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M any economists hold the belief, first articulated by Kenneth 

Arrow, that competitive models have limitations in 

describing healthcare markets. Supporting this reasoning 

is imperfect information about outcomes, or quality, tied to specific 

services.1 Not only do patients typically lack information when 

selecting providers or treatments, but asymmetric information 

also applies across providers, who may be unaware of how their 

quality compares with that of competitors.2 These aspects create 

difficulties in compensating providers on value and therefore 

discourage them from competing on quality.3

Some large employers and analysts have advocated for increased 

retail competition to control medical care costs and improve 

quality of care. As summarized by Galvin and Milstein, “…providing 

consumers with compelling performance data and increasing their 

responsibility for the costs of care will slow the increase in health 

care expenditures and motivate clinicians to improve the quality 

and efficiency of their care.”4 Providers presumably would attempt 

to increase their performance relative to competitors to attract 

new patients, or retain existing ones, and to receive preferential 

treatment in health plan benefit designs that increase access to 

patients. Low-performing providers would be encouraged to catch 

up to high-performing providers, quality variation across providers 

would decrease, and quality throughout a market would rise.

Attempts to address information asymmetries by increasing 

the availability of performance information may not always result 

in a competitive effect.3 Providers may instead devote resources 

to other strategies effective in increasing revenues and patient 

flows. They may invest in new service lines or acquire physician 

practices to improve their bargaining position with payers. Some 

providers may attempt to improve performance by attracting 

healthier patients or avoiding patients who may be difficult to treat 

and contribute to lower performance. Furthermore, if providers 

believe that consumers do not use publicly available comparative 

quality information, such as provider report cards, when choosing 

physicians or hospitals, they might then be less likely to make 

quality improvement decisions with regard to the performance 

of competitors.
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ABSTRACT

OBJECTIVES: Some large employers and healthcare 
analysts have advocated for retail competition that relies 
on providers competing on performance metrics to improve 
care quality. Using publicly available performance measures, 
we determined whether health systems increased the 
quality of diabetes care provided by their clinics based on 
performance relative to competitors.

STUDY DESIGN: Our analysis examined publicly reported 
performance measures of diabetes care from 2006 to 2013 
for clinics in Minnesota health systems.

METHODS: We obtained data for 654 clinics, of which 572 
publicly reported diabetes care performance. Because some 
clinics did not report performance, we estimated a Heckman 
selection model. First, we predicted whether or not clinics 
reported performance. Second, we estimated the effect of 
relative performance (a clinic’s performance minus the mean 
performance of clinics in competing health systems) on clinic 
performance using the results of the reporting model to 
control for selection into the sample of reporting clinics.

RESULTS: Although diabetes care performance improved 
during our study, health systems did not differentially 
improve the diabetes care performance of their clinics 
performing worse than clinics in competing systems. This 
result indicates divergence between high-performing and 
low-performing clinics. This result does not appear to be 
due to risk selection.

CONCLUSIONS: Publicly reporting quality information did 
not incentivize health systems to increase the performance 
of their clinics with lower performance than competitors, as 
would be expected under retail competition. Our results do 
not support strategies that rely on competition on publicly 
reported performance measures to improve quality in 
diabetes care management.
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This study addresses whether health systems 

increased the quality of their clinics in response 

to their reported performance relative to 

competitors. Successful retail competition 

presumably would narrow the gap between 

low-performing and high-performing clinics.

METHODS
Study Setting

The health systems and associated clinics in 

our study are located in Minnesota, a state 

dominated by a relatively small number of nonprofit integrated 

delivery systems.5 Minnesota Community Measurement (MNCM), 

a voluntary stakeholder collaborative, began an annual public 

reporting program for diabetes care at the clinic level starting with 

2006 performance (reported in 2007). A 2008 Minnesota statute 

mandated reporting on a standardized set of quality measures,6 which 

ultimately included the diabetes care metrics reported by MNCM 

beginning with 2009 performance; however, there is no apparent 

penalty for not reporting. We identified 654 clinics (from 184 health 

systems and independent clinics) that offered diabetes care between 

2006 and 2013, of which 572 reported their performance in at least 

1 year. Diabetes performance measures have been publicly available 

in Minnesota for longer than in any other geographic area and, in a 

study involving 14 communities, Minnesota had the second-highest 

level of awareness of diabetes performance measures in 2012.7

Modeling Clinic Performance

We assumed that decisions regarding quality improvement, including 

whether or not a clinic submits reports, are made by health systems. 

This assumption is supported by the majority of clinics within a given 

health system beginning to report in the same year (eAppendix A 

Table 1 [eAppendices available at ajmc.com]). Nevertheless, indi-

vidual clinic characteristics other than competition measures may 

influence performance. Therefore, we took into account the health 

system’s competitive environment and individual clinic attributes.

Public reporting often is voluntary, and even mandated reporting 

may not result in 100% compliance. Estimating clinic performance 

using only clinics that submitted reports may lead to bias because of 

unobserved factors associated with both reporting and performance. 

To address this issue, we employed a Heckman selection model. In 

the first stage, we predicted clinic reporting status, allowing it to 

depend on prior-year reporting status, competitive environment, 

clinic characteristics, and the performance year.

In the second stage, we predicted clinic performance using a 

framework similar to that of Kolstad, which estimated how the 

performance of surgeons changed after obtaining information about 

competitors through report cards.2 This framework determines how 

providers respond to their relative performance—in our case, how 

much better (or worse) a clinic is compared with competitors—while 

controlling for patient volume to capture the response associated 

with patient demand. For both relative performance and patient 

volume, we used prior-year measures (ie, lagged) to reflect avail-

able information (eg, clinics had 2008 performance data in 2009) 

and to allow time to react to demand changes. Like the first-stage 

reporting model, performance varies by competitive attributes, 

clinic characteristics, and performance year. We used the results 

of the reporting model to control for selection into the sample of 

reporting clinics. (eAppendix B provides a mathematical exposition.)

Market segmentation could affect performance and, therefore, 

our results. Some clinics may attract healthier patients or avoid 

difficult-to-treat ones to achieve higher performance that then would 

be attributable to changes in patient population rather than quality 

improvement. For example, some Medicaid patients are less adherent 

to medications, which could lead to worse clinical performance.8 

To examine market segmentation, we re-estimated the model using 

patient volume as the dependent variable to determine whether 

volume differentially changed by clinics’ relative performance. If 

clinics of either relatively high or low performance differentially 

avoid difficult-to-treat patients whom they perceive will contribute 

to lower performance, then the results of this sensitivity analysis 

likely would find those clinics managing fewer Medicaid patients. 

If patients are not shifting between relatively high-performing and 

low-performing clinics, then it is unlikely that market segmentation 

influences our results.

Data and Measures

Our measure of performance is the Optimal Diabetes Care (ODC) score. 

The ODC score is the percentage of patients (aged 18-75 years) with 

diabetes who simultaneously achieve 5 treatment goals: (1) glycated 

hemoglobin (A1C) less than 7% (<8% starting with 2009 performance); 

(2) blood pressure less than 130/80 mm Hg (<140/80 mm Hg starting 

with 2010 performance); (3) low-density lipoprotein cholesterol 

less than 100 mg/dL; (4) daily aspirin use, unless contraindicated 

(includes only patients with ischemic vascular disease starting 

with 2009 performance); and (5) documented tobacco-free status.

We constructed indicators of relative performance and competi-

tive environment. First, we calculated the mean ODC score of 

clinics in competing health systems. Each urban and rural health 

system’s competitors consisted of all clinics in the other systems 

within 5 miles and 25 miles, respectively, of any one of the system’s 

TAKEAWAY POINTS

Our results suggest that from 2006 to 2013, health systems in Minnesota did not compete on 
publicly reported diabetes care measures as envisioned under retail competition.

 › Health systems did not differentially improve the diabetes care quality of their clinics 
performing worse than those in competing systems. Low-performing clinics fell further 
behind high-performing clinics.

 › A variety of reasons, including a lack of consumer awareness of publicly reported performance 
measures, may dissuade low-performing health systems from focusing on quality competition.

 › These results do not support strategies of competition on public performance measures as 
a means of achieving quality gains in diabetes care management.
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clinics. To measure relative performance, we subtracted each clinic’s 

competitor ODC measure (ie, mean ODC score of clinics in competing 

health systems) from its own ODC score. We created quintiles for 

this measure separately for urban and rural settings. Because we 

cannot measure relative performance for nonreporting clinics, we 

used the competitor ODC measure by itself in the reporting model. 

eAppendix C provides further explanation and descriptive statistics 

for these measures. We also created measures for the percentage 

of clinics in competing health systems that submitted reports 

and the number of competing systems to additionally control for 

competitive environment.

The MNCM data include the annual number of patients with 

diabetes by clinic, which we used to control for responses associ-

ated with patient demand in the performance model. Beginning 

in 2009, these data include the number of patients enrolled in 

Medicare, Minnesota Health Care Programs (MHCP) (ie, Medicaid 

and other programs for low-income families and individuals), and 

private insurance, which we used to examine market segmentation.

We constructed explanatory variables for the reporting model 

from available single-year data sources. These measures are excluded 

from the performance model, in which we employed clinic fixed 

effects. We used 2009 American Community Survey 5-year estimates 

to create indicators of each clinic’s potential patient population. 

These indicators include the mean age of the population and the 

proportion of the population on any type of public assistance within 

5 miles and 25 miles of each urban and rural clinic, respectively. We 

used a 2012 licensure data set to determine the number of physicians, 

percentage of specialists, mean physician age, and percentage of 

female physicians at each clinic. We determined federally qualified 

health center (FQHC) status and affiliation with a critical access 

hospital (CAH) through Web searches.

Estimation

We estimated separate urban and rural models to account for location-

driven differences in competition. In the first stage, we estimated 

reporting status using a probit regression. Our data suggest that 

many smaller clinics, and clinics perceived to have difficult-to-treat 

patient populations, were more likely to have delayed reporting 

until the mandate. Therefore, we interacted the 2009 performance 

year indicator with stand-alone clinic status, number of physicians, 

FQHC status, CAH affiliation, and the proportion of the potential 

patient population on public assistance. Because the mandate had a 

large influence on reporting decisions, we present average marginal 

effects on the probability of reporting over 3 periods: premandate 

(2007-2008), first mandate year (2009), and post mandate (2010-2013). 

In the second stage, we employed a fixed-effects model to estimate 

clinic performance that includes the inverse Mills ratio, obtained 

from the first-stage estimation. Because the fixed-effects model 

required 2 observations per clinic, we excluded any clinic that 

reported in only 1 year, including all clinics that began reporting 

with 2013 performance, resulting in an estimation sample of  

288 urban and 244 rural clinics. We present average marginal effects 

of each explanatory variable on clinic performance.

RESULTS
Descriptive Statistics

Of 654 clinics providing diabetes care, 572 (87.5%) reported at least 

once between performance years 2006 and 2013. Urban clinics were 

more likely to be early reporters than rural clinics (Figure): For 2006, 

32.1% of urban clinics and 14.8% of rural clinics reported their 

performance. The number of clinics reporting increased through 

performance year 2009, the year reporting became mandated, and 

then leveled off. By 2013, approximately 80% of clinics reported. 

Those not reporting were smaller, independent clinics that often had 

a higher percentage of specialists than reporting clinics (Table 1). 

Of clinics that never reported, more than half were stand-alone clinics.

Although a large improvement in publicly reported performance 

occurred between 2008 and 2010 (Figure), previous research using 

these data found that this increase is mainly attributable to changes 

in the definitions of measures for A1C, blood pressure, and daily 

aspirin, which made it easier for clinics to achieve the performance 

goal.9 Adjusting for these definition changes, performance improved 

modestly over the study period.9

Decision to Report

We present average marginal effects of the reporting model in 

Table 2 (coefficients in eAppendix A Table 2). Overall, reporting 

FIGURE.  Clinics’ Diabetes Care Performance and the Percentage 
of Clinics Reporting Performance in Minnesotaa

aStudy population includes 654 ambulatory clinics (349 urban, 305 rural) 
providing diabetes care in Minnesota. Diabetes care performance was measured 
by the Optimal Diabetes Care score, which is the percentage of patients with 
diabetes, aged 18 to 75 years, who simultaneously achieved 5 treatment goals: 
(1) glycated hemoglobin less than 7% (changed to <8% in 2009); (2) blood 
pressure less than 130/80 mm Hg (changed to <140/80 mm Hg in 2010); (3) low- 
density lipoprotein cholesterol less than 100 mg/dL; (4) daily aspirin use, unless 
contraindicated (changed to include only patients with ischemic vascular 
disease in 2009); and (5) documented tobacco-free status.
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was highly persistent. Urban clinics whose health systems faced 

higher-performing competitors were less likely to report than urban 

clinics with lower-performing competitors. Prior to the mandate, 

each increase of 1 percentage point in the mean ODC score of clinics 

in competing health systems was associated with a decrease of 0.74 

(95% CI, 0.01-1.47) percentage points in the probability of reporting 

for urban clinics. Most clinics faced competition that was within 

5 percentage points of what would, based on performance, be 

considered average competition (ie, the mean of the competitor 

performance measure across the sample), implying that relative to 

a clinic facing average competition, competitor performance typi-

cally affected the probability of reporting by less than 4 percentage 

points. This effect diminished over the study period, although it 

remained significant.

Diabetes Care Performance

Table 3 presents the average marginal effects for the clinic perfor-

mance model. These average effects apply to all clinics regardless 

of whether or not they reported (see eAppendix A Table 3 for 

effects conditional on reporting). Although, on average, clinics 

improved over time, responses to competitor performance imply 

divergence between high-performing and low-performing clinics. 

Clinics that had performed much better than competitors in the 

prior year improved their performance in the following year 

more than clinics that had performed similarly to competitors, 

on average, by 1.90 (95% CI, 1.35-2.61) percentage points in urban 

areas and 1.35 (95% CI, 0.61-1.94) percentage points in rural areas. 

The divergence was greatest in urban areas, where clinics that had 

performed much better than competitors improved their ODC scores 

by 2.99 (95% CI, 1.96-4.05) percentage points more than clinics that 

had performed slightly worse than their competitors, and by 4.06 

(95% CI, 2.54-5.96) percentage points more than clinics that had 

performed much worse than their competitors. These results imply 

that relatively high-performing clinics were improving faster than 

low-performing clinics.

We found no significant effect of patient volume on performance, 

suggesting that clinics did not increase their performance in response 

to greater or fewer patients in the prior year. The coefficient on 

the inverse Mills ratio (eAppendix A Table 3) for urban clinics was 

0.33 (95% CI, 0.03-0.62), implying that reporting clinics had higher 

performance than nonreporting clinics. The inverse Mills ratio was 

not significant for rural clinics.

Market Segmentation

We only found significant associations between patient volume 

and relative performance in urban areas (Table 4). Among all 

payers, clinics that had performed much better than competitors 

gained, on average, 16.1 (95% CI, 7.2-26.4) patients with diabetes 

compared with clinics that had performed similar to competitors, 

and a similar number of patients was gained by clinics performing 

slightly better than their competitors. Analyzing volume by payer 

(from 2009 onward), gains in volume were attributable only to 

privately insured patients. These results imply that high-performing 

clinics were attracting privately insured patients—a likely intended 

outcome of public reporting efforts aiming to shift patients to 

higher-quality clinics. If these patients were relatively healthy, 

then they potentially contributed to higher performance scores. 

However, neither relatively high-performing nor low-performing 

TABLE 1. Characteristics of Clinics Providing Diabetes Care in Minnesota 

  Urban Clinics Rural Clinics

 

Reported 
Performance 

(n = 308)

Never Reported 
Performance 

(n = 41)

Reported 
Performance 

(n = 264)

Never Reported 
Performance 

(n = 41)

Number of patients with diabetes,a mean (SD) 402.7 (468.1) N/A 258.7 (363.0) N/A

Number of patients with diabetes enrolled in Medicare,b mean (SD) 130.8 (152.1) N/A 107.6 (177.8) N/A

Number of patients with diabetes enrolled in MHCP,b mean (SD) 70.8 (103.6) N/A 41.3 (60.5) N/A

Number of patients with diabetes enrolled in private insurance,b mean (SD) 205.5 (289.1) N/A 112.1 (145.3) N/A

Number of physicians, mean (SD) 14.5 (57.6) 1.8 (1.2) 8.5 (13.8) 1.6 (1.2)

Physicians’ mean age in years, mean (SD) 49.2 (6.9) 51.8 (10.6) 51.7 (6.5) 54.3 (11.2)

Percent of female physicians, mean (SD) 44.1 (27.5) 31.6 (44.0) 30.0 (30.5) 10.0 (24.6)

Percent in which >33% of physicians are specialists 26.9 43.9 29.2 19.5

Percent with federally qualified health center status 6.2 0.0 2.7 0.0

Percent with critical access hospital affiliation 0.0 0.0 17.4 0.0

Percent stand-alone, independent clinic 11.0 61.0 13.6 53.7

Age in years of potential patient population, mean (SD) 35.9 (2.0) 36.0 (1.5) 39.3 (2.8) 40.0 (2.2)

Percent of potential patient population on any public assistance, mean (SD) 26.9 (1.8) 26.9 (2.0) 26.9 (1.2) 26.9 (0.8)

MHCP indicates Minnesota Health Care Programs; N/A, not applicable.
aFrom clinic’s first reporting year.
bClinic’s first available year of data. Number of patients by payer type was made available in 2009, the fourth year of reporting and the first mandated 
reporting year.
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clinics were differentially avoiding MHCP patients, suggesting that 

the divergence in performance between clinics is not attributable 

to market segmentation of this more difficult-to-treat population.

DISCUSSION
We examined whether health systems respond to the performance 

of their competitors—a behavior expected under retail competition 

that could lead to quality improvements. Although diabetes care 

performance improved in Minnesota clinics during our study, clinics 

that outperformed competitors subsequently improved more than 

clinics that had performed worse than competitors, indicating a 

divergence between high-performing and low-performing clinics. 

This result suggests that public reporting did not incentivize health 

systems to improve their low-performing clinics in response to 

competing against high-performing clinics in other systems.

Our results differ from those of Kolstad, who found that surgeons 

improved their mortality rate if they were performing worse than 

expected after the introduction of report cards.2 However, differences 

between surgical mortality and diabetes outcomes likely limit the 

comparability of these findings. Compared with individual surgeons, 

health systems and their associated clinics may also have access 

to a variety of alternatives to increase revenues or patient flows 

when faced with publicly reporting performance. For example, 

they may acquire physician practices or invest in new service 

lines to attract patients, methods that are unlikely to be available 

to individual physicians.

Public reporting may encourage some health systems to take 

their first steps toward improving diabetes care quality, but these 

systems may lack the resources needed to develop sophisticated 

strategies focused on retail competition. Smith and colleagues 

found that several physician groups had little focus on diabetes 

care performance prior to reporting as part of the Wisconsin 

Collaborative for Healthcare Quality.10 These physician groups were 

likely to implement simple quality improvement strategies when 

they started reporting compared with the multiple intervention 

TABLE 2. Probability of Reporting Diabetes Care Performance, Average Marginal Effectsa

Urban Clinics Rural Clinics

Premandate 
(2007-2008)

First  
Mandate Year

(2009)
Post Mandate
(2010-2013)

Premandate 
(2007-2008)

First  
Mandate Year

(2009)
Post Mandate
(2010-2013)

Number of clinics 349 305

Clinic-year observations 2313 1933

Adjusted Percentage Points (SE) 

Reported in prior year 62.9** (4.7) 39.9** (5.1) 60.3** (5.9) 70.3** (3.2) 46.4** (6.0) 58.7** (4.0)

Competition Characteristicsb

Mean Optimal Diabetes Care score of clinics in 
competing health systems in prior year (per 1 PP)

–0.74* (0.38) –0.45* (0.22) –0.33* (0.17) 0.12 (0.25) 0.12 (0.25) 0.07 (0.14)

Percent of clinics in competing health systems 
reporting in prior year (per 1 PP)

–0.09 (0.15) –0.052 (0.087) –0.038 (0.066) 0.14 (0.10) 0.14 (0.10) 0.077 (0.053)

Number of competing health systems  
(per 10 health systems)

0.07 (0.48) 0.04 (0.29) 0.03 (0.21) 0.144 (0.083) 0.140 (0.083) 0.078 (0.047)

Clinic Characteristics

Number of physicians (per 10 physicians) 4.6** (1.7) 24.1** (5.7) 2.0** (0.8) 4.1** (0.8) 7.1 (3.8) 2.2** (0.5)

 >33% of physicians are specialists –2.2 (2.2) –1.4 (1.3) –1.0 (1.0) 2.9 (1.8) 2.7 (1.7) 1.5 (0.9)

Percent female physicians (per 1 PP) –0.023 (0.035) –0.014 (0.021) –0.010 (0.016) 0.080* (0.033) 0.078** (0.032) 0.043* (0.018)

Mean physician age (per year) –0.12 (0.16) –0.07 (0.10) –0.052 (0.074) 0.08 (0.13) 0.08 (0.13) 0.045 (0.074)

Federally qualified health center status –4.0 (4.4) 17.6** (4.2) –1.9 (2.2) –5.3* (2.4) 24.9** (10.0) –3.2* (1.4)

Critical access hospital affiliation N/A N/A N/A 9.2** (3.0) 18.6** (6.3) 4.6** (1.5)

Stand-alone, independent clinic –13.3** (3.6) –1.7 (3.3) –7.2** (2.3) –12.0** (2.9) –13.3* (6.4) –8.2** (2.3)

Age of potential patient population (per year) 0.69 (0.56) 0.41 (0.33) 0.31 (0.26) –0.25 (0.48) –0.25 (0.47) –0.14 (0.26)

Percent of potential patient population on any 
public assistance (per 1 PP)

–0.06 (0.73) –1.1 (0.8) –0.31 (0.33) –0.01 (1.06) –3.1 (2.4) –0.06 (0.57)

N/A indicates not applicable; PP, percentage point; SE, standard error.

*P <.05; **P <.01.
aA Minnesota statute mandated reporting for all clinics starting with performance year 2009; however, there is no apparent penalty for not reporting, and  
approximately 20% of clinics do not report in any given year. Average marginal effects were calculated separately for premandate (2007-2008), first mandate year 
(2009), and post mandate (2010-2013) observations using the coefficients of a probit regression modeling estimating reporting status (see eAppendix A Table 2).  
We clustered standard errors by health system to account for autocorrelation across clinics in the same system.
bEach urban and rural clinic’s competitors consisted of all clinics in other health systems within 5 miles and 25 miles, respectively, of any one of its own health 
system’s clinics.
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strategies of higher-performing physician 

groups. In our study, many clinics that were 

independent or from smaller systems did not 

begin reporting until it was mandated. Clinics 

that began reporting with the mandate scored 

10 to 30 percentage points lower on the ODC 

score’s individual measures relative to clinics 

that began reporting earlier.9 

Initial quality improvement efforts take 

time to execute, because they may include 

improvements in health information technology, 

changes in office procedures, and recruitment 

of quality improvement champions, among 

others. In this study, some health systems may 

have been undertaking these steps without yet 

realizing large gains in quality improvement. 

These smaller-system and stand-alone clinics 

also may lack resources needed to implement 

specific interventions needed to compete 

based on quality.11 

Some health systems may not believe that 

public reporting ameliorates imperfect infor-

mation between consumers and providers. 

A relatively small percentage of patients use 

public quality measures,7 and the evidence 

that public reports influence demand is 

mixed.12 High-performing clinics differentially 

attracted privately insured patients in our study, 

although these effects are likely relatively 

small in terms of total revenue, considering 

that patients with diabetes represent a fraction 

of patients. In addition, neither MHCP nor 

Medicare patients shifted from low-performing to high-performing 

clinics, therefore reinforcing concerns about the usefulness of 

public reporting for publicly insured patients, including the 

Medicare Payment Advisory Commission’s contention regarding 

quality reporting in the Merit-based Incentive Payment System.13 

Health systems may believe that the current level of awareness and 

engagement is below the threshold needed to make investments 

in quality competition preferable to other uses of quality improve-

ment resources. This explanation is supported by the evaluation 

of the Robert Wood Johnson Foundation’s Aligning Forces for 

Quality (AF4Q) initiative, in which MNCM participated. At the 

end of between 4 and 8 years of participating in AF4Q, community 

coalition leaders generally “…did not believe that the ‘competitive 

market strategy’…would improve provider quality or efficiency. 

In their experience, too few consumers sought out and used the 

information in this way…”14 One alternative to attracting patients 

and improving quality is mergers and acquisitions that allow 

for horizontal and vertical integration. During this study, larger 

health systems acquired several smaller systems and stand-alone 

clinics. These acquisitions were likely mutually beneficial, as 

they increased the market share of the larger health systems and 

improved performance at the acquired clinics.15

Limitations

There is potential that competitor performance was mismeasured. 

Health systems may not view some clinics in their market areas as 

competitors. For example, a large integrated delivery system may 

not treat small independent clinics as competitors. However, in our 

study, a handful of large health systems dominate each market and 

stand-alone clinics comprise only 13% of clinics.

A complete model of competition ideally would incorporate 

price and quality information in relation to competitive responses. 

Although health systems may have attempted to adjust prices to 

gain bargaining power, MNCM did not report total cost measures 

until after the conclusion of this study.16 Health systems would have 

had little reason to adjust quality based on competitor pricing, as 

it is doubtful that consumer decisions would be based on prices 

without the appropriate information available.

The substantial presence in this study market of large health 

systems may raise questions about generalizability to areas where 

TABLE 3. Diabetes Care Performance, Average Marginal Effectsa

Urban Clinics Rural Clinics

Number of reporting clinics 288 244

Clinic-year observations 1542 1049

Adjusted Percentage Points (SE)

Competition characteristicsb

Clinic performance relative to competitor performance 
(reference, quintile 3: similar to competitors in prior year)

Quintile 1: much better than competitors in prior year 1.90** (0.32) 1.35** (0.33)

Quintile 2: slightly better than competitors in prior year 0.87** (0.24) 0.34 (0.28)

Quintile 4: slightly worse than competitors in prior year –1.09** (0.28) –0.41 (0.32)

Quintile 5: much worse than competitors in prior year –2.16** (0.39) –0.28 (0.34)

Percent of clinics in competing health systems reporting 
in prior year (per 1 PP)

–0.055** (0.019) 0.020 (0.013)

Number of competing health systems (per 10 clinics) 0.23 (0.15) 0.21 (0.14)

Number of patients with diabetes in prior year (per 10 patients) 0.0036 (0.0073) 0.0038 (0.0060)

Performance year (reference, 2007)

2008 2.64** (0.70) 0.31 (0.59)

2009 6.23** (0.82) 2.28** (0.76)

2010 12.4** (1.3) 6.76** (0.86)

2011 12.8** (1.4) 7.61** (0.92)

2012 12.6** (1.4) 7.95** (0.98)

2013 13.7** (1.5) 8.3** (1.0)

MHCP indicates Minnesota Health Care Programs; PP, percentage point; SE, standard error.

*P <.05; **P <.01.
aAverage marginal effects are from a 2-part Heckman selection model with the first-stage equation 
predicting the probability of reporting performance and are unconditional on reporting (see  
eAppendix A Table 3 for the model’s coefficients). Clinics that reported in only 1 year (20 urban and 
20 rural clinics) were excluded. We used bootstrapping to determine significance, drawing 1000 
random samples from the full study population (with replacement), reestimating the 2-part model, 
and then taking the standard error of each covariate’s 1000 calculated average marginal effects. 
bEach urban and rural clinic’s competitors consisted of all clinics in other health systems within 
5 miles and 25 miles, respectively, of any one of its own health system’s clinics.
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smaller health systems are more dominant. However, recent trends 

have shown an increase in mergers and acquisitions throughout 

the United States, making vertically integrated health systems and 

concentrated markets increasingly the norm.17-19

CONCLUSIONS
Unique aspects of the healthcare market make it difficult to reward 

and incentivize quality improvement as envisioned in the competitive 

market paradigm.1 Even when market information asymmetries were 

addressed through public reporting, we find that health systems 

did not compete on quality as proponents of retail competition 

intended. Although public reporting may incentivize quality gains 

in diabetes care management through other mechanisms, relying on 

it to promote retail competition among physicians on performance 

measures is unlikely to be an effective strategy. n
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TABLE 4. Patient Volume by Payer, Average Marginal Effectsa

Adjusted Patient Volume (SE)

All Payers Medicare MHCP Private Insurance

Performance years included 2007-2013 2009-2013b

Urban Clinics

Clinic performance relative to competitor performancec

(reference, quintile 3: similar to competitors in prior year)

Quintile 1: much better than 
competitors in prior year

16.1** (5.2) –1.5 (2.5) –2.6 (2.7) 7.6* (3.0)

Quintile 2: slightly better than 
competitors in prior year

15.8** (5.3) 1.8 (2.1) 2.9 (2.5) 5.3* (2.7)

Quintile 4: slightly worse than 
competitors in prior year

–5.7 (5.6) –5.1 (2.7) –0.7 (1.9) 4.0 (3.4) 

Quintile 5: much worse than 
competitors in prior year

1.8 (7.7) –0.9 (3.9) -0.2 (2.7) 6.1 (4.7)

Rural Clinics

Clinic performance relative to competitor performancec  
(reference, quintile 3: similar to competitors in prior year)

Quintile 1: much better than 
competitors in prior year

–1.4 (7.0) 5.7 (5.6) –2.9 (3.4) –1.1 (4.2)

Quintile 2: slightly better than 
competitors in prior year

0.7 (7.9) 3.2 (4.9) –0.8 (2.8) 0.8 (4.5)

Quintile 4: slightly worse than 
competitors in prior year

–6.9 (6.6) –2.3 (3.7) –0.6 (1.8) –3.3 (3.5)

Quintile 5: much worse than 
competitors in prior year

–3.5 (5.8) –1.8 (4.1) –1.2 (1.9) –0.7 (3.6)

MHCP indicates Minnesota Health Care Programs; SE, standard error.

*P <.05; **P <.01.
aAverage marginal effects are from a 2-part Heckman selection model with the first-stage equation 
predicting the probability of reporting performance and are unconditional on reporting. We use boot-
strapping to determine significance, drawing 1000 random samples from the full study population (with 
replacement), reestimating the 2-part model, and then taking the standard error of each covariate’s 
1000 calculated average marginal effects. 
bNumber of patients by payer type was made available in 2009, the fourth year of reporting and the first 
mandated reporting year.
cEach urban and rural clinic’s competitors consisted of all clinics in other health systems within 
5 miles and 25 miles, respectively, of any one of its own health system’s clinics.



eAppendix A. Supporting Tables 

Table 1. Number of Clinics by First Reporting Year, Health Systems with at Least 10 Clinics  

 Number of Clinics First Reporting by Performance Year   

Health System 2006 2007 2008 2009 2010 2011 2012 2013 
Number of Clinics Never 

Reporting Total 
A 31 4 2 1 3 1 2 0 0 44 
Ba 31 0 2 8 0 0 0 0 2 43 
C 1 0 24 1 12 0 0 0 2 40 
Da 14 4 1 10 0 1 0 1 1 32 
E 22 1 0 0 2 1 1 1 1 29 
Fa 0 11 7 2 2 0 1 1 1 25 
G 20 0 0 0 0 0 1 2 0 23 
H 0 0 17 1 0 0 0 0 0 18 
I 10 0 0 2 0 2 1 0 1 16 
J 0 14 0 0 0 0 0 0 0 14 
K 0 7 1 1 2 1 1 0 0 13 
L 0 9 0 0 1 0 0 0 1 11 
M 0 0 0 11 0 0 0 0 0 11 
N 0 0 5 1 2 1 1 0 1 11 
O 0 7 0 1 0 0 0 1 1 10 

a  Health System B, D and F made sizable acquisitions of previously non-reporting clinics during this study leading to multiple years in 

which a large portion of their clinics began reporting. 

  



Table 2. Estimation of Clinic Reporting Status, Probit Coefficients 

    Probit Coefficient 
   Urban Clinics  Rural Clinics 

Reported in Prior Year  2.7**  2.4** 

  (0.2)  (0.2) 
Competition Characteristicsa     
  Mean Optimal Diabetes Care Score of Clinics in Competing Health  -0.041  0.005 
  Systems in Prior Year (per 1pp)  (0.021)  (0.012) 

     
  Percent of Clinics in Competing Health Systems Reporting in Prior   -0.0047  0.0068 
  Year (per 1pp)  (0.0080)  (0.0046) 

     
  Number of Competing Health Systems (per 10 clinics)  0.0004  0.068 

  (0.0026)  (0.040) 
Clinic Characteristics     
  Number of Physicians (per 10 physicians)  0.251**  0.194** 

  (0.094)  (0.036) 
  Number of Physicians (per 10 physicians)*2009  0.1959**  0.15 

  (0.058)  (0.20) 
 >33% of physicians are specialists   -0.12  0.133 

  (0.12)  (0.080) 
  Percent Female Physicians (per 1pp)  -0.0013  0.0038** 

  (0.0019)  (0.0015) 
  Mean Physician Age (per year)  -0.0064  0.0040 

  (0.0089)  (0.0064) 
  Federally Qualified Health Center Status  -0.22  -0.28* 

  (0.25)  (0.12) 
  Federally Qualified Health Center Status*2009  1.8**  1.7* 

  (0.6)  (0.9) 
  Critical Access Hospital Affiliation    0.41** 



    (0.12) 
  Critical Access Hospital Affiliation*2009    0.51 

    (0.34) 
  Stand-alone, Independent Clinic  -0.72**  -0.64** 

  (0.18)  (0.15) 
  Stand-alone, Independent Clinic*2009  0.57  -0.01 

  (0.33)  (0.34) 
  Age of Potential Patient Population (per year)  0.038  -0.012 

  (0.030)  (0.023) 
  Percent of Potential Patient Population on Any Public Assistance (per 1pp)  -0.038  -0.005 

  (0.041)  (0.051) 
  Percent of Potential Patient Population on Any Public Assistance (per 1pp)*2009  -0.059  -0.15 

  (0.078)  (0.14) 
Performance Year (Reference = 2007)     
  2008  -0.25  0.31 

  (0.40)  (0.38) 
  2009  -0.29  1.3* 

  (0.49)  (0.6) 
  2010  0.26  0.21 

  (0.50)  (0.44) 
  2011  0.63  0.25 

  (0.61)  (0.50) 
  2012  1.2  0.50 

  (0.7)  (0.41) 
  2013  1.2  0.60 

  (0.7)  (0.36) 
Constant  -0.40  -1.5 

  (1.02)  (1.0) 
Number of Clinics  349  305 
Clinic-year Observations  2,313  1,933 
Log Pseudo likelihood  -477.74  -537.3 



Pseudo R-squared   0.63   0.57 
Notes: A Minnesota statute mandated reporting for all clinics starting with the 2009 performance year, however there is no apparent 

penalty for not reporting and approximately 20% of clinics do not report in any given year. We cluster standard errors by health 

system to account for autocorrelation across clinics in the same system. 

a Each urban (rural) clinic’s competitors consisted of all clinics in other health systems within 5 miles (25 miles) of any one of the its 

own health system’s clinics  

** p-value<0.01, *p-value<0.05



Table 3. Diabetes Care Performance, Fixed Effects Heckman Selection Model 

    Adjusted Percentage Points 
   Urban Clinics  Rural Clinics 
Competition Characteristicsa     
  Clinic Performance Relative to Competitor Performance Quintiles     
  (Reference = Quintile 3 Similar to Competitors in Prior Year)     
     Quintile 1 Much Better than Competitors in Prior Year  4.19**  3.13** 
  (0.54)  (0.69) 
     Quintile 2 Slightly Better than Competitors in Prior Year  1.92**  0.80 
  (0.50)  (0.61) 
     Quintile 4 Slightly Worse than Competitors in Prior Year  -2.41**  -0.95 
  (0.516)  (0.62) 
     Quintile 5 Much Worse than Competitors in Prior Year  -4.76**  0.64 
  (0.69)  (0.72) 
     
  Percent of Competing Clinics Reporting in Prior Year (per 1pp)  -0.120**  0.047 

  (0.031)  (0.028) 
  Number of Competing Health Systems (per 10 clinics)  0.50  0.47 

  (0.32)  (0.28) 

     
Number of Patients with Diabetes in Prior Year (per 10 patients)  0.008  0.009 

  (0.012)  (0.014) 
Performance Year (Reference = 2007)     
  2008  5.8**  0.7 

  (1.1)  (1.2) 
  2009  13.7**  6.0** 

  (1.2)  (1.6) 
  2010  27.4**  15.7** 

  (1.6)  (1.6) 
  2011  28.1**  17.6** 



  (1.7)  (1.7) 
  2012  27.9**  18.4** 

  (1.7)  (1.8) 
  2013  30.3**  19.3** 

  (1.8)  (2.0) 
Inverse Mills Ratio Setting Prior Year Reporting Status to 0b  0.33*  -0.24 

  (0.15)  (1.5) 
Constant  17.9**  9.8** 

  (2.0)  (1.5) 
Fixed Effects  Yes  Yes 
Number of Reporting Clinics  288  244 
Observations  1,542  1,049 
R-squared   0.60   0.36 

a Each urban (rural) clinic’s competitors consisted of all clinics in other health systems within 5 miles (25 miles) of any one of the its 

own health system’s clinics  

b Given the near perfect persistency in reporting status over time, construction of the inverse mills ratio as usual will reflect, in large 

part, the persistency of reporting status rather than the competition and clinic characteristics that determined initial reporting status and 

thus selection into the sample of reporting clinics. To take this aspect into account, we purge the persistency effect by setting rt-1 = 0 

when calculating the inverse mills ratio.  

** p-value<0.01, *p-value<0.05



 

eAppendix B. Modeling Diabetes Care Performance 

B.1 The Decision to Publicly Report Performance 

Public reporting often is implemented on a voluntary basis, which is the case for the performance 

measures analyzed in this study. As evident by the Minnesota experience, even mandated 

reporting may not result in 100% compliance. The non-random selection of clinics into reporting 

status is problematic because we are only able to observe the performance of reporting clinics. 

Furthermore, reporting status is highly persistent with only a handful of clinics entering non-

reporting status after they initially disclose performance. Given these issues we employ a 

Heckman selection model to control for the non-randomness of reporting status, where the first 

stage dynamically models reporting status to address persistency. 

 

We begin by modeling the decision to report using a linear utility function: 

 

!"#$%&'() = +"#$%,&-., /%,&-., 0$, 1; 3) + 5$%&                     ( 1 )                                                                        

 

where the reporting status (r) of clinic i in health system j at time t is dependent on the prior year 

reporting status, characteristics of j’s competitors (c), i’s own characteristics (w), performance 

year fixed effects (τ), and an idiosyncratic error component (ε). For conciseness, we treated 

stand-alone clinics as one-clinic health systems. The specific element of c in which we have 

interest is the reported performance of j’s competitors. Following standard random utility theory 

a clinic reports (r = 1) when U(r|Z) > 0 or expressed using the right-hand side variables, 6 >
−9:. 



 

We assume decisions regarding quality improvement, including whether or not a clinic reports, 

are made by the health system and are influenced by the system’s competitive environment 

rather than the local competition of each clinic. This assumption is supported by the fact that the 

majority of clinics within a given Minnesota health system begin reporting in the same year 

(eAppendix A Table 1). For this reason, our competition attributes (c) measure the competition 

faced by clinic i’s own health system j rather than clinic i’s neighboring clinics. Nevertheless, 

individual clinic characteristics (w) outside of competition measures may influence reporting 

status or performance and are included as explanatory variables.  

 

B.2 Diabetes Care Performance 

In the second stage, our model estimates diabetes care performance denoted as p*. We observe 

p* only when clinics report (r = 1). Thus we have observed performance p as: 

 

; = ;∗$+	# = .                                                                                                                           ( 2 ) 

; = >$??$@A	$+	# = B 

 

Ignoring the panel data aspect of the model for the moment, we model p* as: 

 

;$%∗ = C$%D + EF$%                   ( 3 ) 

 

where the covariates of interest in X are the competition characteristics (c) of clinic i’s health 

system j and clinic characteristics (w), and u is the idiosyncratic error term pertaining to 

performance. For the performance model, we adapt a framework similar to Kolstad (2013) that 



 

relates providers’ own performance to competitor performance.1 This framework determines how 

providers respond to their relative performance, in our case how much better (or worse) a clinic 

is compared to competitors, while also controlling for patient volume to capture the response 

associated with patient demand. Therefore, we include measures of relative performance (a 

clinic’s performance measures minus the mean performance measures of clinics in competing 

health systems) in c and clinic patient volume for patients with diabetes in w. The expectation of 

performance conditional on reporting is: 

 

GH;$%'#$% = .I = C$%D + EG[F$%|#$% = .]            ( 4 ) 

 

GH;$%'#$% = .I = C$%D + EG[F$%|5$% > −($%3] 

 

where ε is the idiosyncratic error term and Z are factors affecting the decision to report from ( 1 ). 

Assuming ε~N(0,1) and ε and u are jointly normal, then the expectation of the error term u can be 

shown to be φ(-Zγ)/1-Φ(-Zγ), commonly referred to as the inverse mills ratio, which is obtained 

by estimating the decision to report ( 1 ) using a probit regression model. We then estimate ( 4 ) 

via regression with the inclusion of the inverse mills ratio as an explanatory variable, which 

controls for unobserved factors associated with inclusion in the sample of reporting clinics, and 

obtain unbiased estimates of β on performance.  

 

                                                
1 Kolstad JT. Information and quality when motivation is intrinsic: evidence from surgeon report cards. Am Econ 
Rev. 2013;103(7):2875-2910. 



 

The panel nature of the data allows for an opportunity to follow responses to publicly reported 

performance over several years and for more sophisticated modeling than would be possible 

using cross-sectional data. However, our panel data also add complexity, especially due to the 

near perfect persistency in reporting status over time. Construction of the inverse mills ratio as 

done in typical cross-sectional Heckman selection models would reflect, in large part, the 

persistency of reporting status rather than the factors that determined initial reporting status and 

selection into the sample of reporting clinics. To address this issue, we purge the persistency 

effect by setting rt-1 = 0 when calculating the inverse mills ratio. By doing so, our inverse mills 

ratio is constructed using only the competition and clinic characteristics that determined 

reporting status. 

 

Allowing for the panel structure and substituting our covariates of interest for X (as lags to reflect 

available information [e.g. clinics had 2008 performance data in 2009] and to allow time to react 

to demand changes) into ( 4 ) we have the following model of performance: 

 

MH;$%&'#$&% = .I = /%,&-.N + 0$%,&-.O + EGHF$%&'5$%& > −(PQ&R3I + S$ + 1 + T$%&                    ( 5 ) 

 

where 9:U  is equal to 9: from the first-stage equation setting rt-1 = 0 in post-estimation. The error 

term now comprises an individual clinic term (α), a time (i.e. performance year) term (τ) and an 

idiosyncratic component (v). The individual clinic term (α) and time term (τ) are controlled for 

using clinic-level fixed effects and performance year dummy variables, respectively.  

 

  



 

Unconditional performance is given by: 

 

GH;$%&I = V"#$%& = .) ∗ "/%,&-.N + 0$%&O + EGHF$%&'5$%& > −(PQ&R3I + S$ + 1)        ( 6 ) 

          

The marginal effect of xk ∈ X is: 

 

XGH;$%&I
XYZ = DZV"#$%& = .)   

 

 

We compute average marginal effects by multiplying each clinic’s probability of reporting by the 

coefficient of interest and taking the average over all observations.   



 

eAppendix C. Measures of Competitor Performance and Relative Performance for Diabetes 

Care 

 

This appendix describes our approach to constructing measures of competitor performance and 

relative performance between clinics and their competitors. First, we construct a measure of 

competitor performance for each health system. As described in Appendix A, we assume 

decisions regarding quality improvement, including whether or not a clinic reports, are made by 

the health system and are influenced by the system’s competitive environment rather than the 

local competition of each clinic. For each health system, this competitor performance measure is 

the mean Optimal Diabetes Care (ODC) score of clinics in competing systems. Each urban 

(rural) health system’s competitors consisted of all clinics in other systems within 5 miles (25 

miles) of any one of the system’s clinics. For example, if Health System A is located in an urban 

area and has 10 clinics, then we determine all clinics not in Health System A that were within 5 

miles of any one of Health System A’s 10 clinics and classify them as Health System A’s 

competing clinics. Then, we calculate the mean ODC score of the clinics from health systems 

competing with Health System A. We calculate this measure separately for each year and for 

urban and rural settings. This measure is used as an explanatory variable in the reporting model, 

which predicts the probability a clinic reports in a given year. We present the mean and standard 

deviation of this measure in eAppendix C Table 1. As expected, average competitor 

performance increases over time in alignment with observed increases in individual clinic 

performance scores.  

 



 

Next, we construct a clinic-level relative performance measure. For each clinic, the relative 

performance measure is the clinic’s own ODC score minus the mean ODC score of clinics in 

competing health systems (i.e. the competitor performance measure described above). We 

calculate this measure separately for each year and for urban and rural settings. eAppendix C 

Table 2 presents mean relative performance in each year. Mean relative performance is near zero 

as clinics performing better than their competitors “cancel out” clinics preforming worse than 

their competitors, however the standard deviations are comparatively large, implying variation in 

relative performance among clinics. Finally, we categorize clinics into relative performance 

quintiles, separately for urban and rural settings. We also do this categorization separately for 

each year, such that clinics many move across quintiles over time. We present mean relative 

performance by quintile in eAppendix C Figure 1 (urban clinics) and eAppendix C Figure 2 

(rural clinics). These figures show the variation in relative performance among the sample of 

clinics, as there is considerable difference in the means of each relative performance quintile. We 

also observe frequent movement between the quintiles in terms of clinic composition, as 39% of 

clinics moved either up or down one quintile and 10% moved up or down two or more quintiles 

over all consecutive two year periods. 

 
  

  



 

Table 1. Mean Health System Level Measure of Performance of Clinics in Competing Health 

Systems 

  Urban Health Systems  Rural Health Systems 

  

Mean ODC Score of Clinics in 

Competing Systems  

Mean ODC Score of Clinics in 

Competing Systems 

2006  15.2  12.9 

  (2.9)  (6.5) 

2007  17.0  17.2 

  (3.5)  (8.0) 

2008  19.0  16.8 

  (4.0)  (7.8) 

2009  25.2  19.2 

  (4.9)  (10.2) 

2010  37.5  30.6 

  (5.2)  (9.5) 

2011  38.4  30.9 

  (5.3)  (9.6) 

2012  37.4  31.1 

  (5.1)  (8.7) 

2013  38.4  33.1 

  (5.6)  (8.9) 

Notes: Study population includes 654 ambulatory clinics (349 urban, 305 rural) from 184 health 

systems and independent clinics providing diabetes care in Minnesota. Each urban (rural) health 

systems’ competitors consisted of all clinics in other health systems within 5 miles (25 miles) of 

any one of its own clinics. Standard deviation in parentheses. 

 
 
  



 

Table 2. Mean Clinic Level Measure of Relative Clinic Performance for Diabetes Care 

  Urban Clinics  Rural Clinics 

  

Clinic ODC Score - Mean ODC Score 
of Clinics in Competing Systems  

Clinic ODC Score - Mean ODC Score 
of Clinics in Competing Systems 

2006  0.2  2.0 

  (7.7)  (7.8) 

2007  -0.7  0.0 

  (10.5)  (8.3) 

2008  -0.7  1.1 

  (10.1)  (8.9) 

2009  -1.4  1.8 

  (14.1)  (11.9) 

2010  -1.3  1.9 

  (13.2)  (11.9) 

2011  -1.2  1.7 

  (12.7)  (11.8) 

2012  -0.8  0.7 

  (12.7)  (11.7) 

2013  -1.9  0.8 

  (12.6)   (11.4) 

Notes: Study population includes 654 ambulatory clinics (349 urban, 305 rural) providing 

diabetes care in Minnesota. Each urban (rural) clinic’s competitors consisted of all clinics in 

other health systems within 5 miles (25 miles) of any one of its own health system’s clinics. 

Standard deviation in parentheses. 

  



 

Figure 1. Mean Relative Clinic Performance for Diabetes Care by Quintile, Urban Clinics 

 

Notes: Study population includes 349 ambulatory clinics in urban settings providing diabetes 

care in Minnesota. Each urban clinic’s competitors consisted of all clinics in other health systems 

within 5 miles of any one of its own health system’s clinics. 
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Figure 2. Mean Relative Clinic Performance for Diabetes Care by Quintile, Rural Clinics  

  

Notes: Study population includes 305 rural ambulatory clinics providing diabetes care in 

Minnesota. Each rural clinic’s competitors consisted of all clinics in other health systems within 

25 miles of any one of its own health system’s clinics. 
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