becomes relevant when considering the role of fledgling clearinghouses like

Turquoise Health which attempt to aggregate individual charges and prices into a single central
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location. Regardless of which model is employed, this theory predicts that as the share of
educated consumers rises, price dispersion falls in a competitive market (Pennerstorfer et al.
2020). Additional literature posits a supply-side mechanism by which prices fall: insurers gain
information about the charges and/or prices paid by other providers and other insurers,
strengthening their negotiating hand and ultimately forcing prices down (Tu and Lauer 2009).
Alternatively, hospitals may reduce charges because of reputational concerns due to fears that
their public image would suffer if they charged disproportionately high rates for common
procedures and/or in areas with highly vulnerable populations (Christensen et al. 2020).

A reduction in price dispersion, however, could be a detriment to patients if hospitals
converge on a higher median price, a possibility outlined by a different strand of empirical
literature. The preceding literature is contingent on consumers utilizing transparency tools to
catalyze the reduction in price dispersion. Theorists skeptical of transparency relax that
assumption, arguing that if few patients use the tools, then the effects of transparency will be on
the supply-side. That, they argue, bodes poorly for patients, because providers, especially
providers in concentrated markets, will leverage their monopoly or oligopoly power to force
insurers and patients to accept the newly released higher charges and negotiated rates charged by
peer hospitals (Sinaiko and Rosenthal 2011, Blumenthal et al. 2019, Glied 2021). A demand-side
concern is that consumers may misinterpret pricing data, believing it is a signal for quality and
thus selecting higher-priced options, incentivizing higher rates and prices among providers

(Hostetter and Klein, Glied 2021). Kyle and Ridley (2007) theorize that these mechanisms in

2 The advent of the Internet was expected to mark the beginning of the end for price dispersion. There is compelling empirical
evidence to suggest the Internet has reduced prices, whether it be in life insurance (Brown and Goolsbee 2002) and airline fares (Orlav 2011).
Nevertheless, price dispersion has continued to persist decades into the Internet era, leading researchers to conclude that the Internet alone is
insufficient to fully resolve existing informational asymmetries (Baye et al. 2004, Pan et al. 2004, Zhuang et al. 2018). Price dispersion thus
remains relevant in empirical economics.
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conjunction will hurt the uninsured the most as tacit collusion will occur. Thus, there is a
theoretical basis to support both an increase and decrease in prices from price transparency.
Given this tension in the literature, it should come as no surprise that the empirical
literature is mixed. There is considerable evidence that some forms of price transparency have
led to savings. Wu et al. (2014) found that patients who were informed about and given access to
an insurer-sponsored tool saw an 18.7% drop in MRI prices compared to patients not informed.
Importantly, however, this experiment involved proactive outreach. Research on passive price
transparency efforts have found more modest impacts. Whaley (2019) estimates the impact of a
large nationwide transparency tool, finding a 1-4% reduction in the price for homogenous
services, a magnitude aligned with Lieber’s (2017) empirics. However, when instrumenting for
usage to focus only on consumers who utilized the tool, Lieber finds a far higher impact — 10-
17% reduction in prices. There is also evidence that there is a lagged impact of price
transparency, with the price effect nearly doubling between year one and year five (Brown
2019). Of most relevance to my work is Christensen et al. (2020) who use state transparency
regulations to estimate a 5% reduction in listed chargemaster rates from transparency mandates,
one of the few authors to study chargemaster data. Although Christensen does not find a
significant impact on price, Tu and Lauer (2009) caution that the effect on prices may manifest
as a reduction in the rate of increase, an effect that, if present, would be masked in most models.
My thesis extends Christensen’s hypotheses by applying them to a uniform, nationwide mandate.
A competing strand of the literature, however, finds less evidence of a meaningful impact
of price transparency. Desai et al. (2016) offers the strongest evidence within this strand, using
two employers with hundreds of thousands of employees to show a negligible and even slightly

negative impact of price transparency. Scholars on the other side of the issue, such as Brown and
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Whaley, note that the Desai et al. analysis is among employees of two large employers rather
than a statewide sample. But other scholars have examined states with strong transparency
infrastructure, including New Hampshire and California, with compelling results suggesting few
took advantage of the tool, with the price impact negligible (Tu and Lauer 2009, Mehotra et al.
2014, Farrell et al. 2019). Indeed, the most recent analytics from Turquoise itself reveal only
14,000 monthly unique visitors visit the site (Severn 2022). To put that in perspective, that figure
is equivalent to 0.12% of the annual number of patients admitted to the ER alone.

There is yet another set of literature that estimates an increase in prices after price
transparency takes effect. A widely cited study in Denmark found that price transparency
regulations for oligopolists in the concrete industry increased prices due to less competition on
price (Albaek 1997), supporting the supply-side theorists who expect price transparency to
strengthen provider negotiating power. Indeed, the FTC has previously cautioned states against
proposed transparency legislation, expressing concerns about the chilling effect on competition
by encouraging tacit collusion (Lao et al. 2015). There are also some empirics to support the
theory on consumer misperceptions on quality. Waber et al. 2008, as cited above, found
consumers associated drug price with quality, and Greene et al. 2016 extend this to health
insurance, finding consumers were more likely to select expensive plans unless detailed quality
information was paired with the topline price.

IV.  Conceptual Framework

The tension in the theoretical and empirical literature leaves little actionable data for
policymakers on which to build. I use the nationwide rollout of price transparency to address this
tension. To develop my conceptual framework, I weigh the competing strands based on their

relevance to the CMS final rule and the rigor of their methods. I hypothesize that compliance
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will be associated with or will cause a decrease in charges, both nationwide and in California. I
propose two mechanisms. First, supply-side effects will tilt the bargaining process towards
insurers at the national level. The key factor for this mechanism is scale. The novelty of a
nationwide mandate precludes analogs that study an effect on the same scale. However, those
who study supply-side effects on a larger scale find modest but significant reductions in price,
including Whaley (2019) and Lieber (2017), who examine tools available nationwide, and
Christensen (2020) and Brown (2019), who examine statewide transparency tools. Indeed, while
subnational, more tailored transparency mandates may strengthen the bargaining power of
providers as they apply to a small number of hospitals, I contend that a national mandate will not
do that. New Hampshire has 26 acute care hospitals. There are nearly 4,000 acute care hospitals
nationwide. A nationwide mandate will thus strengthen the hand of insurers by giving them
thousands of data points to use as negotiating tools. Indeed, even in NH, there is anecdotal
survey evidence that the balance-of-power between providers and insurers shifted following the
mandate (Tu and Gourevitch 2014). I argue that the sudden increase in the data available to
insurers will lead to a meaningful, supply-induced reduction in charges among hospitals
compliant with the mandate as insurers gain negotiating leverage.

Second, I argue that demand-side effects will lead to a significant yet smaller reduction in
charge. If demand-side factors exist, then they should be strongest under a nationwide mandate.
The rollout of the mandate was highly touted and highly publicized, increasing the likelihood
consumers utilize the information. And, unlike both California’s and New Hampshire’s optional
guidelines on posting charges, hospitals are required to post the data on their website. Thus, the
CMS transparency rule should incentivize more consumer utilization than previous transparency

tools which resulted in the modest effects found by previous scholars (Whaley 2019, Christensen
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2020, Brown 2019). I expect that this will reinforce the supply mechanism and lead to an overall
reduction in charge due to compliance, results that will be present in my nationwide model.

Distinguishing between the two mechanisms with absolute certainty is not feasible.
However, I attempt to parse the importance of each using two different explanatory variables.
First, I use a provider’s own compliance to capture demand-side effects. Consumers’ ability to
shop for services is highly dependent on the availability of a given hospital’s data, regardless of
whether that data are available from competing hospitals. In other words, if one hospital’s data
are missing, consumers cannot shop. The supply-side effect, however, is more closely related to
the availability of surrounding hospitals’ data, for insurers ability to reduce charges stems from
the existence of lower-priced alternatives. Those alternatives can only be leveraged if peer
hospitals publish data. I thus capture supply-side effects by computing the average compliance in
a hospital market, defined by Hospital Referral Region (HRR).

My nationwide model should be sensitive to both mechanisms and thus I include both
variables initially. California, however, is different, for hospitals have been obligated to report
chargemasters for over a decade. While the data is difficult to access for the average consumer —
navigating to the database, accessing it, and interpreting it is difficult — a motivated and
knowledgeable individual, such as an insurer or hospital, should be able to access data. Given
this data has been available since 2004, those individuals — all on the supply side — will have had
ample time to alter their behavior based on the release of this data. In the California context, the
federal mandate does not make much new data available, but rather improves accessibility. For
consumers who are sensitive to accessibility, this is a significant change. For suppliers with a

lower dependency on accessibility, there should be minimal change. Thus, there should be no
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supply-side mechanism at work in California, but there should be a demand effect. My California

models include only demand-side explanatory variables.

V. Nationwide

V.A. Data
Compliance and Price

My main analysis utilizes a free-upon-request research dataset from Turquoise Health, an
independent health care organization specializing in price transparency, which is updated
quarterly®. As of this writing and to my best knowledge, Turquoise Health is the only
organization that offers a publicly available metric to evaluate transparency beyond a binary
“compliant or noncompliant.” The score ranges from 1-5, with a “1” indicating no compliance.
Because noncompliant hospitals do not report charges as required, there is no data to include on
them. Thus, Turquoise is only able to report data for hospitals with scores of at least two, and
thus hospitals with a score of 1 are omitted from their dataset and my analysis. As Younessi et al.
(2022) notes, lower compliance — 1s, 2s, etc. — are associated with smaller hospitals and hospitals
in the South or West. Because compliance is not random, this analysis is limited to hospitals in
the model — those who score a 2-5. Most importantly, their dataset includes pricing information
scraped from hospital machine readable files (MRF) for each hospital providing data along with
additional demographic characteristics such as size, type of hospital, and quality, together
creating a robust dataset unrivaled by data alternatives. Their limited dataset includes fourteen
procedures. I limit my analysis to five procedures and the charges included in the dataset.

Of most importance to my analysis is the calculation of the “compliance score.” The

score is calculated by an algorithm based on over 60 pieces of information. There are six broad

3 T used up-to-date data as of early April 2022.
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categories, each with a handful of individual metrics. These categories include Overall Charges
and Service Information, Overall Payer Mix, Inpatient MS-DRGs - Charge & Service
Information, Inpatient MS-DRGs - Payer Mix, Inpatient Per Diem Rates - Charge & Service
Information, and Inpatient Per Diem Rates - Payer Mix. Within these categories, information fed
to the algorithm includes total number of records for that category, percent of records with cash,
list, or negotiated rate for major providers (depending on the category), and number of unique
providers or payment codes. The score also considers information specific to the type of service
— Radiology Procedures, Pathology and Laboratory Procedures, Drugs, etc. — such as number of
distinct CPT codes, percent of records with cash rates, and percent of records with list rate,
within each group. Additionally, they note that if a critical piece of information is absent or if the
MREF is not accessible by a reasonable member of the public, they reserve the right to impose a
ceiling on the algorithmic score.

There are, however, notable limitations to the robustness of their score. I briefly introduce
the pertinent limitations here. First, they do not reward hospitals for any data rising above the
minimum compliance requirements imposed by CMS. There is thus considerable variation in the
breadth of detail among hospitals scoring a five; however, all these hospitals are still more
compliant than any hospital in a lower category. Second, their score does not account for the
prominence or ease of access of the data on a hospital’s website, a reasonable choice given the
inherent subjectivity of quantifying accessibility. Nevertheless, it is a clear limitation that limits
the comprehensiveness of their score. Third, this score reflects compliance with the machine-
readable-file requirement discussed above but does not factor in the second requirement that
hospitals post a consumer-friendly list of prices for common shoppable services. I operate on the

assumption that the two are linked and that this score is a best-guess proxy for compliance with
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the consumer-friendly list. I discuss the validity of this assumption in the limitations section.
Finally, whether the posted charges and prices include professional fees is unclear. Some
hospitals report them separately, some combined, and some neglect them entirely. I assume that
the choice to report fees and the way in which they are reported is uncorrelated with the choice to
comply.

Sample Selection

I impose several restrictions on the Turquoise dataset displayed in Table A.1. I first
restrict my sample to entries specified as “list” prices. Theoretically, such a restriction should
result in, at most, a single entry per hospital per procedure, reflecting the hospital-wide list price
for that procedure. I then merge the data with the Dartmouth Atlas of Hospitals. Next, I exclude
hospitals classified as “Other” ownership, which are most often tribal. Tribal hospitals face their
own unique set of circumstances and often face different regulations than the typical non-tribal
hospital. I also exclude government hospitals as they may have different incentives to comply
and reduce charges. I also exclude Critical Access Hospitals (defined by CMS), which are small,
rural hospitals deemed essential to the population they serve and are eligible to receive CMS
benefits including higher Medicare reimbursement rates. These hospitals face little competition,
likely immunizing themselves from being affected by transparent pricing and distorting the
incentive to comply. I do, however, estimate my model on Critical Access Hospitals as a
robustness check.

I also trim 5% of entries at each tail. Figure 1 reflects the pre-trimmed distribution for
ultrasounds. It is skewed extremely right, suggesting the presence of large outliers. Given the
data is scraped and not reviewed prior to distribution, hospital data errors are passed along to

researchers. Errors vary, but based on the location of outliers, likely included the omission of a
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decimal point or the mistaken inclusion of one, resulting in rates well below or above the rest of
the distribution. I thus trim the tails to minimize the presence of data errors. Figure 2 visualizes
the distribution following the trim. Figures 1.A-D affirm that the other four procedures are also
skewed, so I apply these changes to those procedures as well in Figures 2.A-D. Finally, I address
duplicate entries by generating a mean charge for each hospital and procedure. Correspondence
with Turquoise confirmed that the hospitals are responsible for the presence of duplicates. I thus
take the mean to uniformly address the issue. The resulting relationship between compliance and
log charge is shown in Figure A.4.

Although Turquoise posits that all fourteen of their services qualify as shoppable, a
cursory review of the services offered suggests a range of “shoppable.” One would expect that
Emergency Room visits categorized as “Urgent” would be less sensitive to charge differences
than a diagnostic Colonoscopy. Indeed, Turquoise summarized their top ten most shopped
services based on user data, of which only a colonoscopy (diagnostic) is included in their free-of-
charge research dataset. Given I am unable to access the remaining nine most shopped services, [
choose four other services in addition to colonoscopy that are most conducive to shopping: Knee
arthroscopic cartilage removal, MRI brain scan, CT pelvis scan, and abdominal ultrasound. Knee
surgeries are considered one of the archetypal shoppable services (White and Eguchi 2016) and
thus warrant inclusion. Prior literature (Chernew et al. 2016; 2021) describes MRIs — MRIs of
lower limbs, in particular — as an easily shoppable service, at least according to economic theory.
I include the brain MRI and the pelvic CT scan — albeit a different scan, but a lower limb scan,
nonetheless. Abdominal ultrasounds are routine and often used as a screening or diagnostic tool
(Mayo Clinic) and thereby clear the requirements for a shoppable service.

Covariates and Geographic Units
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To build out the remainder of my model, I rely on two supplemental data sources to
incorporate covariates into both models. The first is CMS’s Hospital General Information
dataset, which includes key variables like ownership, hospital type, and Medicare Star Ratings,
variables I include as covariates in my topline regression. Summary statistics for covariates for
the nationwide sample can be found in Table 1. Second, I use the Dartmouth Atlas of Health
Care to crosswalk Hospital Referral Regions to the existing Turquoise data. Within my thesis, I
define a hospital market as its Hospital Referral Region, most relevant to my calculation of
concentration and for the level of entity fixed effects. Unlike census-related geographic units,
HRRs were created specifically to delineate areas based on proximity to a health care facility
(Hu et al. 2016). Hu et al. note some limitations with HRRs, for their initial creation was based
exclusively on Medicare service patterns and are rarely reorganized or reapportioned.
Nevertheless, there is a rich literature in health economics endorsing their use (AHA 2009;
Medicare Payment Advisory Commission 2011; Newhouse et al. 2013; Kilaru et al. 2015, among
others) to evaluate geographic variation in health. Although imperfect, HRRs are the only peer-
endorsed geographic unit specifically designed for health care markets, thereby positioning it as

my preferred definition for hospital markets.

V.B. Methods
I estimate the relationship between compliance and charges using a multivariate OLS

regression model. The estimating equations are as follows:
4
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The dependent variable Yj; is the log of the listed rate for procedure or set of procedures j
at hospital i. I specify charge as a log rather than a level. As the post-trim plots of the
distributions (Figures 2 and Appendix Figures 2.A-D) show, even after trimming each tail, the
distributions are heavily skewed. After taking the natural log, Figure 3 and Figures 3.A-D show
that the distributions are much more symmetric, and a kurtosis plot confirms the logged version
is closer to normality.

Equation (1) focuses specifically on demand factors, with the parameters of interest as
Dgcore» a set of binaries equal to 1 for each level of compliance with 5 as the reference group. |
expect that all coefficients on the binaries will be positive, with the magnitude increasing as the
score decreases. This reflects my expectation that less compliance is associated with higher
charge. Equation (2) focuses on the supply-side factors alone, with COMPy,.,. reflecting the
average compliance of a hospital’s market excluding itself. I expect that as average compliance
rises, charge should decrease, and S5 will be negative. Equation (3) brings the two together in
one model. X; is a vector of hospital characteristics, including size, measured by the number of
beds, concentration, measured by the HRR’s Herfindahl-Hirschman index (HHI), ownership, and
quality, determined by CMS. A4 Captures the effects unique to each state. Because market
concentration and average compliance are measured at the HRR-level, I do not include HRR
fixed effects to avoid the absorption of a parameter of interest. I do include ¢, a term for
procedure fixed effects. This is relevant when j is defined as multiple procedures. Whenj is a
single procedure, ¢; is perfectly collinear and is omitted. &;; is the error term for each procedure
and hospital.

Based on this model alone, I will not reach a causal conclusion. The nature of the dataset

and policy in question impose two constraints to causal inference. First, data that was only
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published because of transparency cannot be compared to pre-transparency data because that
data does not exist. Likewise, a nationwide transparency mandate affects all hospitals uniformly,
precluding any methods requiring grouped differences. Finally, no data source contains panel
nationwide charge or negotiated rate data; it is only Turquoise that offers cross-sectional data.
Nationally, I limit my findings to discussing correlations and possible — but uncertain — causal

mechanisms.

V.C. Results
I begin my analysis by combining all five procedures into a single model with procedure

fixed effects included. The results of Equations 1,2, and 3 are shown in Table 2. “Individual
Only” reflects Equation 1 and includes only the demand-side parameter of interest: a hospital’s
own compliance score, represented by the dummy variables Compliance 2, 3, and 4. The
baseline is a compliance score of 5; recall that 1s do not report data and are thus excluded from
the sample. “Peer Only” reflects Equation 2 includes only the supply-side parameter of interest:
the average compliance score for a hospital’s HRR. “Full Model” and “No Quality” reflect
Equation 3, differing only in the covariates included. “Compliance 2” is identical to Equation (3)
with the compliance binaries for 3, 4 and 5 collapsed into a single variable.

The demand-side variables show consistent results. Across the individual, full, and no
quality model, the coefficient on a compliance score of 2 is significant and negative and shows
only small changes as the model specification changes. The inclusion of peer factors and the
exclusion of quality show no evidence of attenuating the predicted relationship. In the full model,
a hospital with a score of two is associated with a 10.9% reduction in charge. On the other hand,
coefficients 3 and 4 are insignificant across all three models. Column 5 — “Compliance 2 —
offers a clearer representation of the unique impact of scoring a two compared to higher scores.

When compared to scores 3,4, and 5, a score of 2 is still associated with a smaller yet significant
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reduction in charge of 6.6%, validating the trend from the first four models: compliance score
two appears to be unique. Indeed, these results suggest that low — but not zero — compliance is
associated with a reduction in charge, an unexpected finding that runs counter to the goal of
transparency and my framework.

Similar consistencies can be found among my supply-side variable: the average
compliance by HRR. That variable is included in columns 2-5 and shows reliably significant,
large, and positive results. The full model (column 3) predicts a 12.1% increase in the rate for
ultrasounds for each point increase in the average compliance for a hospital’s HRR, a large
increase. And the positive relationship is suggestive of a predicted increase in charge as a
hospital’s peers average compliance increases. While this is not causal, it does lend more
credence to the strand of literature arguing compliance would benefit hospitals who would tacitly
compete upwards on charge. And it is consistent with the demand-side variables which showed a
positive association between compliance and charge, akin to the association shown here.

Examining other covariates yields both intuitive and surprising results. First, size is
positively associated with charge across all five models, a finding consistent with literature
(White et al. 2016). For-Profit status is not associated with any difference; however, that is only
in comparison to non-profit hospitals. Surprisingly, hospitals in concentrated markets are
associated with lower charge, a finding that conflicts with the empirical consensus. Note that it is
possible that charges diverge from prices in concentrated markets; if charges are used as
bargaining chips by hospitals, they matter less if the hospital engages in lower stakes bargaining
because they are insulated from competition. Regardless, it is a surprising result. Finally, no
coefficients on quality are significant as a joint hypothesis test on all five models fails to reject

the null and as Model 4 shows, there is no change in the relationship among any key parameters
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when quality is omitted. This validates prior literature that there is no relationship between
quality and charge.

I now apply my full model to the five shoppable procedures individually as shown in
Table 3 to identify the procedures that are driving the previous results. These results are also
visually displayed in Figure 4. For the demand variables, arthroscopic knee surgery and
colonoscopy contain the only significant coefficients for a score of two. A score of two is
associated with a 51.3% and 17.7% decrease in charge for knee surgeries and colonoscopies
compared to a score of five, respectively. It is notable that the three less invasive procedures are
all insignificant while the two invasive procedures are significant. Given the causal constraints, [
cannot determine that there is a differential association depending on the procedure’s
invasiveness. It is a finding, however, that merits further study.

Results for the supply-side variable — average compliance — are more consistent
throughout the individual procedures. All five coefficients are positive and four have a p-value
below 0.1, suggesting that the supply-side association is more widespread. It is again notable,
however, that the two procedures with any significant demand coefficients are the ones with
insignificant or weaker supply coefficients. It is possible that there is a trade-off between the
supply and demand mechanisms, allowing one to dominate for each procedure. But given the
mechanisms describe above, I am skeptical of that hypothesis. The supply and demand
mechanisms operate independently of one another, and the national model confirms both can
matter simultaneously®. Instead, I argue that the most likely cause for these findings is an
underlying difference between these procedures, one that is not yet addressed by the literature.

Consumers may be more likely to shop for invasive, significant procedures and suppliers may be

4 The correlation between self-compliance and peer compliance is only .21, further affirming that the two measures
identify different phenomena.
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more likely to utilize charge information from their peers when the procedures are simple like
scans or images.

These results are aligned with the strand of literature that predicts an increase in charge
when charges are published. Some literature hypothesized that given low usage, the few who do
utilize the transparency tools and information are likely well-informed and high-income
individuals. So, if they operate under the assumption that charge is a signal for quality, then there
will be selection into high-cost procedures. This is the most likely explanation for the positive
association between higher compliance and charge for knee surgery and colonoscopy. However,
it is impossible to rule out omitted variable bias given the nature of this model, and so I cannot
conclude definitively that this is the case.

It is the supply-side mechanism that is more consistent across-the-board. Four out of the
five models contain a highly significant supply-side coefficient. Only the coefficient on average
compliance in the knee surgery specification is insignificant. This finding lends credence to the
theory that hospitals use transparency to learn about the higher charges their peers are charging
and negotiate charges up. Prior to transparency, hospitals had no way to ascertain the charges of
their competitors on a regular basis. Now, however, hospitals can access the charge data of all
compliant hospitals, both in their market, state, and across the nation. These results suggest that,
if there is a causal relationship, it is likely that the release of this information has favored

hospitals at the expense of insurers and patients.

V.D. Robustness Checks
I conduct three robustness checks to verify the validity of my results. First, I choose three

procedures that should not be shoppable: Emergency Room (ER) visits, ranging in severity from
Level 3 to Level 5. If a patient is visiting the emergency room in any capacity, there is a far

lower likelihood that they would have the time or ability to shop. Appendix Table A.2
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summarizes the results of the regressions with each of those three levels of ER visits as the
dependent variable. The overall results align with the main model as the compliance score 2
dummies are all significantly negative. This is admittedly a concern, for there is little reason to
think emergency room procedures would be shopped. The average compliance by HRR measure
is insignificant across all models, a reassuring finding. But I urge some caution given the
unexpected significant findings on my demand variables.

Second, I limit my models to Critical Access Hospitals, small hospitals that are deemed
essential to the community they serve because of a lack of alternative care options. These
hospitals should be mostly shielded from competitive pressures and thus should not yield a
significant finding on either variable of interest. I recreate Table 3 using just Critical Access
Hospitals in Appendix Table A.3. However, I exclude hospital rating as most of the Critical
Access Hospitals are exempt from Medicare evaluations. Again, the results are reassuring. The
only significant coefficient for any compliance score dummy is for hospitals scoring a 2 for
ultrasounds. All other compliance score dummies are insignificant, including in the combined
model, offering little evidence of a consistent trend akin to those found in the main regressions.
Likewise, the “Average Compliance by HRR” variable is only significant for MRI Brain scans,
which ultimately renders the combined model significant as well. It is again notable for those
two procedures, but in the absence of any other significant coefficients, I do not see sufficient
evidence to warrant concern.

Third, I substitute my measure of compliance for one created by a peer independent
evaluator: Patient Rights Advocate (PRA). Their methodology differs from Turquoise’s in three
ways: First, unlike Turquoise, they evaluate each hospital by hand as opposed to using an

algorithm, allowing for a more subjective evaluation of items like “consumer friendly.” Second,
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their compliance score is a binary based on eleven sub-scores. If even one sub-score does not
satisfy its requirements, then the hospital is considered non-compliant. Finally, they take a
sample of 2,000 US hospitals rather than a census of all hospitals. They do not specify the
sampling process and thus I make one notable change to the model for this check: I exclude the
average compliance by HRR. The PRA does not collect their own charge data, so the outcome
remains the charges from Turquoise. Note that the number of observations is significantly
smaller for two reasons. First, it is a sample of hospitals, a sample far smaller than the number of
hospitals Turquoise examines. Second, different naming conventions limited my ability to merge
the two sets of ratings. Table A.4 reflects the relationship between the two compliance scores.
The percentages are conditional probabilities of receiving a compliant or noncompliant score
from PRA given one’s Turquoise score. The fraction of hospitals rated compliant by PRA does
increase as the compliance score from Turquoise increases. Still, only 26% of 5s are rated
compliant by PRA, and the overall correlation between the two is just .26, a remarkable gap
given both organizations base their compliance on an identical rule. This itself is indicative of the
considerable uncertainty and ambiguity in evaluating compliance.

Table A.5 shows my main models with a single dummy variable representing PRA’s
compliance measure. All procedures combined and knee surgery individually show a significant
negative association between compliance and charge — all procedures and knee surgery — a
finding that runs counter to my main conclusions. For example, compliance is associated with a
reduction in charge by 7.2%. Importantly, Turquoise and PRA employ different methodologies
in calculating their scores, and so a diverging relationship is not an inherent concern, and it is
only one procedure that shows this significant association individually. With that said, PRA

evaluates compliance with the shoppable service requirement — albeit subjectively — while
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Turquoise does not. The methodological limitations I outline above preclude extrapolating this
finding to the entire country. But it is notable that a compliance measure evaluating the
consumer-friendly tool finds a negative association. It is a finding worth exploring in future
research.

California

VI.A. Data
Price Data

For California, I gather charge data from California’s Department of Health Care Access
and Information (HCAI), which serves as a central data warehouse for all hospital chargemasters
and creates a list of the average charge for a set of common CPT codes for 2012-2022. It is the
latter that is most relevant for my analysis as the Turquoise procedures are classified by CPT
code. I crosswalk this data with the Turquoise compliance ratings and California hospital
identifying datasets to construct a comprehensive dataset inclusive of all hospitals and their
compliance scores. I include four years of pre-treatment data (2016-2019) and the two available
years of post-treatment data. I omit 2020 because of the pandemic’s effect on hospitals. While I
include time fixed effects, the unprecedented strain on hospitals and the healthcare system may
have contaminated the data in other ways. For example, elective, non-essential procedures were
forbidden for much of the year, such as knee surgery or mammograms, and updating
chargemasters was likely a lower priority. These factors may lead to exclusions from the dataset
itself. To avoid this contamination, I do not include 2020°.

Sample Selection

5 Models that included 2020 showed no change from the models I include. But given the likely data issues, I do not
recommend interpreting models with 2020 in them.
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Table A.6 documents the sample restrictions I impose for the California models. First, to
create a sharper treatment and control cut-off, I focus only on non-compliant and the most
compliant hospitals, corresponding to a 1 and 5 from Turquoise, respectively. Second, hospitals
that either closed or never reported data were omitted from the final sample. During my seven-
year sample frame, a small number of hospitals were acquired, renamed, or merged with other
hospitals. I used the unique HCALI identifier to link hospitals. If the HCAI ID was consistent
throughout the sample period, even if the name changed, I opted to consider it in the sample.

Unlike Turquoise, which limits the universe of procedures to just 14, California’s
chargemaster submissions must include at least 25 common procedures, with many submitting
additional ones. I select five procedures to focus my main analysis: arthroscopic knee surgery,
colonoscopy, routine screening mammograms, and CT brain scans, imaging of the spine and
pelvis®. All five have at least 150 total data points (aggregated across all years) and are either
included in the Turquoise dataset or were in Turquoise’s “top-ten” most searched services, a

clear sign that they all qualify as shoppable.

VI.B. Methods
I estimate the causal effect of complying with the machine-readable-file mandate using a

differences-in-differences approach to compare California hospitals before (pre) and after (post)
2021, the first year the mandate took effect. I define the treatment group as the set of hospitals
that complied with the federal mandate, which is associated with earning a 5 from Turquoise.
The control group are hospitals who reported at least one year of pre-treatment data to CA
regulators but are noncompliant with the federal mandate, earning themselves a 1 from

Turquoise. Note that if data is reported to the website, then the hospital is compliant with the CA

& As I discuss later, imaging of the spine and pelvis and CT brain scans violate the parallel trends assumption. I thus
omit it for all analysis following that violation. Refer to Section VI.C for a detailed discussion.
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regulation relevant to my analysis. Thus, the noncompliant hospitals reported data to the state
clearinghouse, but not on their own website, allowing me to directly test the effect of posting
charge data on a hospital’s website. My main estimation technique is as follows:

(4)Yitj = Bo + B1TREAT + B,TREAT * POST + yX; + prr + P + 6 + €54

The dependent variable Y, ; represents the average charge for procedure ; at hospital i in
year ¢. Treat is a dummy variable, equal to 1 for hospitals who are compliant with federal price
transparency regulations. Post is a second dummy variable equal to 1 if the year is 2021 or 2022.
The interaction term TREAT * POST is equal to 1 for compliant hospitals following the
implementation of the federal rules; thus, 3,, the parameter of interest, estimates the effect of
compliance on the average charge for a given procedure. X; is a vector of hospital characteristics,
including rural status, ownership, CMS quality, size, and the cost-to-charge ratio. ay,.,- controls
for time-invariant fixed effects at the HRR-level, ¢p; accounts for procedure fixed effects, and &;
captures changes over time that apply uniformly to all hospitals. Note that concentration is not
estimated separately; because I use a time-invariant measure of concentration for each HRR, it
will be absorbed into ap,.r-. €;¢; is an error term specific to the hospital and year and clustered by
hospital.

Differences-in-differences models produce causal results if four assumptions are met:
exogenous assignment, parallel trends, no anticipation, and common shocks. The first
assumption is that hospitals do not select into either group but rather are exogenously assigned.
Prior evidence suggests hospital characteristics are associated with compliance at the national
level. I employ a balance test to examine whether that holds true for California. Second, the

parallel trends assumption implies that the treatment group and control group trend similarly in
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the dependent variable prior to the treatment. I use an event study approach to test this

assumption, employing the following equation:

2022

(5)Yij=Bo+ ). Oubie+ +BTREAT +yXi + tupy + by + 8¢ + ey
t=2016,t=2020

Where [5;; are the event-study variables representing the interaction between each year
and the treatment. The treatment is “on” (=1) for all treated hospitals in all years and off for all
non-treated hospitals in all years. The estimate for 2019 is normalized to zero. All other variables
are identical to those in Equation (1). The final two assumptions are no anticipation and only
common shocks. The former would be called into question if treated hospitals were able to
anticipate the treatment and adjust their behavior in an alternate way; for example, by posting
their chargemaster in advance of the deadline. Indeed, there was a thirteen-month gap between
the final rule’s publication (November 2019) and the deadline for compliance (January 2021).
But if parallel trends are established, then this assumption is likely met. And I omit 2020 in my
main models, the year most likely to be affected by anticipation. Similarly, the common shock
assumption implies that any shock during the study period should affect both groups equally.
Given that the hospitals are located within the same state, and that regulatory policy for hospitals
is most often at the state or federal level, I am not concerned that there was an uncommon shock

that may impact one group over the other.

VI.C. Quantitative Assumptions
I first test the two quantitative assumptions underlying my differences-in-differences

model. Table 4 presents the means of eight covariates for the control and treatment groups and
the differences between the two groups. The results offer moderate support for exogenous
assignment. Ownership and CMS quality rating are the only two significantly different variables

(p = .10). Roughly 53% of the control group is for-profit while just 31% of the treatment group is
group
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for-profit. The control group is also rated lower than the treatment group, with the average CMS
star rating .6 points lower in the control than in the treatment group. However, I urge caution in
making broad conclusions about identification issues from the table. The treatment group is 19
hospitals, which will thus induce volatile point estimates. And as discussed above, there is little
evidence that quality is related to charge. Moreover, there is evidence that nonprofit hospitals
behave similarly to for-profit hospitals in profit maximization and pricing behavior (Ofri 2020),
which may reduce the impact of nonrandom assignment. Nevertheless, I include all these
variables (or sets of variables) in my main regression to account for possible bias.

I next test the parallel trends assumption through an event study model. Figures 5.A-F
reflect the results of the event study for my five selected procedures as well as all procedures
combined. I again urge caution when interpreting individual year coefficients, for the sample size
on each is considerably smaller than when combined into treatment and control groups. The
results of a joint hypothesis test on each event study specification reveal two procedures or set of
procedures with a significant p-value (p<.1): CT head scans and imaging of the spine and pelvis.
The specific p-values for the F-test of joint significance for the pre period for all event study
models are in their respective figure notes. The inclusion of these procedures in the combined
procedure model also causes a violation (Figure A.5), whereas its omission does not lead to a
combined violation. I thus proceed with analysis without either procedure to minimize the

constraints to inference.

VIL.D. Results
Table 5 depicts the results of a differences-in-differences model comparing compliant

and noncompliant hospitals for the five procedures I identify previously. The differences-in-

differences estimator is labeled “Differences-in-Differences Estimate.” As the table shows, all

35



procedures combined, and all four procedures yield an insignificant coefficient on the DD
estimator.

As Figure 6 shows, the point estimates lie on both sides of zero with all but
mammograms relatively precise zeros. The finding on mammograms is notable given the small
sample size. This analysis is undoubtedly underpowered and will only be able to capture large
effects at conventional significance levels. Thus, the mammogram estimate, while insignificant,
hints at a possible unique effect of transparency for mammograms. In this analysis, however, it is
but a hint, one that would benefit from further study. It is also notable that both knee surgeries
and colonoscopies, which contained the two significant demand-side coefficients in the first
model, are now rendered insignificant. Knee surgeries is a precise zero while colonoscopies tilts
slightly negative but is still close to zero. Given all three procedures are insignificant and the
combined model is effectively zero, I conclude that these results do not offer significant support
for a demand-side effect of price transparency.

Various covariates are significant for certain procedures, including for-profit status
(positively associated with charge in 3/4), cost-charge ratio (negatively associated with charge in
1/5), and size (negatively associated in 1/5, positively associated in 1/5), and rural status
(negatively associated with charge in 2/4). However, there is not a single covariate significant for
all five procedures.. The models have high explanatory power, which is in part due to the
inclusion of market fixed effects, a reflection of the clustering of prices within markets and the
overall role of supply factors in determining charge. But despite the consistently high model
explanatory power, there is no variable that is significant across all five procedures, reflecting the

murky nature of hospital charges.
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VLE. Robustness Checks
One complicating factor discussed previously is the no anticipation assumption. As

discussed previously, many hospitals likely complied an indeterminate amount of time prior to
the actual deadline, which may contaminate the pre-post division. I selected seven hospitals with
a high number of observations across all years and used the Way Back Machine to isolate any
pre-treatment compliance. All seven hospitals had no screen captures for their transparency page
prior to 2021, suggesting that those hospitals did not comply in advance. Moreover, if there was
anticipation, it would be most likely to contaminate the results from 2020 as the final rule was
announced in late 2019 and implemented in early 2021. I implicitly control for this by omitting
2020 from the main estimation.

My second robustness check is the less shoppable services check, one I ran previously on
my nationwide model. I use the same three ER codes utilized above, running my differences-in-
differences model on them. Those results are attached in Table A.7. Reassuringly, none of the
DD estimators are significant for ER code 3 or 4, but ER Level 5’s coefficient is significant and
negative, suggesting a reduction in charge for severe ER visits. This is a strange result and one
that introduces uncertainty into the validity of my results. Ultimately, however, none of my main
coefficients show a significant effect; in other words, there are no significant results to urge
caution on. But like the national model’s robustness check, it is a violation worth noting.

VI.  The Models Together

Overall, the models show divergence on demand-side relationships. The national model
finds low compliance is associated with a higher charge for knee surgeries and colonoscopies.
The California model, however, estimates no effect for all procedures — combined and
individually. This section attempts to reconcile these findings. First, I apply the national model to

CA hospitals to isolate any differences between the nation and CA. Note that the average
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compliance score continues to be calculated for all hospitals and that the “CA” hospitals include
all hospitals scoring a 2-5. Those results are in Table 6, and there are notable changes. First, two
new coefficients outside of colonoscopies become significant: a score of three for all procedures
and a score of 3 for MRI brain scans. Second, and most notably, all three coefficients for the
demand-side binaries are significant for colonoscopies. The trend is not monotonic, with a score
of two, three, and four associated with a charge increase of 50.7%, 79.8%, and 55.4%,
respectively, compared to a five. Note, however, that this is a reversal of the negative
relationship estimated by the national model, which initially predicted a positive association
between higher compliance and charge. Indeed, the colonoscopy estimate in California, while
insignificant, was negative and suffers from high uncertainty due to low sample size. In other
words, it is possible that price transparency may have had its intended impact for colonoscopies
in CA only given both CA-specific models uncover a similar relationship. But, neither model
provides sufficient evidence to conclude that.

For all other procedures and the nation, however, there is no evidence that demand-side
factors are associated with a reduction in charge. This is well-positioned to fit with the literature
predicting minimal demand-side impacts of price transparency. There is strong evidence that
programs without a corresponding incentive have little usage among consumers and thus muted
impacts. And Turquoise’s own usage report shows a small fraction of Americans have used their
tools. Extrapolating that to each hospital’s own data would offer a clear mechanism to explain
the negligible effect: no one has bothered to use the data. Ultimately, transparency is a two-way
street. The data must both be available and in-demand for transparency to matter in either
direction. If the data are not demanded, then variation in availability will have no impact on

charge, an explanation that appears well-suited to these results.
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The supply-side impacts were universally insignificant in California as shown in Table
except for MRI brain scans. Recall that I specifically omitted supply-side factors from the CA
analysis because the control group still had to report data to a central state data warehouse to be
included in the sample. I argued that this data, while difficult to access for consumers, would
have been available for knowledgeable, motivated groups such as insurers and providers. These
results validate that framework, for supply-side factors become insignificant when limited to
California.

In the national model, 4/5 procedures and all procedures combined show a large, positive
association between the average compliance of a hospital’s HRR and the charge. To be clear, this
finding does not establish a causal relationship. It suggests, however, that if such a relationship
exists, it is likely that nationwide transparency is associated with an increase in charge as
hospitals gain additional information about their competitors. Under such a mechanism, hospitals
can use their power as a price setter to strong-arm insurers into accepting higher prices aligned
with their more expensive peers. Charges serve as the starting point for hospital-insurer
negotiations, and thus charges will rise to facilitate the rise in prices.

This discussion begs the question: why is California unique? First, it is important to note
again that both models suffer from limitations; one is correlational and the other has small
sample size. Their divergence, however, is a significant finding worth exploring in greater detail.
Indeed, it was a diverging policy framework between the nation and California that allowed me
to estimate a DD model. I argue that this divergence is highly unlikely to be localized to just
price transparency, but it is rather correlated with other components of healthcare in the state.
For example, stronger regulations in the pre-treatment period may lead to a more informed or

active consumer base, which will spillover to consumer behavior during the treatment. That may
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explain why the national model, when restricted to California, undergoes a reversal on the key
coefficients. Alternatively, specific procedures may have unique regulatory quirks in California.
For example, I speculate that a recent (2021) law prohibiting cost-sharing for certain
colonoscopies may have led to an indirect effect on colonoscopies. The law prohibits deductibles
and copays for a certain type of colonoscopy but not all diagnostic procedures; the colonoscopy I
study is diagnostic (American Cancer Society 2022). I hypothesize that California consumers are
more aware of the market for colonoscopies given this change, and so even when the rule does
not apply, they will be more sensitive or responsive to price information because of the altered
regulatory environment. Likewise, in 2010, California made mammograms free for low-income
patients (Department of Health Care Services 2021). While this may not directly alter consumer
incentives when shopping, it may have increased awareness regarding the cost of colonoscopies,
resulting in more shopping for mammograms once transparency was implemented statewide. All
of this is speculative, to be clear. Nevertheless, these results do suggest a clear and meaningful

difference between California and the rest of the nation.

VII. Limitations

VIILA. External Validity
Both models are not immune to limiting factors, including concerns about external

validity. For Turquoise, noncompliant hospitals (1s) are inevitably stricken from the sample, for
it is impossible to report on data that does not exist. Extrapolating the Turquoise findings to the
entire universe of hospitals should be done with caution. Similarly, if California systemically
differs from the nation, then there will be external validity concerns. Given they are the only
state to require such data prior to the federal mandate, it could be that California hospitals exhibit

characteristics and behaviors unique to their regulatory environment. Likewise, consumers may
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be used to data proliferation and thus more readily able and willing to access new data. Indeed,
the divergence between the national model and that same model applied just to California

highlights this as a likely possibility.

VIIL.B. Sample Size
Another limitation is sample size in California. Although the overall sample size for each

procedure is over 150, there is a considerable difference in sample size for the treatment and
control group. As shown in Table 4, the noncompliant (control) group has a very small sample
size. Indeed, when focusing on just control data points in the post-treatment period, none of the
five procedures contain more than fourteen entries, with two in single digits. Given the number
of covariates I include, such a small sample size will yield significant results for only the

strongest relationships.

VIII.C. Scores
The final limitation is the most notable. This thesis is predicated on the assumption that

compliance can be accurately distilled into a quantitative score like the metric calculated by
Turquoise Health. As noted in Sample Selection, Turquoise intentionally limits their score to
more objective measures, asking whether a required piece of data is present in a Machine-
Readable-File without considering the “consumer-friendly” display of shoppable services
requirement. This section explores the variation among hospitals in interpreting consumer
friendly. It compares four hospitals, one of which received 5s and three of which received 2s
from Turquoise Health, revealing the latitude given to hospitals to define “consumer friendly.” I
anonymize the hospitals in this section, referring to them as Hospital A, B, and so forth.
Additionally, I attach screenshots of their consumer-friendly tools to visualize my points. All

references screenshots can be found in Appendix B.
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Hospital A received a 5 from Turquoise Health when evaluating their MRF. A visual
inspection of the “friendliness” of Hospital A’s shoppable service tool reveals an intuitive and
robust tool. First, accessing the tool is straightforward, requiring patients to click the “for
patients” tab, “billing and insurance” and then “price estimates.” If a consumer was seeking price
estimates, these steps would be a logical pathway to use. Once the estimates are accessed, they
are presented in a clear, interactive table as shown in Image 1. Patients can choose a payer,
search by a procedure’s name and/or billing code, and view a list of pricing information,
included charge, cash prices, and the minimum, median, and maximum negotiated rate. As
importantly, shown in Image 2, Hospital A provides a comprehensive list of definitions,
limitations, and detailed explanations of the purpose of the tool, an evidently “consumer-
friendly” step to help patients interpret a set of numbers that may otherwise be unfamiliar to the
average consumer.

Hospital B received a 2 from Turquoise, the lowest level of compliance before entering
the non-compliant range. Hospital B is notable, however, because they made changes to their
shoppable service file. Image 3 reveals Hospital B’s file accessed on October 31%, 2022. Image 4
reveals that same file accessed on March 12, 2023. First, note that both are files as opposed to
the interactive tool we see above. Downloadable files are less accessible than built-in web tools,
a notable step back from Hospital A. The older screenshot includes procedure names, codes,
gross charges, and discounted cash charge. It did not include any information on negotiated rates
and it provided a very limited set of definitions. The new file includes the discounted cash price,
the length of stay, and the rate for the hospital’s preferred health plan (name anonymized). It no
longer contains the gross charge and likewise reduces the number of definitions available given

the gross charge is no longer relevant. One final barrier raised by Hospital B is that the files are
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only accessible from the provider network’s main website, not the location’s individual site, and
from there is only accessible by clicking “Find Doctors and Locations” and then navigating to
the correct page on the sidebar, a less accessible and less intuitive pathway.

Hospital C also received a 2 from Turquoise. Image 5 reflects the message displayed on
Hospital C’s website on March 12%, 2023. Evidently, no price comparison tool is available on
their public-facing website. The requirement to call for an estimate is a direct violation of the
CMS final rule. While it may be a welcome sign that they are improving the tool, it is less
comforting knowing that, based on a review of the page in the Wayback Machine, that message
has been present in every page capture since the rule went into effect. Turquoise scrapes data
from the MRF and thus receives data using a much different pathway. But, for patients, they
have never been able to access the long-promised list of services.

Hospital D begins with a very promising start as Image 6 shows. The tool is friendly,
easy-to-access, and intuitive. However, Hospital D’s barrier arrives after selecting a specific
procedure. As Image 7 shows, once one selects a procedure and their insurance, they are asked to
provide demographic and insurance information. If they select “you don’t have this information
available,” they are only able to choose Medicare or no insurance. The final estimate only
includes physician fees. It does not include hospital fees, a clearly critical portion of the final
estimate that the Hospital concedes includes “charges for your room” and “medical supplies.” It
also provides a single charge and describes it as the “you pay” figure as shown in Image 8, a
misleading figure given the lack of hospital fees. Ultimately, while the estimate can be found, it
requires disclosing personal information or risk a misleading estimate, a step that does not align

with “consumer friendly.” Ultimately, Hospital D earns a 2 as well.
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The preceding section aimed to illuminate the difficulty in contextualizing the
insignificant results of my models. It is undoubtedly possible that price transparency does not
achieve its theorized potential. On the other hand, hospitals have taken steps, whether intentional
or not, to stretch the meaning of consumer-friendly, imposing barriers that may attenuate the
realized effect of price transparency. The evidence is clear that consumers are unlikely to use
price transparency tools, whether it be the data released under CMS guidelines, state guidelines,
or All-Payer-Claims-Databases. Decomposing that propensity to utilize into interest — whether
consumers want to — and accessibility — whether consumers can — is a fundamental question left
unanswered. Nevertheless, I argue that these case studies strongly suggest accessibility is
attenuating the effect of price transparency. Requirements to disclose personal information,
complex CSV files, and ambiguous terms are all barriers that could easily dissuade patients with
low baseline propensities to use transparency tools from using them at all. Focusing on these
barriers — through targeted legislation/action by CMS or through research — would be a worthy
extension of my findings.

VIII. Conclusion

I study the impact of a nationwide mandate for increased hospital price transparency on
demand and supply factors influencing a hospital’s charge. I use two models to estimate these
relationships. The first is observational, measuring the relationship between these factors and
charge at a national level. I find some evidence of a positive association between compliance and
charge, but only when comparing low, nonzero compliance to more compliant hospitals. I also
find evidence of a positive relationship between compliance and charge for supply-side factors.
Taken together, these results support — but not prove — an increase in charge due to transparency.

The second model is a quasi-experimental differences-in-differences model specific to CA that
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estimates the effect of demand-side factors on compliance. Those findings show no significant
effect of compliance on charge. And, when the national model is applied to California only, the
sign of the demand coefficients reverse themselves and align closer with the DD model. This
suggests that California exhibits unique behavior regarding transparency. Limitations including
external validity, the subjective definition of compliance, and small sample size. Future research
should attempt to employ more causal methods with more data points to resolve these
methodological limitations.

Besides colonoscopies in the California OLS model, all other findings predict an increase
in charge when a hospital complies or improves compliance with the transparency mandate.
While the considerable uncertainty created by the limitations of the data and the correlational
nature of much of my analysis precludes me from offering a definitive conclusion, these results
offer no evidence that the mandate has “upend[ed] the status quo,” allowed “for easy
comparisons,” and “[reduced] overall health care costs” (CMS 2019). This thesis should serve as
a word of warning for policymakers enthralled by the promises of transparency. Price
transparency is well-intentioned and could still lead to charge and price reductions as more
hospitals comply. But it is unlikely to counteract record-high health care costs by itself.

Despite the gloomy outlook, this thesis offers four prescriptions for regulators to
maximize the current rule’s potential. First, CMS and HHS should standardize unclear wording.
As the limitations section showed, “consumer-friendly” has allowed hospitals to comply with the
letter of the rule while violating its spirit, increasing barriers for consumers interested in
shopping for services. Second, HHS should use its authorization to reprimand and fine
noncompliant hospitals. As of this writing, nearly 20% of hospitals in the Turquoise dataset are

entirely noncompliant, yet only four have been fined in 28 months (CMS 2023). HHS should
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take more concrete action to reduce that percentage. Third, HHS itself should be transparent and
publish its own compliance metric. The divergence of the PRA and Turquoise evaluative tools
reflect the uncertainty and ambiguity in evaluating compliance. HHS is the authoritative source
on the meaning of their rule. They should be the authoritative source on compliance too.
Finally, and most difficult, consumers need to be incentivized to use the tool. Literature
predicting small or negligible demand-side impacts cite low usage as the primary source of the
limited effects, a mechanism that is a likely culprit for my own insignificant findings. Even if the
preceding three prescriptions are filled, there is still an unresolved flaw in transparency: it can
“empower patients and put them first” only if the patients use their newfound power. As
Turquoise’s usage report showed, patients have not done so. Whether they are unaware of the
information, unable to access it, or unwilling, the outcome is the same: millions are missing
valuable information on the cost of their health care. Insurers, HHS, and patients alike have an
incentive to encourage shopping and possibly reduce costs. Whether it be financial incentives
from insurers to shop before scheduling or increased outreach and advertisements from HHS,

proactive action will be a prerequisite to the realization of price transparency’s stated goals.
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Tables and Figures:

Figure 1: Distribution of the Charge for Abdominal Ultrasounds
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Note: Dashed line indicates the 95" percentile. Data from Turquoise Health, 2021-2022. Data
reflect charge for all hospitals with a valid entry for Ultrasounds.
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Figure 2: Trimmed Distribution of the Charge for Abdominal Ultrasounds
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for Ultrasounds. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure 3: Trimmed Distribution of the Logged Charge for Abdominal Ultrasounds
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for Ultrasounds. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure 4: Correlation Between Hospital Compliance Score and the Natural Log of Charge,
Turquoise National Hospital Data, 2021-2022
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Note: Covariates include average market compliance, size, concentration, for-profit status,
ownership, quality, and state fixed effects. Compliance Score 1 is not in the model and score 5 is
the reference group.
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Figure 5.A: Effect of Federal Mandate on Log Charge for Three Combined Procedures,
California HCAI, 2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.2699. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5, plus HRR,
year, and procedure fixed effects. Compliance*2019 is the omitted category. Included
procedures are knee surgery, colonoscopy, and mammograms.
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Figure 5.B: Effect of Federal Mandate on Log Charge for Mammograms, California
HCALI, 2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.6358. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5, plus HRR
fixed effects and year fixed effects. Compliance*2019 is the omitted category.
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Figure 5.C: Effect of Federal Mandate on Log Charge for Knee Surgeries, California
HCALI, 2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.1246. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5, plus HRR
fixed effects and year fixed effects. Compliance*2019 is the omitted category.
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Figure 5.D: Effect of Federal Mandate on Log Charge for Colonoscopies, California HCAI,
2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.723. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5 plus HRR
fixed effects and year fixed effects. Compliance*2019 is the omitted category.
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Figure 5.E: Effect of Federal Mandate on Log Charge for CT Brain Scans, California
HCALI, 2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.0279. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5 plus HRR
fixed effects and year fixed effects. Compliance*2019 is the omitted category.
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Figure 5.E: Effect of Federal Mandate on Log Charge for Imaging of the Spine and Pelvis,
California HCAI, 2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.0008. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5 plus HRR
fixed effects and year fixed effects. Compliance*2019 is the omitted category.
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Figure 6: Effect of Hospital Compliance on the Natural Log of Charge, HCAI, 2016-2019,
2021-2022

Differences-in-Differences Estimate

o All Procedures
Knee Surgery

o Colonoscopy

® Mammogram

-15 -1 -5 0 5
Coefficients

Note: Covariates include size, concentration, for-profit status, cost-to-charge ratio, ownership,
quality, HRR fixed effects, and time fixed effects.
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Table 1: Summary Statistics, Turquoise Health, and Dartmouth Atlas Data

Mean
VARIABLES (sd)
Charge for Ultrasounds, Trimmed 1,104
(631)
Charge for Knee Surgeries, Trimmed 10,456
(8,4006)
Charge for Colonoscopies, Trimmed 2,957
(1989)
Charge for MRI Brain Scans, Trimmed 4,223
(2111)
Charge for CT Pelvis Scan, Trimmed 2,608
(1362)
Share of Hospitals with a Compliance Score of 1 —
Share of Hospitals with a Compliance Score of 2 0.13
Share of Hospitals with a Compliance Score of 3 0.05
Share of Hospitals with a Compliance Score of 4 0.22
Share of Hospitals with a Compliance Score of 5 0.61
Average Compliance by HRR 3.696
(0.625)
Number of Beds 163.6
(191.1)
HHI Value 0.143
(0.115)
Share of Hospitals that are For-Profit 0.252
Share of Hospitals with a CMS Rating of 2 0.14
Share of Hospitals with a CMS Rating of 3 0.19
Share of Hospitals with a CMS Rating of 4 0.19
Share of Hospitals with a CMS Rating of 5 0.09
Share of Hospitals with a CMS Rating of 6 0.34
Observations 2,802

Note: standard deviation omitted for binary variables.
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Table 2: Correlation Between Hospital Own Compliance Score and Market Compliance
Score and the Natural Log of Charge for Shoppable Procedures, Turquoise National Data,

2021-2022
(1 () 3) 4) (5)
VARIABLES Individual Only Peer Only Full Model No Quality Compliance 2 Only
Compliance Score: 2 -0.124%%* -0.109%*** -0.109***  -0.066%**
(0.028) (0.029) (0.029)  (0.019)
Compliance Score: 3 0.008 0.036 0.038
(0.043) (0.044) (0.044)
Compliance Score: 4 0.012 0.012 0.011
(0.022) (0.023) (0.023)
Compliance Score: 5
Average Compliance by HRR 0.123%** 0.120%** 0.121%***  0.109***
(0.017) (0.017) (0.017)  0.012
Number of Beds, in 100s 0.043%** 0.046%** 0.044%** 0.044***  (0.040%**
(0.004) (0.005) (0.005) (0.005)  (0.003)
HHI Value -0.182%* -0.189** -0.194** -0.195**  -0.181%#**
(0.077) (0.080) (0.080) (0.080)  (0.053)
For-Profit 0.013 0.013 0.009 0.006 0.003
(0.021) (0.022) (0.022) (0.021)  (0.015)
CMS Rating: 2 -0.048 -0.052 -0.052 -0.058*
(0.047) (0.048) (0.048) (0.032)
CMS Rating: 3 -0.030 -0.037 -0.037 -0.038
(0.046) (0.047) (0.047) (0.031)
CMS Rating: 4 -0.021 -0.030 -0.030 -0.046
(0.046) (0.047) (0.047) (0.032)
CMS Rating: 5 -0.014 -0.043 -0.042 -0.053
(0.051) (0.052) (0.052) (0.035)
CMS Rating: Not Available -0.052 -0.050 -0.048 -0.040
(0.045) (0.046) (0.046) (0.031)
Observations 10,312 9,701 9,701 9,701 9,701

Standard errors in parentheses
X p<0.01, ** p<0.05, * p<0.1
Note: All models include state and procedure fixed effects. All data reflect Turquoise's most
recent data scrape. 5 is the reference group for Compliance Score. 1 is the reference group for
CMS Rating. Procedures included are knee surgeries, abdominal ultrasounds, colonoscopies,
MRI brain scans, and CT pelvis scans.
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Table 3: Correlation Between Hospital Own Compliance Score and Market Compliance
Score and the Natural Log of Charge for Five Common Procedures, Turquoise National

Data
) ) 3) 4) (5)
VARIABLES Ultrasound  Knee Surgery  Colonoscopy =~ MRI Brain Scan  CT Pelvis Scan
Compliance Score: 2 0.043 -0.513%** -0.177%%* -0.039 -0.007
(0.035) (0.119) (0.054) (0.033) (0.033)
Compliance Score: 3 0.044 -0.117 0.110 0.058 -0.021
(0.054) (0.134) (0.087) (0.050) (0.052)
Compliance Score: 4 0.052* -0.084 -0.009 0.024 0.039
(0.028) (0.074) (0.045) (0.026) (0.027)
Compliance Score: 5
Average Compliance by HRR ~ 0.162%** 0.009 0.063* 0.125%** 0.100%***
(0.021) (0.062) (0.036) (0.019) (0.020)
Number of Beds, in 100s ~ 0.049%** 0.058*** 0.044*** 0.031*** 0.033*%**
(0.006) (0.016) (0.009) (0.005) (0.006)
HHI Value  -0.230%%* -0.359 -0.062 -0.022 -0.313%**
(0.099) (0.253) (0.150) (0.091) (0.095)
For-Profit 0.015 0.021 -0.025 -0.001 -0.012
(0.027) (0.070) (0.043) (0.025) (0.025)
CMS Rating: 2 -0.020 -0.285%* -0.107 0.016 -0.039
(0.059) (0.155) (0.092) (0.055) (0.056)
CMS Rating: 3 0.035 -0.238 -0.138 0.018 -0.023
(0.057) (0.153) (0.091) (0.054) (0.055)
CMS Rating: 4 -0.023 -0.179 -0.101 0.023 -0.031
(0.058) (0.153) (0.092) (0.054) (0.056)
CMS Rating: 5 0.041 -0.383%* -0.163 0.015 -0.010
(0.063) (0.168) (0.100) (0.059) (0.061)
CMS Rating: Not Available -0.047 -0.192 -0.062 0.016 0.015
(0.056) (0.150) (0.090) (0.053) (0.054)
Observations 2,550 875 1,419 2,412 2,445

Standard errors in parentheses
X p<0.01, ** p<0.05, * p<0.1

Note: All models include state fixed effects. All data reflect Turquoise's most recent data scrape.

5 is the reference group for Compliance Score. 1 is the reference group for CMS Rating.

Included procedures reflect the five most shoppable services in the Turquoise dataset.
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Table 4: Time Invariant Covariates for CA Hospitals by Treatment Group

Variable
Control Treatment Difference

Cost-Charge Ratio 0.25 0.25 0.00
Total Beds, in 100s 1.59 2.09 -0.50
Concentration, HHI 0.18 0.12 0.06
Share of HRR 0.000 0.000 0.000
Averaging <1
Share of HRR 0.000 0.009 20.009
Averaging 1-2
Share of HRR
Averaging 2-3 0.16 0.10 0.06
Share of HRR
Averaging 3-4 0.74 0.61 0.12
Share of HRR
Averaging 4-5 0.11 0.27 -0.17
Share of Hospitals N
For-Profit 0.53 0.31 0.22
Share of Hospitals 0.11 0.08 0.03
Rural
Share of Hospitals 0.000 0.02 0.02
Teaching
CMS Rating 2.79 3.35 -0.56*
Observations 19 105

X p<0.01, ** p<0.05, * p<0.1
Note: Data from the CA Department of Health Care Access and Information, Turquoise Health,
and CMS.
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Table 5: Effect of Federal Mandate on Charges for Five Most Shoppable Procedures,

California HCAI, 2016-2019 and 2021-2022

(1) 2) 3) 4)
VARIABLES All Procedures Mammogram Knee Surgery  Colonoscopy
Differences-in-Differences Estimate -0.588 -0.491 -0.0595 -0.199
(0.456) (0.295) (0.373) (0.216)
Rural -1.1471%%* 0.0602 -0.599* 0.216
(0.335) (0.170) (0.311) (0.250)
For-Profit 0.821* 0.515%* 0.867* 0.238
(0.457) (0.200) (0.479) (0.458)
CMS Rating: 2 0.343 0.276 0.740%** 0.363
(0.654) (0.268) (0.320) (0.393)
CMS Rating: 3 0.258 0.423 0.713%* 0.663**
(0.570) (0.287) (0.289) (0.324)
CMS Rating: 4 -0.591 0.127 0.332 0.466*
(0.621) (0.286) (0.286) (0.260)
CMS Rating: 5 -0.0498 0.209 0.816%** 0.889%*
(0.715) (0.295) (0.302) (0.374)
CMS Rating: Not Available 2.384% % 1.021*** -0.861 -0.0834
(0.772) (0.279) (1.242) (0.813)
Cost-Charge Ratio 0.510 -2.328%** 1.645 -0.616
(1.218) (0.833) (1.957) (1.308)
Total Beds, in 100s 0.0480 0.114%** -0.0655* 0.00622
(0.0781) (0.0335) (0.0387) (0.0647)
Control Hospital -0.0792 -0.549%** 1.601*** 0.927%**
(0.409) (0.197) (0.480) (0.301)
Procedure Fixed Effects Yes No No No
N in Control Group 61 61 29 34
N in Control Group in Post-Treatment 14 14 7 8

Robust standard errors in parentheses
X p<0.01, ** p<0.05, * p<0.1

Note: Dependent variable is log charge. HRR and time fixed effects included in all models.
Errors are clustered by hospital. 1 is the reference group for CMS Rating.
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Table 6: Correlation Between Hospital Own Compliance Score and Market Compliance
Score and the Natural Log of Charge for Shoppable Procedures, Turquoise CA

(1) 2) 3) “4) (5) (6)
VARIABLES All Procedures Ultrasound Knee Surgery Colonoscopy MRI Brain  CT Pelvis
Scan Scan
Compliance Score: 2 0.152 0.151 -0.032 0.507** -0.016 0.092
(0.093) (0.119) (0.299) (0.192) (0.098) (0.123)
Compliance Score: 3 0.285%** -0.050 0.120 0.798*** 0.294** 0.117
(0.105) (0.143) (0.274) (0.202) (0.117) (0.140)
Compliance Score: 4 -0.013 -0.173 0.205 0.554** -0.094 -0.014
(0.092) (0.115) (0.317) (0.190) (0.097) (0.118)
Compliance Score: 5
Average Compliance by HRR 0.048 -0.021 0.052 -0.100 0.033 0.132*
(0.060) (0.074) (0.224) (0.149) (0.061) (0.074)
Number of Beds, in 100s 0.047** 0.045 0.056 0.073 0.047* 0.032
(0.023) (0.028) (0.086) (0.051) (0.025) (0.028)
HHI Value -0.228 0.096 -2.333%* -1.179 0.349 0.187
(0.362) (0.435) (1.298) (0.904) (0.372) (0.458)
For-Profit -0.011 -0.052 0.365 -0.076 -0.068 0.003
(0.079) (0.098) (0.276) (0.175) (0.082) (0.100)
CMS Rating: 2 0.123 0.187 -0.001 -0.257 0.180 0.183
(0.177) (0.220) (0.546) (0.375) (0.181) (0.236)
CMS Rating: 3 -0.045 0.243 -0.315 -0.759%* 0.195 -0.089
(0.174) (0.214) (0.546) (0.378) (0.179) (0.232)
CMS Rating: 4 0.092 0.221 -0.242 -0.211 0.173 0.156
(0.171) (0.212) (0.526) (0.370) (0.176) (0.229)
CMS Rating: 5 0.180 0.222 -0.085 -0.098 0.175 0.205
(0.189) (0.237) (0.558) (0.408) (0.196) (0.250)
CMS Rating: Not Available 0.103 0.196 -0.359 -0.603 0.176 0.244
(0.173) (0.217) (0.516) (0.367) (0.179) (0.231)
Procedure Fixed Effects Yes No No No No No
Observations 715 197 64 89 182 183

Standard errors in parentheses

*E* p<0.01, ** p<0.05, * p<0.1
Note: Covariates include size, concentration, for-profit status, ownership, and state fixed effects.
Compliance Score 1 is not in the model and score 5 is the reference group.
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Appendix A:
Figure A.1.A: Distribution of the Charge for Knee Surgery
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Note: Dashed line indicates the 95" percentile. Data from Turquoise Health, 2021-2022. Data
reflect charge for all hospitals with a valid entry for knee surgeries.
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Figure A.1.B: Distribution of the Charge for Colonoscopies
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Note: Dashed line indicates the 95" percentile. Data from Turquoise Health, 2021-2022. Data

reflect charge for all hospitals with a valid entry for colonoscopies.
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Figure A.1.C: Distribution of the Charge for MRI Brain Scans
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Note: Dashed line indicates the 95™ percentile. Data from Turquoise Health, 2021-2022. Data
reflect charge for all hospitals with a valid entry for MRI Brain Scans.
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Figure A.1.D: Distribution of the Charge for CT Pelvis Scans
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Note: Dashed line indicates the 95" percentile. Data from Turquoise Health, 2021-2022. Data
reflect charge for all hospitals with a valid entry for CT pelvis scans.
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Figure A.2.A: Trimmed Distribution of the Charge for Knee Surgery
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for knee surgery. Distribution was trimmed at each tail by 5% to account for data
errors.

75



Figure A.2.B: Trimmed Distribution of the Charge for Colonoscopies
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for colonoscopies. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.2.C: Trimmed Distribution of the Charge for MRI Brain Scans
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for MRI brain scans. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.2.D: Trimmed Distribution of the Charge for CT Pelvis Scans
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for CT pelvis scans. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.3.A: Trimmed Distribution of the Log Charge for Knee Surgery
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for knee surgery. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.3.B: Trimmed Distribution of the Log Charge for Colonoscopies
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for colonoscopies. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.3.C: Trimmed Distribution of the Log Charge for MRI Brain Scans
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for MRI brain scans. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.3.D: Trimmed Distribution of the Log Charge for CT Pelvis Scans
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Note: Data from Turquoise Health, 2021-2022. Data reflect mean charge for all hospitals with a
valid entry for CT pelvis scans. Distribution was trimmed at each tail by 5% to account for data
errors.
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Figure A.4: Scatterplot of the Log Charge for Ultrasounds and Compliance Score
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Note: Data is trimmed by 5% on each tail. Charge and compliance data from Turquoise Health.
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Figure A.5. Effect of Federal Mandate on Log Charge for Five Combined Procedures,
California HCAI, 2016-2019, 2021-2022
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Note: Coefficients from an event study specification are reported along with 95 percent
confidence intervals which are derived from errors clustered by hospital. The p-value for the
joint hypothesis test of the pre-treatment coefficients is 0.0101. Each coefficient estimate reflects
the interaction of an indicator for a complying hospital and an indicator for the year. The model
controls for the other explanatory variables included in the baseline model in Table 5, plus HRR
fixed effects and year fixed effects. Compliance*2019 is the omitted category. Included
procedures are knee surgery, colonoscopy, mammograms, imaging of the spine and neck, and
CT scans of the head.
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Table A.1: Sample Selection, Turquoise National Sample

(1) Number of records in Turquoise data 1,769,813
(2) Number of list prices 82,561
(3) Number of records successfully merged with 75,806
Dartmouth Atlas
(4) Exclude hospitals with “Other” and 60,559
“Government” ownership
(5) Exclude Critical Access Hospitals 60,532
(6) Trim 5% at both ends of distribution for 54,380
each procedure
(7) Eliminate Duplicate Records 29,221
(8) Records with no missing covariates, all 25,770
procedures
(9) Records in one of five procedures used 9,701
(10) Records in ultrasound 2,550
(11) Records in knee surgery 875
(12) Records in colonoscopy 1,419
(13) Records in MRI brain scan 2,412
(14) Records in CT pelvis scan 2,445
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(15)

Number of hospitals with at least

one complete record in the five procedures,

including covariates

2,802
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Table A.2: Correlation Between Hospital Own Compliance Score and Market Compliance
Score and the Natural Log of Charge for Emergency Room Codes, Turquoise National

Data
(1) (2) 3)
ER ER ER
VARIABLES Level 3 Level 4 Level 5
Compliance Score: 2 -0.286%** -0.223%%* -0.189%***
(0.045) (0.044) (0.045)
Compliance Score: 3 0.038 0.016 0.006
(0.060) (0.059) (0.062)
Compliance Score: 4 -0.006 0.034 0.060*
(0.031) (0.030) (0.031)
Compliance Score: 5
Average Compliance by HRR 0.020 0.031 0.019
(0.026) (0.025) (0.026)
Number of Beds, in 100s 0.069*** 0.079*** 0.068***
(0.007) (0.006) (0.007)
HHI Value -0.421%** -0.148 -0.081
(0.113) (0.111) (0.115)
For-Profit -0.022 -0.039 -0.025
(0.031) (0.030) (0.031)
CMS Rating: 2 -0.024 -0.029 -0.105
(0.067) (0.065) (0.067)
CMS Rating: 3 -0.034 -0.035 -0.131%**
(0.066) (0.064) (0.065)
CMS Rating: 4 -0.036 -0.069 -0.096
(0.066) (0.065) (0.066)
CMS Rating: 5 -0.071 0.005 -0.137*
(0.073) (0.071) (0.072)
CMS Rating: Not Available 0.014 -0.003 -0.048
(0.065) (0.063) (0.064)
Observations 2,332 2,356 2,373

Standard errors in parentheses
*E* p<0.01, ** p<0.05, * p<0.1

Note: All models include state fixed effects. All data reflect Turquoise's most recent data scrape.
5 is the reference group for Compliance Score. 1 is the reference group for CMS Rating.

87



Table A.3: Correlation Between Hospital Own Compliance Score and Market Compliance
Score and the Natural Log of Charge for Critical Access Hospitals, Turquoise National

Data
(1) 2) 3) 4) (5) (6)
VARIABLES All Ultrasound Knee  Colonoscopy = MRI Brain  CT Pelvis Scan
Procedures Surgery Scan

Compliance Score: 2 -0.065 -0.179* 0.103 0.028 -0.131 -0.089
(0.063) (0.099) (0.490) (0.198) (0.123) (0.104)

Compliance Score: 3 0.017 -0.235 0.340 0.039 -0.025
(0.108) (0.153) (0.465) (0.205) (0.165)

Compliance Score: 4 0.024 0.047 0.103 0.250 -0.040 -0.131
(0.050) (0.075) (0.385) (0.164) (0.097) (0.083)

Compliance Score: 5

Average Compliance by HRR ~ 0.087** 0.002 0.038 0.018 0.215%* 0.028
(0.043) (0.066) (0.365) (0.135) (0.084) (0.072)

Number of Beds, in 100s 0.208 0.350 0.245 0.071 -0.102 0.214
(0.180) (0.275) (1.458) (0.555) (0.328) (0.325)

HHI Value 0.216 0.157 0.613 0.644 0.178 -0.083
(0.171) (0.266) (1.217) (0.578) (0.321) (0.282)

For-Profit 0.068 0.059 0.346 0.023 0.048 -0.034
(0.082) (0.137) (0.458) (0.268) (0.158) (0.137)

Observations 751 201 60 117 177 196

Standard errors in parentheses

X p<0.01, ** p<0.05, * p<0.1
Note: All models include state fixed effects. All data reflect Turquoise's most recent data scrape.
5 is the reference group for Compliance Score. 1 is the reference group for CMS Rating.
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Table A.4: Distribution of Patient Rights Advocate Compliance Score and Turquoise
Compliance

Turquoise Compliance Score
2 3 4 5 Total
PRA Compliance
Noncompliant | 95.94 8630 87.62 73.81 79.27
Compliant 406 13.70 1238 26.19 20.73
Total 100.00 100.00 100.00 100.00 100.00

Note: Numbers are given as percent of each column.
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Table A.5: Correlation Between Hospital Own Compliance Score and Market Compliance
Score and the Natural Log of Charge for Five Shoppable Procedures, Turquoise National
Charge Data and Patient Rights Advocate Compliance Rating

(1) ) 3) “4) (5) (6)
VARIABLES All Ultrasound Knee Colonoscopy MRI Brain CT Pelvis
Procedures Surgery Scan Scan
PRA Compliance  -0.072** 0.063 -0.404** -0.058 -0.021 -0.078
(0.036) (0.067) (0.178) (0.111) (0.060) (0.063)
Number of Beds, in 100s  0.032%%*%* 0.035%** 0.023 0.027 0.037***  (.042%**
(0.006) (0.011) (0.027) (0.017) (0.010) (0.010)
HHI Value 0.033 -0.107 0.469 0.267 0.193 -0.417*
(0.129) (0.243) (0.586) (0.350) (0.225) (0.236)
For-Profit  -0.108*** -0.062 -0.191 -0.067 -0.128%** -0.088
(0.035) (0.065) (0.172) (0.112) (0.060) (0.061)
CMS Rating: 2 -0.094 -0.184 -0.323 -0.092 0.035 -0.025
(0.071) (0.132) (0.343) (0.212) (0.119) (0.123)
CMS Rating: 3 -0.163** -0.166 -0.535 -0.291 -0.029 -0.105
(0.069) (0.128) (0.342) (0.212) (0.116) (0.120)
CMS Rating: 4 -0.174** -0.215%* -0.398 -0.156 -0.104 -0.147
(0.070) (0.130) (0.349) (0.214) (0.118) (0.123)
CMS Rating: 5 -0.103 -0.107 -0.373 -0.283 0.003 0.001
(0.074) (0.138) (0.364) (0.227) (0.125) (0.128)
CMS Rating: Not Available -0.094 -0.201 -0.292 -0.164 0.008 0.034
(0.068) (0.125) (0.348) (0.212) (0.114) (0.117)
Procedure Fixed Effects Yes No No No No No
Observations 1,900 503 183 277 462 475

Standard errors in parentheses

X p<0.01, ** p<0.05, * p<0.1
Note: All models include state fixed effects. All data reflect Turquoise's most recent data scrape.
5 is the reference group for Compliance Score. 1 is the reference group for CMS Rating.
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Table A.6: Sample Selection, California Sample

(1) Number of CA hospitals in Turquoise | 318
Sample

(2) Number of CA hospitals scoring a 1 176
or 5

(3) Number of hospitals in (2) with 141
Chargemasters in at least one year

(4) Number of Unique Hospital-Year 718
combinations

(5) Number of records in all years 21,750

(6) Number of records in my five 1,903
procedures

(7 Number of mammogram 302
records

(8) Number of knee surgery 178
records

Q) Number of colonoscopy 266
records

(10) Number of CT head scan 615
records

(11) Number of Imaging of the 542
spine and pelvis records
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Table A.7: Effect of Federal Mandate on Charges for Less Shoppable Procedures,

California HCAI, 2016-2019, 2021-2022

(1) (2) 3)
ER ER ER
VARIABLES Level 3 Level 4 Level 5
Differences-in-Differences Estimate 0.0653 0.0600 -0.391**
(0.102) (0.0974) (0.185)
Share Rural 0.126 0.225 0.160
(0.157) (0.176) (0.193)
Share For-Profit 0.0513 0.137 0.252%*
(0.0819) (0.0908) (0.109)
control 0.172 0.122 -0.324
(0.114) (0.123) (0.202)
Hospital overall rating = 2, 2 -0.0352 -0.0701 -0.236
(0.160) (0.174) (0.187)
Hospital overall rating = 3, 3 -0.145 -0.159 -0.365**
(0.161) (0.175) (0.157)
Hospital overall rating = 4, 4 -0.351** -0.347* -0.556%**
(0.165) (0.183) (0.184)
Hospital overall rating =5, 5 -0.117 -0.134 -0.244
(0.181) (0.196) (0.188)
Hospital overall rating = 6, Not Available 0.288 0.0525 -0.0139
(0.319) (0.357) (0.369)
Cost-Charge Ratio -0.503 -0.607 -0.952
(0.466) (0.573) (0.651)
Total Beds, in 100s 0.0901***  (.119%** 0.144%*
(0.0333) (0.0349) (0.0452)
N in Control Group 66 64 35
N in Control Group in Post-Treatment 15 15 11

Robust standard errors in parentheses
X p<0.01, ** p<0.05, * p<0.1

Note: Included procedures are less shoppable due to their increased urgency and severity.

Dependent variable is log charge. HRR and time fixed effects included in all models. Errors are
clustered by hospital. 1 is the reference group for CMS Rating.
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Appendix B: Screenshots
Image 1: Shoppable Service tool for Hospital A.

Last updated: Aug 30, 2021

Standard charges = Shoppable services

@ Choose a payor to access table below

Choose payor Search description or code
UNITED HEALTHCAR... ™ knee Q
De-identified min De-identified max Derived contracted
. Gross  Discounted cash
Description Code charge rice rate rate rate
"9 P (All payors) (All payors) (All payors)
Application of vei i tem | I low ki
> ! PP IC.atIODO vein wound compression system lower leg below knee 29581 $627.91 $502.33 $67.31 $2,375.00 $384.11
including ankle and foot
> Removal of one knee cartilage using an endoscope 29881 $9,117.94 $7,294.35 $3,400.37 $10,916.31 $7,224.13
> REVISION OF HIP OR KNEE REPLACEMENT WITH COMPLICATION 467  $82,072.89 $65,658.31 $1,323.60 $34,285.38 $14,981.30
ION OF HIP N P MENT WITHOUT
> REVISION O OR KNEE REPLACEME ou 468  $51,670.86 $41,336.69 $1,052.24 $36,242.06 $13,466.77

COMPLICATION/COMORBITY

Image 2: Definitions for Hospital A.

Description - Consumer friendly description of service, item or pharmaceutical

Code - Can contain CPT/HCPCS, MS-DRG or APR-DRG Code (note: all APR-DRG's are displayed as 3 numbers to
distinguish from other codes and end in X to signify severity)

Type - Outpatient (CPT/HCPCS) or Inpatient (MS-DRG or APR-DRG)
Gross Charge - Charge for an item or service

Discounted cash price - The discounted cash price information is subject to hospital-specific policy guidelines
for financial assistance discounting. Patients can determine their eligibility and associated discount by
contacting the hospital

De-identified min contracted rate - The minimum derived contracted rate across all payors (All payers)
De-identified max contracted rate - The maximum derived contracted rate across all payors (All payers)
Derived contracted rate - The median derived contracted rate across all payors (All payers)

Cautions: The file(s) can be voluminous, and download may take excessive time depending on your internet
speed. Please consider the environment before deciding to print. By clicking to download this information you
agree you have read and understand the above.

Image 3: Shoppable Services for Hospital B, October 2022
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Hospital

Charge # N Procedure Code (CPT/ Defafllt TS Discounted Cash Inpatifnt/
(Px Code) HCPCS) Modifier Charge Outpatient /
Both
6003 ROOM & BOARD-CCU $ 11,834 S 4,260 INPATIENT
6005 ROOM & BOARD-CCU, CV ICU $ 12,706 $ 4,574 INPATIENT
6007 ROOM & BOARD-CCU, CV STEP DOWN CARE $ 5973 $ 2,150 INPATIENT
6019 ROOM & BOARD-CCU, INTERMEDIATE $ 6,153 $ 2,215 INPATIENT
6012 ROOM & BOARD-CCU, TELEMETRY MONITOR $ 8,098 $ 2,915 INPATIENT
6011 ROOM & BOARD-ICU $ 12,160 $ 4,378 INPATIENT
6018 ROOM & BOARD-ICU, INTERMEDIATE $ 8,289 $ 2,984 INPATIENT
6033 ROOM & BOARD-ICU, PEDIATRIC $ 16,463 S 5,927 INPATIENT
6047 ROOM & BOARD-ICU, STEP DOWN $ 7,398 $ 2,663 INPATIENT
6020 ROOM & BOARD-LEAVE OF ABSENCE $ 1,150 $ 414 INPATIENT
6059 ROOM & BOARD-NURSERY S 2,180 $ 785 INPATIENT
6027 ROOM & BOARD-NURSERY, BOARDER S 4,819 $ 1,735 INPATIENT
6060 ROOM & BOARD-NURSERY, NEWBORN - LEVEL | S 2,670 $ 961 INPATIENT
6022 ROOM & BOARD-NURSERY, NEWBORN ICU S 11,907 $ 4,287 INPATIENT
6023 ROOM & BOARD-NURSERY, NEWBORN ICU - INTERMED S 11,088 $ 3,992 INPATIENT
6052 ROOM & BOARD-PRIVATE, DETOXIFICATION S 4,702 $ 1,693 INPATIENT
6049 ROOM & BOARD-PRIVATE, MED/SURG/GYN S 5,058 $ 1,821 INPATIENT
6031 ROOM & BOARD-PRIVATE, OBSTETRICS $ 4,406 $ 1,586 INPATIENT
6053 ROOM & BOARD-PRIVATE, ONCOLOGY $ 4,620 $ 1,663 INPATIENT
. .
Image 4: Shoppable Services for Hospital B, March 2023
KAISER
SERVICE CATEGORY | (0PT I Hopos 1 | CHARGE avciLay services | NeATENT! | SLCTG, | iscounTen | FounoaTion
. LY INC. PRICE
Evaluation & Sarvios: 90832 90832 30 min Ouipasent Notapplicable 151 216
Evaluaton & Sarvicas 90834 90834 45 min Notappiicabl Outpatent Notappiicabl 179 256
Evaluation & Service! 90837 90837 60 min Notapplicable Outpasent Notapplicable 179 256
Evaluation & vios: 90846 90846 y patent, 50 min Oubpasent Notapplicable 179 256
Evaluafion & Sanvica: 90847 90847 y induding pasent, 50 min Ouipafient Notapplicable | § 179 256
Evaluaton & Sarvicas 90853 90853 |Group Notapplicabl Outpatent Notapplicable | § 133 190
Evaluaton & Service! 99203 6551/6546_|New pasentofics or oher oulpasentvisit ypically 30 min Notapplicable Oubatent Notapplicable Now B Now B

Imagé S: Price Transparency Message for Hospital C

Pricing Transparency:

e Currently we are in the process of completing our pricing tool to be more comprehensive.
Please call 406-238-2601 or 1-800-332-7156, ext. 2601 and our Financial Counselors will assist
you with your estimate. The cost estimator tool will be available soon.
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Image 6: Initial Screen for Hospital D
What service would you like?

Search by keyword or CPT® code l

Categories
Common Services * Evaluation and 2E  Imaging
Get an estimate for our most Management val Scans and imaging, like x-
frequently performed services Evaluation and Management rays, CT scans, MRIs, and PET
and procedures. scans
Joint ( Lab ! Procedures
Procedures involving the Laboratory panels, tests, and Procedure code range 10000
joints or tendons sequencing services thru 69999

Surgery ’
Operations and other p A
procedures relating to surgery

Image 7: Request for Information from Hospital D
BCBS Community Blue BCBS Medic;

Fidelis Medicaid Independent Healtt

Enter your insurance details

Please provide information about your insurance. If you need
Some insurances may require your ID number followed by you
ID: 900522733

Member Suffix: 01

Member Number Field: 90052273301

Click here if you don't have this information available.

*
Member First Name

*
Member Last Name

*
Member Date of Birth

*
Member Number

Group Number

* Are you the policy holder for this insurance?

Yes No

Image 8: Incomplete Information for Hospital D
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& We were unable to calculate a price for some parts of this estimate. The actual price may be higher.

You Pay Reference #250260  Details
Total Fees () $§722
$722 Hospital Fees Not Available
Physician Fees $722
You Pay (D $722
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