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Abstract of Dissertation

Delivery of High Quality Primary Care in Community Health Centers:
The Role of Nurse Practitioners and State Scope of Practice Restrictions

In response to the increased demand for primary care in the United States—a
byproduct of a growing elderly population and insurance expansion under the Affordable
Care Act (ACA)—the total number of community health centers (HCs) and their
capacities is expected to grow. While HCs have historically depended on physicians to
deliver the majority of their care, more and more, they are shifting to non-physician
clinicians, especially nurse practitioners (NPs); yet, little is known about the quality of
care delivered by NPs in HCs or about the role state occupational restrictions have on
these practitioners or their patients.

Using quasi-experimental methods and data from the community health center
subsample of the National Ambulatory Medical Care Survey (NAMCS), this dissertation
explores three distinct, but related, research questions regarding NP-delivered care in
HCs—its effectiveness and comparability to physician care, the extent that tradeoffs in
the quantity and quality of care are made, and the real-world risks and benefits of states
easing their scope of practice restrictions. Findings, which suggest that NP care is
comparable to physician care in most ways and that the quality of NP-delivered care does
not significantly vary by states’ NP independence status, have important implications for

policy and practice.



Table of Contents

ADSEract Of DISSEITAtION ......ccoiiiiiieiiii et
IS Qo) T U =TSRRI
LiSE OF TADIES ...
Chapter 1: A Comparison of Nurse Practitioners’ and Primary Care Physicians’
Patterns of Practice and Quality of Care in Health Centers ............cccccceeeeiiiiiiiinnnennn.
l. INEFOUCTION ...
. Evidence Comparing Nurse Practitioners (NPs) and Primary Care
Physicians (PCMDs) in Primary Care..........cccccceveeeeeiiniiiieeeeee e
M. Data and MEASUIES .........cuvriiiiiiiiie et
V. Statistical ANAlYSIS .......oeviiiiiei e
V. RESUITS. ...
VI. DISCUSSION ...ttt
RETEIENCES. ...

Chapter 2: Are Tradeoffs between the Quantity of Care and the Quality of Care

Made by Practitioners in Health Centers?..........ooo o
l. INEFOTUCTION ...

1. Evidence Examining the Relationship between Quantity and Quality in
AMDUIATONY Care......ooiiiiiiiiieie e
1. Data and MEASUIES ........ccuveiieiiiiiie ettt e e
V. Statistical ANAIYSIS ...
V. RESUITS. ...
VI. DISCUSSION ...ttt e e
RETEIENCES ... e
Appendix A: Detailed Specifications of the Quality Indicators Studied..........

...... 59



Chapter 3: Does the Regulatory Environment Affect Nurse Practitioners’

Patterns of Practice or Quality of Care in Health Centers? ..........ccccccciiiiiiiiiiiie e, 110

l. INEFOTUCTION ... s 112
. Impact of State NP Scope of Practice Restrictions on Health Care

OULCOMIES ...ttt e et e e e e e e s bbb e e e e e e e e e e 118

1. Data aNd MEASUIES ........ccuueiieiiiiiie ettt sbaee e 121

V. Statistical ANalySiS ... 127

V. RESUILS. ... 138

VI. DISCUSSION ...ttt e e e e e 145

RETEIENCES. ... 177

Appendix A: Review of the EVIAeNCe ... 193

Vi



List of Figures

Chapter 3: Does the Regulatory Environment Affect Nurse Practitioners’
Patterns of Practice or Quality of Care in Health Centers?

Figure 9A-1: Common Support (Nearest Neighbor) .........ccccccooviiii i, 167
Figure 9A-2: Standardized Bias across Covariates (Nearest Neighbor).............. 167
Figure 9B-1: Common SuUpport (Caliper) ... 169
Figure 9B-2: Standardized Bias across Covariates (Caliper)........cccccccceeririnnnne. 169
Figure 9C-1: Common Support (5:1 Caliper) ......cooviiiiiiieiieeee e 171
Figure 9C-2: Standardized Bias across Covariates (5:1 Caliper) ........cccccoeeevnneen. 171
Figure 9D-1: Common Support (RadiUs) .........ccoovviiiriieiiiee e 173
Figure 9D-2: Standardized Bias across Covariates (Radius)..........cccccceeeeivinnnnne. 173

Vil



List of Tables

Chapter 1: A Comparison of Nurse Practitioners’ and Primary Care Physicians’
Patterns of Practice and Quality of Care in Health Centers

Table 1: Number and Percentage of Practitioners and

Visits in Health Centers (HCs) (2007, 2014) ......coooiiiiiiiiiiiiieeeeieeee e 34
Table 2: Criteria Used in the Development and Selection of

QUATILY INAICATOIS ..o 35
Table 3: OULCOMES STUAIEA ........cooiiiie e 36
Table 4: Comparison between Design-based and Model-based

SUNVEY ANAIYSIS ..eeeiieeee ittt e e e e a e e e e e nes 37
Table 5: Practitioner Characteristics in HCs (2006-2010)........cccceeeiiiiiiiiieenenennn. 38

Table 6: Patient Visit Characteristics by Practitioner Type
IN HCS (2006-2010) ..oeoeiiiiiieeeiiiie et e st e e e e e a e e e nnnnae e 39

Table 7A: Effect of Practitioner Type on Quality of Care and
Practice PatternS iN HCS ......ccooiiiiiiiiiice e, 40

Table 7B: Effect of Practitioner Type on Quality of Care and
Practice Patterns iN HCS .......c.ooiiiiiiiiiic e 41

Table 8: Predicted Probability of Receiving Recommended Care, Selected
Services, and Referrals in HCs by Practitioner Type (2006-2010).......... 42

Chapter 2: Are Tradeoffs between the Quantity of Care and the Quality of Care
Made by Practitioners in Health Centers?

Table 1: Criteria Used in the Development and Selection of

QUATILY INAICATOIS ...t 90
Table 2: OULCOMES STUAIEA ........cooiiiii e 91
Table 3: Practitioner Characteristics in HCs (2006-2010) ........ccccceeeviiiiivvveeennnnn. 92

Table 4: Patient Visit Characteristics by Practitioner Type
IN HCS (2006-2010) ...eeuteieiiiieeiiee ettt 93

Table 5: Comparison of Patient Visit Patterns by Practitioner Type
IN HCS (2006-2010) ..oiieiiiiiieeeciiie ettt seee e e e et e e e s saae e e e s sanaee e 94

Table 6: Effect of Quality and Practice Patterns on Patient Visit Length
IN HCS (2006-2010) ....ccutiieiiiieesiiieesieeesieeesiee e steeestee e sb e saee e snaeeesnneee e 96

Table 7: Exogenous Effect of Quality (Instrumented) on Patient Visit Length
IN HCS (2006-2010) ....cciuteieiieieiiieeaiee ettt e e 97

viii



Chapter 3: Does the Regulatory Environment Affect Nurse Practitioners’
Patterns of Practice or Quality of Care in Health Centers?

Table 1: Number of States at Each Level of Nurse Practitioner (NP)

Independence (2006-2011) .....cccoiiiiiieiiiiiieeiiieee e 151
Table 2: Criteria Used in the Development and Selection of

QUANTLY INAICALONS ..o e e e e e e e eaaes 152
Table 3: OUtCOMES STUAIEA ... ..ccviieeeii e 153

Table 4A: NP Characteristics by State-granted NP Independence
(HCS, 2006-2011) .oeeivieeiiieeeiieeeiieesieeesteeesteeesseaeesseeeesneeeesnaeeesneeeesnneeans 154

Table 4B: Primary Care Physician (PCMD) Characteristics by State-granted
NP Independence (HCs, 2006-2011) ......ccccuvieieeeeeeiiiiiiiiieee e 155

Table 4C: Physician Assistant (PA) Characteristics by State-granted
NP Independence (HCS, 2006-2011) .......ccuveeiiiirieeiiiieieeeniieeeesnieeee e 156

Table 5A: NP Patient Visit Characteristics by State-granted
NP Independence (HCS, 2006-2011)........ccuveeiiiireeeiiiiieee i sniieee e 157

Table 5B: PCMD Patient Visit Characteristics by State-granted
NP Independence (HCS, 2006-2011).......cccuuuiiiiiieeeniiiiiiieeee e 159

Table 5C: PA Patient Visit Characteristics by State-granted
NP Independence (HCS, 2006-2011) ......cccuuiiiiiiieeeeiiiiiiieeee e 161

Table 6: Effect of State-granted NP Independence on NP Patterns of
Practice and Quality of Care in HCs (2006-2011) ........cccceeevivieeeniiiiineenns 163

Table 7: Effect of State-granted NP Independence on PCMD Patterns of
Practice and Quality of Care in HCs (2006-2011) .......ccccceevviivveeeniiiiineenns 164

Table 8: Effect of State-granted NP Independence on PA Patterns of
Practice and Quality of Care in HCs (2006-2011) .......ccccoiiievieeeeniinee 165

Table 9A: Post-Match Sample Means of Variables Used in
Propensity Score—Nearest Neighbor 1:1 (NP Visits).......cccccccceeriiinneee. 166

Table 9B: Post-Match Sample Means of Variables Used in
Propensity Score—Caliper (NP ViSItS).......ccccviiiiiiieiiiiiieeee e, 168

Table 9C: Post-Match Sample Means of Variables Used in
Propensity Score—5:1 Caliper (NP ViSitS) .....ccccccceviiiiiiiiiiiee e, 170

Table 9D: Post-Match Sample Means of Variables Used in
Propensity Score—Radius (NP ViSitS) .......ccccoviiviieeiiiiiiiiiiee e 172



Table 10A: Effect of State-granted NP Independence, by Practitioner Type—
Unweighted (HCS, 2006-2011) ......cccuiiiiiiieiiieeiiiee e e e 174

Table 10B: Effect of State-granted NP Independence, by Practitioner Type—
Weighted (HCS, 2006-2011) ......oeiiiiiiiiieiiiiiiee it 175

Table 11: Overall Summary of the Effect of State-granted NP Independence
on NP Patterns of Practice and Quality of Care, by Category.................. 176

Appendix Table B.1.: Alternative Specifications for NP Independence
Variable, Unweighted NP Sample (HCs, 2006-2011) ..........cccccvvvveeeeennn. 200

Appendix Table B.2.: Alternative Specifications for NP Independence
Variable, Weighted NP Sample (HCs, 2006-2011) ......cccccceeeeviiinvvrnnnnen. 201

Appendix Table B.3.: Alternative Specifications for NP Independence
Variable, Unweighted PCMD Sample (HCs, 2006-2011) ........ccccceeee..... 202

Appendix Table B.4.: Alternative Specifications for NP Independence
Variable, Weighted PCMD Sample (HCs, 2006-2011) .......cccccceeeiveennee 203

Appendix Table B.5.: Alternative Specifications for NP Independence
Variable, Unweighted PA Sample (HCs, 2006-2011) ........ccccovcvvvveennnnn. 204

Appendix Table B.6.: Alternative Specifications for NP Independence
Variable, Weighted PA Sample (HCs, 2006-2011) ....ccccccceevvvvcvvvveeeennn. 205



Chapter 1: A Comparison of Nurse Practitioners’ and Primary Care Physicians’
Patterns of Practice and Quality of Care in Health Centers
Abstract

Community health centers (HCs), which are nonprofit organizations located in
medically underserved areas, provide care to millions of low-income Americans and are
expanding their capacities to meet the growing demand for primary care under the
Affordable Care Act (ACA). While the majority of HC care is provided by primary care
physicians (PCMDs), a growing proportion of care is delivered by non-physician
clinicians, especially nurse practitioners (NPs). Certainly, as the demand for high
quality, cost-effective primary care increases, and as HCs expand their capacities to meet
this demand, the consequences of this shift—from predominantly PCMD- to NP-
delivered care—will be scrutinized. A sizable body of evidence has evaluated the
effectiveness of NP-delivered care in office-based and inpatient settings; however, these
studies have not critically evaluated the role of or outcomes associated with NP-delivered
care in HCs.

Using a quasi-experimental design and five years of cross sectional data from the
community health center subsample of the National Ambulatory Medical Care Survey
(NAMCS), | compared NPs’ outcomes to those of PCMDs. Results from multivariate
regression analysis and complementary strategies that accounted for NAMCS’ complex
survey design and addressed potential violations to the classical statistical assumptions
suggest that, across the outcomes examined (i.e., three quality indicators, four service
utilization measures, and two referral pattern measures), NP care was comparable to
PCMD care in most ways. Specifically, on six of the nine outcomes studied, no
statistically significant differences were detected in NP care compared to physician care.
On one outcome—the total number of health education services—the incidence of

receiving health education services was significantly higher when seen by an NP than



when seen by a PCMD. Statistically significant differences on the two remaining
outcomes—smoking cessation counseling and depression treatment—were not consistent
across all of the models or the adjustments that were made for NAMCS’ complex design.
Findings from this study have important implications for policy and practice. For
example, these results should reassure patients who are served by HCs that NPs provide
care that is largely equivalent to PCMDs. Findings should also encourage HC
administrators to depend on NPs to meet growing demands for primary care under the
ACA while knowing that the quality of care will be maintained. At the same time,
findings from this study should heighten policy makers’ confidence in the contributions
of NPs to high quality care and inform their decisions regarding issues such as
occupational licensing and scope of practice policies, payment reform, and funding

support for graduate nursing education.



l. Introduction

Each year, millions of low-income Americans—approximately 23% who are
uninsured and 64% who are immigrants or racial or ethnic minorities—receive their
health care at community health centers across the United States (from here on, referred
to as “health centers” and abbreviated as “HCs”). Health centers—including Federally
Qualified Health Centers (FQHCSs), “look alike” health centers (FQHC-LAS), and Indian
Health Centers (IHCs)"—are independent, community-based nonprofit organizations
located in medically underserved areas and are considered safety net providers by virtue
of their disproportionate share of uncompensated and publicly funded care (Doty,
Abrams, Hernandez, Stremikis, & Beal, 2010; Hicks et al., 2006).

Over the last two decades, HCs have grown in number and capacity to meet the
needs of expanding uninsured and Medicaid populations. For example, from 1996 to
2010, the number of HCs grew from 700 to 1,200 and, by 2014, had expanded to serve
approximately 23 million patients (Katz, Felland, Hill, & Stark, 2011; U.S. Department of
Health & Human Services [DHHS], Health Resources & Services Administration
[HRSA], 2015). Under the Affordable Care Act (ACA), which authorized $11 billion in
federal funds for capital improvements and operations, the number of patients served by
HCs is expected to nearly double reaching 40 million by 2019 (Ku et al., 2010; Ku, Jones,
Shin, Byrne, & Long, 2011; HRSA, The Affordable Care Act and health centers, n.d.).

The majority of HC care is provided by primary care physicians (PCMDs)—most
of whom are certified in specialties including internal medicine, general and family
practice medicine, pediatrics, and obstetrics/gynecology (Hing, Hooker, & Ashman,

2010). However, non-physician clinicians—practitioners who are formally prepared

*FQHCs are organizations that under section 330 of the Public Health Service Act, as amended,
receive grants under the Health Center Program. FQHC-LAs are health centers that function
similarly to FQHCs, but without federal designation and eligibility for Section 330 grant support.
IHCs are outpatient health programs/facilities operated by tribal organizations under the Indian
Self-Determination Act, P.L. 96-638 or urban Indian organizations under the Indian Health Care
Improvement Act, P.L. 94-437 (HRSA, Health center terminology tip sheet, n.d.).



through advanced, clinical education to deliver primary care—including nurse
practitioners (NPs), physician assistants (PAs), and nurse midwives have been important
to HCs' primary care delivery model and represent a growing component of their
workforces (Hing & Hooker, 2011; Hing, Hooker, & Ashman, 2010; Morgan, Everett, &
Hing, 2014a; National Association of Community Health Centers [NACHC], 2013;
Proser, Bysshe, Weaver, & Yee, 2015).

While HCs have seen growth in each segment of their non-physician clinician
workforces, NPs comprise the largest and most rapidly growing segment and are
providing an increasingly large proportion of patient care (Table 1t). NPs are nurses who
have advanced clinical education—masters or doctoral degrees—beyond their
professional registered nurse preparation and are certified by a national certifying body
in an area of specialty (American Association of Nurse Practitioners [AANP], n.d.).
These clinicians provide a wide range of health care services: diagnosing and managing
acute and chronic conditions; providing health promotion, disease prevention, and
health education and counseling; performing diagnostic tests and minor procedures; and
prescribing medication. HCs’ growing reliance on non-physician clinicians, generally,
and NPs, specifically, is a trend which is expected to continue given the existing and
worsening shortage of PCMDs, relative abundance of NPs, number and type of clinical
vacancies reported by these providers, and their expansion under the ACA (HRSA, 2013;
NACHC, 2007; NACHC, 2013; NACHC, The George Washington University School of
Public Health and Health Services [GW], and Robert Graham Center, & Robert Graham

Center, 2008; Proser et al., 2015; Rosenblatt, Andrilla, Curtin, & Hart, 2006).

T The author gratefully acknowledges comments from Fitzhugh Mullan, MD, Murdock Head
Professor of Medicine and Health Policy in the Milken Institute School of Public Health and
Professor of Pediatrics in the School of Medicine and Health Sciences at The George Washington
University, regarding the relative productivity of practitioners in HCs. Based on these HRSA data
and on productivity being specified as the number of encounters per FTE, physician productivity
is highest; however, such a comparison assumes that encounters are comparable across
practitioners and randomly assigned to them, which would need to be substantiated with
additional analysis.



While HC care is known to be cost-effective and highly accessible, especially in
underserved communities, less is known about these centers’ quality or the relative
guality among different practitioner groups (Proser, 2005). In general and across diverse
settings of care, quality in the United States has been found to be error-prone,
fragmented, and highly variable (Institute of Medicine [IOM], 2001). These performance
differences tend to be magnified for vulnerable patients whose age, race, ethnicity, and
socioeconomic status put them at high risk for chronic disease and create barriers in
access and affordability (DHHS, Agency for Healthcare Research and Quality [AHRQ],
2015; I0M, 2002). While some studies conducted in HCs have found care to be
equivalent or better than care delivered in other primary care settings (e.g., physician
offices) (Bruen, Ku, Lu, & Shin, 2013; Falik, Needleman, Wells, & Korb, 2001; Goldman,
Chu, Tran, Romano, & Stafford, 2012; Paradise, Shin, Sharac, & Rosenbaum, 2013; Shi &
Stevens, 2003; Starfield et al., 1994), others have reported low level and below
benchmark performance on some quality indicators. For example, studies comparing
care delivered in HCs to either national goals or care provided in physician offices or
hospital outpatient departments have found evidence of lower performance among HCs
on select measures of diabetes control (Chin et al., 2000; Shi et al., 2012), Pap test
screening (Shi et al., 2012), diet and exercise counseling (O’Malley & Mandelblatt, 2003),
influenza and pneumococcal vaccinations, and administrative efficiency (Grossman,
Legedza, & Wee, 2008).

The growing demand for high quality, cost-effective primary care under the ACA
and the expanding capacities of HCs—coupled with the shift from predominantly PCMD-
to NP-delivered care in these centers—raise questions about the effectiveness and
comparability of NP care to PCMD care, which motivate this study. While a sizable body

of evidence has evaluated the effectiveness of NP-delivered care in office-based and



inpatient settings,* to my knowledge none have been set in or are specific to HCs. To fill
this gap, using a quasi-experimental design and a repeated cross section of data from the
National Ambulatory Medical Care Survey (NAMCS), | compared NPs’ outcomes to those
of PCMDs in HCs from 2006-2010. Identification was made possible by the availability
of five years of NAMCS visit-level data, an identifier which distinguishes the
practitioner(s) seen, and the multitude of covariates for statistical control.

The paper is organized as follows. Section Il reviews the existing literature on the
comparability of NP-delivered care. Section I11 provides an overview of the data and
measures and Section IV a description of the statistical analysis. | summarize my results
in Section V and, in Section VI, conclude with a discussion of the implications of these

results for policy and practice.

1. Evidence Comparing NPs and PCMDs in Primary Care

The NP role was created in the mid-1960s as demand for primary care grew—
especially in rural and inner city settings—and incentives in income, status, and lifestyle
lured PCMDs into specialty practice (Ford, 1997). Although the role was not intended to
be a replacement for physician care, the conditions—PCMD shortages especially among
vulnerable and “frontier” populations—Iled to circumstances in which NPs substituted in
the delivery of care that had traditionally been provided by physicians (O’'Brien, 2003).

A growing body of evidence examines the extent to which NPs substitute for
PCMDs in the provision of primary care. Straightforward comparisons between NPs and
PCMDs, their patients, and their patient visit characteristics in settings such as physician
offices, group practices, Veteran Health Administration clinics, and HCs suggest more
similarities than differences (Hooker & McCaig, 2001; Morgan, Abbott, McNeil, &

Fisher, 2012; Morgan et al., 2014a; Morgan, Everett, & Hing, 2014b; Roblin, Howard,

+ See Section |1l for a review of this evidence.



Becker, Adams, & Roberts, 2004). For example, both types of practitioners tend to serve
as patients’ primary care practitioners. On average, they order and/or provide a
comparable number of diagnostic tests, medications, and screening, therapeutic and
preventive services. Their patients are similar in terms of race, ethnicity, and diagnoses.
At the same time, patients seen by NPs tend to be younger, are more likely to be female,
are seen more often for preventive care, are less complex, and have been seen fewer
times at the clinic during the last 12 months than those seen by PCMDs or PAs. In
hospital outpatient departments, NP visits are more likely to have Medicaid as their
source of payment as compared to PCMDs (Benitez, Coplan, Dehn, & Hooker, 2015).

A number of studies have compared the supply and utilization of PCMDs and
non-physician clinicians or staffing patterns among them to understand their
comparability. For example, Kasprisin (2011) found that patients were more likely to see
NPs versus family practitioners or pediatricians when their county-level concentrations
(per 10,000) were higher. A 2013 study, which aimed to determine whether visits to
non-physician clinicians in clinics serving adult family medicine patients substituted or
complemented those made to PCMDs, found that patients who made at least one visit to
an NP or PA had a higher odds of also having more than five PCMD visits during the
same time period. While this led the researchers to conclude that NP and PA visits
served as complements rather than substitutes to PCMDs, none of the non-physician
clinicians in the study served as patients’ primary care practitioners making comparisons
imperfect (Rohrer, Angstman, Garrison, Pecina, & Maxson, 2013). Two other studies
reached different conclusions regarding substitutability (Ku, Frogner, Steinmetz, &
Pittman, 2015; Shi et al., 1993). Both studies, which examined staffing patterns in HCs,
found that the number of non-physician clinicians (NPs, PAs, and nurse midwives) was
inversely related to the number of physicians suggesting that these clinicians’ served as

physician substitutes; however, the more recent of these studies also found differences in



patient complexity by practitioner type (i.e., more complex patients being seen by
PCMDs) prompting these researchers to suggest that non-physician clinicians served as
both substitutes and complements to PCMDs (Ku et al., 2015).

While questions about the substitutability of NPs and PCMDs persist, evaluations
comparing the quality of NP- and PCMD-delivered primary care have consistently
demonstrated equivalence in these practitioners’ outcomes. The first clinical trial aimed
at directly comparing NP and PCMD care—referred to as the Burlington Trial—was
conducted in Canada in the early 1970s (Spitzer et al., 1974). Although Canadian health
care practitioner licensing and occupational standards differed from those held by the
United States in 1974, as they do today, NPs who participated in the Canadian trial
received education commensurate with and modeled after programs established in the
U.S. and assumed roles and delivered care that was equivalent to practitioners in this
country (Spitzer, Gilbert, & Kergin, 1975; Spitzer & Kergin, 1973). Ultimately, the study
found that “patients randomly assigned to receive first-contact primary care from a
nurse practitioner enjoy[ed] favorable health outcomes, which [were] comparable to
those of patients receiving conventional care” (Sackett, Spitzer, Gent, & Roberts, 1974,
p.141).

Since the Burlington Trial, dozens of empirical studies, independent evaluations,
and evidence syntheses have verified this trial’s results. Among them, a synthesis of the
evidence published through 1978, which found office-based NP care “indistinguishable
from physician care” (Sox, 1979), and two independent assessments conducted in the
1980s by the Office of Technology Assessment (OTA) at the request of the U.S. Senate
Committee on Appropriations, which found that NP care was associated with improved
access, reduced costs, and equivalent outcomes (LeRoy & Solkowitz, 1981; U.S. Congress,
OTA, 1986). A randomized clinical trial published in 2000—which compared outcomes

among patients randomly assigned to NPs and PCMDs in five primary care clinics—



found them to be comparable (Mundinger et al., 2000). Two systematic reviews, which
synthesized the empirical evidence on NP substitution in primary care through 2002,
concluded that patients who received NP-delivered care were more satisfied, had longer
consultations and had more tests, with no appreciable differences in patient outcomes,
processes of care, or resource use than those receiving PCMD-delivered care (Horrocks,
Anderson, & Salisbury, 2002; Laurant et al., 2005). A structured review published in
2010, which updated the evidence through 2009 and reexamined these authors’
findings, reached similar conclusions (Naylor & Kurtzman, 2010).

In the last five years (2010-2015), ten additional studies—including seven
systematic reviews (Day, Siao, Inadomi, & Somsouk, 2014; Donald et al., 2014; Martin-
Misener et al., 2015; Martinez-Gonzalez et al., 2014; Newhouse et al., 2011; Swan,
Ferguson, Chang, Larson, & Smaldone, 2015; Xue, Ye, Brewer, & Spetz, 2015) and three
randomized experiments (Dierick-van Daele et al., 2010; Houweling et al., 2009;
Schuttelaar, Vermeulen, Drukker, & Coenraads, 2010)—have contributed to the
evidence. Across these studies, NP-delivered primary care has been found to be
equivalent or better than PCMD-delivered care on most processes of care measures (e.g.,
compliance with diabetes practice guidelines, medication adjustments, timely analgesia),
patient outcomes (e.g., mortality, health status, quality of life, adverse events), and
measures of cost and utilization (e.g., cost of consultation, emergency department and
hospitalization utilization, medication costs, total costs) and consistently better in terms
of patient-rated satisfaction. Taken together, these titles span the entire 49-year history
of NP practice in the United States (i.e., 1966-2015) and represent the complete body of
evidence comparing the quality of NP- and physician-delivered care.

While this growing body of evidence compares the quality of NP- and PCMD-
delivered primary care, fewer studies have compared these practitioners’ practice

patterns, and among the evidence which does exist, findings are difficult to interpret



given methodological limitations of these studies and the absence of consensual or
prescriptive guidelines regarding what constitutes appropriate patterns of practice.
Early investigations examined relational patterns, revealing NPs’ tendency to be more
sensitive to patients’ psychosocial needs and deliver more holistic, comprehensive care
than their PCMD-counterparts (Diers, Hamman, & Molde, 1986; Levine, Orr, Sheatsley,
Lohr, & Brodie, 1978). Other studies have documented differences in prescribing
patterns, consultations, imaging services, and education and counseling. For example, a
study comparing NP, PCMD, and PA primary care using NAMCS data from 1995-1999
found that therapeutic and preventive services—including counseling and education—
were ordered or provided at a higher proportion of NP visits than PCMD and PA visits
although there were no differences in the mean number of diagnostic or screening
services such as imaging and laboratory tests, mean number of therapeutic and
preventive services, or the number of medications (Hooker & McCaig, 2001).
Conversely, a study published in 2015 examined Medicare Part B claims and found that
advanced practice clinicians—a category defined by the authors to include NPs and PAs—
ordered more overall imaging services following a qualifying evaluation and
management office visit and more radiography for new and established patients and
more advanced imaging (i.e., nonradiography) for established but not new patients than
PCMDs; however, these researchers’ definition of advanced practice clinician make it
difficult to disentangle the NP effect (Hughes, Jiang, & Duszak, 2015).

Other studies have found that NPs provide more frequent health education and
counseling (Ritsema, Bingenheimer, Scholting, & Cawley, 2014), provide longer—and
more—consultations and converse more with patients during those consultations, and
recommend return visits more frequently than PCMDs (Kinnersley et al., 2000; Seale,
Anderson, & Kinnersley, 2005; Seale, Anderson, & Kinnersley, 2006; Venning , Durie,

Roland, Roberts, & Leese, 2000; Zapka & Kennedy, 1986). Additionally, although there
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were no differences found in the number of medications by practitioner type by Hooker
& McCaig (2001), differences were detected when metropolitan status was considered,
with NPs writing more prescriptions than PCMDs in rural settings (Cipher, Hooker, &
Guerra, 2006). Several other studies comparing NPs and physicians’ practice patterns in
acute care largely confirm those conducted in primary care: NPs are more likely to
interact with patients and their families, encourage patient participation, and provide
patient education (Lambing, Adams, Fox, & Divine, 2004; Rudy et al., 1998; Sidani et al.,
2006).

As the demand for primary care increases under the ACA and as policy makers
contemplate their options for expanding access to primary care, interest in NP-PCMD
practice pattern differences has grown. On April 29, 2014, following the passage of a bill
granting NPs greater independence in New York, a New York Times op-ed by physician,
Sandeep Jauhar, appeared which argued against the action (Jauhar, 2014). At the core
of Jauhar’s arguments were NPs’ relatively more expensive practice patterns. Citing a
1999 study, the physician asserted that patients seen by NPs received 25% more specialty
visits, 41% more hospital admissions, and underwent more ultrasounds and
computerized tomography (CT) and magnetic resonance imaging (MRI) scans than
patients seen by PCMDs (Hemani, Rastegar, Hill, & al-1brahim, 1999). While several
critical aspects of the study were not highlighted—including methodological limitations
which likely introduced bias—the piece underscores the persistent questions about NP
care and the need for objective evidence in response. By comparing the practice patterns
and quality of care of NPs to those of PCMDs in HCs, this study serves as one such

source.
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I11. Dataand Measures

This study uses five years (2006-2010) of repeated cross-sectional data from
NAMCS, a federally-conducted multistage probability sample survey. While the
“traditional” NAMCS sample includes patient visits to office-based physicians practicing
in the United States, beginning in 2006, the annual sample was expanded to include
visits to physicians as well as non-physician clinicians in 104 HCs including FQHCs,
FQHC-LAs, and IHCs.§ Participating HCs are drawn from a roster compiled by HRSA,
which provides federal oversight and funding for the Health Center Program. For every
HC, up to three practitioners are randomly selected to participate in the survey from a
list of all HC physicians, NPs, PAs, and nurse midwives. Subsequently, each practitioner
provides encounter-level data for approximately 30 patient visits during a randomly
assigned one week period. Over the five year period, unweighted, annual response rates,
which account for HC, practitioner and visit response, ranged from 84% (2007 and
2009) to 88% (2006).

For this study, visits made to all HCs (i.e., FQHCs, FQHC-LAs, and IHCs) were
included in the analyses; however, to ensure appropriate attribution of outcomes at the
practitioner level, visits to more than one practitioner (i.e., PCMD+NP; PCMD+PA,;
NP+PA)—which comprised less than 5% of HC visits (author’s analysis)—were excluded.
Furthermore, because the sample includes a relatively small number of nurse midwives
and visits to them (i.e., less than 2% of HC visits; see Morgan et al., 2014b), they were
also excluded from the study sample. This was accomplished by excluding practitioners
who self-identified as nurse midwives in the practitioner-level files and excluding visits
made for prenatal and post-partum reasons—identified by NCHS’ Reason for Visit
Classification codes and International Classification of Diseases, Ninth Revision (ICD-9)

diagnoses—in the visit-level files. The study protocol was approved by The George

§ referred to as the health center strata
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Washington University Committee on Human Research, Institutional Review Board
(IRB #101446).

Several unique features of the NAMCS health center strata make them ideally
suited for exploring the proposed research question. First, the sample includes visits to
NPs, PCMDs, and PAs, enabling direct practitioner comparisons (Morgan, Strand,
@stbye, & Albanese, 2007). Second, the survey’s nested sampling design links patient
visits to the practitioner who provided care. A four-digit practitioner code and an
associated three-digit patient code can be used to identify each “practitioner-patient visit
unit.” Finally, for each patient-practitioner encounter, dozens of visit-, practitioner-, and
HC-level data elements are gathered on standardized data collection forms. These data
elements were used to construct the dependent variables of interest (i.e., quality
indicators and service utilization and referral pattern measures), the primary predictor
of interest (i.e., practitioner type), and covariates for statistical adjustment (e.g., age,
gender, race, ethnicity, payer source).

With the exception of race, ethnicity, and number of past visits, item non-
response rates were below 10%, and for these variables, missing values were imputed by
NCHS data analysts using a model-based, single, sequential regression imputation
method (DHHS, NHCS, 2006-2010). The single imputation approach used by NCHS in
NAMCS has been compared to multiple imputation and found to be as effective at
representing the missing data uncertainty (Lewis et al., 2014). Moreover, to determine
whether imputation introduced bias in this study, descriptive and inferential statistics
were estimated with and without the imputed values for race and ethnicity.”™ Finding
that differences in point estimates were small and differences in direction or statistical

significance were rare, all results presented in Section V include imputed values.

™ These results are available from the author upon request.
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Nine NAMCS-derived outcomes served as dependent variables in this study—
three quality indicators, four service utilization measures, and two referral pattern
measures. The quality indicators were chosen from among nearly two-dozen that have
been previously described, specified, and tested in the scholarly literature (Bishop,
Federman, & Ross, 2012; Chen, Farwell, & Jha, 2009; Goldman et al., 2012; Kale,
Bishop, Federman, & Keyhani, 2013; Linder, Singer, & Stafford, 2003; Ma & Stafford,
2005; Ma, Xiao, & Stafford, 2009; Romano & Stafford, 2011). These measures and their
specifications reflect agreed upon standards of practice derived from formal
recommendations, practice guidelines, and consensus statements of authoritative bodies
such as the U.S. Preventive Services Task Force, National Institutes of Health, medical
societies, and professional associations that promote evidence-based medicine or health
care quality improvement. Additionally, they are consistent with national priorities for
quality improvement (DHHS, 2011) and with the IOM’s general criteria for guiding the
selection of health care performance measures (I0OM, 2006) (Table 2).

Despite their widespread acceptance among stakeholders and their common use
in research and quality improvement, many of the NAMCS-derived quality indicators
apply to narrow populations based on patient age, condition (e.g., congestive heart
failure, asthma, atrial fibrillation), or visit type (e.g., visits receiving physical exams).
These restrictions, combined with the relatively small size of the HC subsample, limited
the number of indicators that could be meaningfully and reliably modeled in this study;
however, an initial subset of 19 indicators was considered viable. After examining the
frequency of eligible visits for each indicator, the three most prevalent were selected for
examination: smoking cessation counseling, depression treatment, and statin treatment
for hyperlipidemia (Table 3).

For the purpose of analysis, each quality indicator assumed a binary form—that

is, based on each indicator’s published specifications, every visit was identified as being
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eligible or ineligible for each quality indicator (1=eligible visit; O otherwise), and each
eligible visit was classified as receiving or not receiving “recommended care” (1=received
recommended care; O otherwise). In all cases, International Classification of Diseases,
Ninth Revision (ICD-9) diagnosis codes, NCHS’ standardized drug classification codes
(Lexicon Plus®, Cerner Multum™), and NAMCS Reason for Visit Classification codes,
disease checkboxes, and other survey items (e.g., diagnostic and screening services
checkboxes) were used to specify each indicator.

In addition to the NAMCS-derived quality indicators, dozens of survey items
address the services ordered or provided during an encounter including diagnostic and
laboratory tests, treatments and surgical procedures, and medications and
immunizations. Other items document visit disposition—that is, the post-visit follow-up
plan for the patient—such as returning to the HC at a specified time or being referred to
a hospital/emergency department. While the majority of these items were not
commonly marked during the study period, four service utilization items—physical
exams, imaging services, medications, and health education services—and two referral
disposition items—return at a specified time, and referral to another physician—were
sufficiently prevalent to reliably model (Table 3). Each measure was separately modeled
assuming either a binary (i.e., 1=service was ordered/provided or referral was made; O
otherwise) or count form (i.e., total number of medications, total number of health

education services).

IV.  Statistical Analysis

Visits were pooled across the five-year study period and summary statistics were
generated to describe both the sample and the population from which the sample was
drawn by practitioner type. NAMCS visit weights—which account for the probability of

selection, non-response, ratio of visits to fixed totals, seasonal adjustments, and outlier
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values—and adjustments for survey design (e.g., clustering) were used to obtain national
estimates.

To test the primary hypothesis—that the quality and practice patterns of NPs are
comparable to those of PCMDs—multivariate regression analysis was used to separately
estimate the impact of practitioner type on each of the nine outcomes of interest. While
estimates were first generated using ordinary least squares (OLS), because of the
constrained nature of the outcomes and their non-normal distributional properties,
different estimators were needed. In this case, maximum likelihood estimation and
logistic regression were used for binary outcomes. Negative binomial regression, which
is preferable to Poisson regression when data are highly variable (i.e., overdispersion;
variances are larger than means) (Gardner, Mulvey, & Shaw, 1995), was used for count
outcomes. Because of presumed heteroskedasticity, robust standard errors were
estimated and reported, which is consistent with contemporary recommendations in this
area (Solon, Haider, & Wooldridge, 2013).

A bottom-up approach to econometric specification was used (Studenmund,
2011). Insimple terms, this meant starting with parsimonious models for each outcome,
which included the predictor of primary interest—that is, practitioner type (PCMD, NP,
and PA) with PCMDs serving as the reference group—and cautiously adding other,
essential patient-, practitioner-, and HC-level covariates based on theory, previous
research, and common sense. In implementing this approach, potential correlates were
initially identified from the evidence including nearly a dozen studies that examined one
or more of the NAMCS-derived outcomes of interest (Abbo et al., 2008; Bishop et al,
2012; Bruen et al., 2013; Chen et al., 2009; Goldman et al., 2012; Kale et al. , 2013;
Linder et al., 2003; Ma & Stafford, 2005; Ma et al., 2009; Nerurkar, Bitton, Davis,
Phillips, & Yeh, 2013; Romano & Stafford, 2011). These included the patient’s age,

gender, race, ethnicity, payer, educational level, number of chronic conditions, number
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of past visits, reason for visit (e.g., preventive care, chronic disease management),
primary diagnosis, whether the patient was new to the HC or had been seen before, and
whether the patient had been referred.™™ Others included metropolitan status (rural,
other), region, visit year as well as practice type (e.g., solo, group; physician office, HC),
practitioner’s employment status (e.g., owner, employee, contractor), physician’s
specialty, and number of managed care contracts. In those cases where variables
reflecting known predictors were not available in NAMCS or missing values limited the
use of an available predictor, reasonable proxies were explored. For example, the
percent of the population with a high school diploma or higher based on the patient’s zip
code was used as a facsimile for patient’s level of education, which is not available in
NAMCS.

In all cases, each variable’s values were closely examined, transformations were
made, and summary statistics and bivariate associations were examined to determine the
strength and direction of associations. Covariates were added—in some cases interacted
with existing predictors and in others as higher power terms—and their expected signs,
statistical significance, contribution to overall fit, and effect on other covariates were
used to diagnose specification error. Along with results from graphical (e.g., scatterplots
of residuals, Lowes graphs, predictive power classification tables and
sensitivity/specificity curves) and statistical tests (e.g., link, Pearson or Hosmer-
Lemeshow goodness-of-fit) to ensure linearity and optimal fit, backward and forward
stepwise regression was used as an adjunct to confirm covariate selection.

Ultimately, the regression models that predicted the quality indicators included
the following covariates: age (less than 1 year—103) and age squared, gender, race (black,

other), ethnicity (Hispanic, other), payer source (private insurance, Medicare,

t Because each quality indicator’s inclusions, exclusions, and contraindications were precisely
specified (see Table 3), these researchers had explicitly not adjusted for additional clinical
characteristics.
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Medicaid/State Children’s Health Insurance Program [SCHIP], self-pay, other),
metropolitan status (rural, other), region (Northeast, Midwest, South, West), number of
chronic conditions (0-11) and nhumber of chronic conditions squared, HC type (FQHC,
other), percent of the population with a high school diploma or higher based on the
patient’s zip code, and visit year. The regression models that predicted each service
utilization and referral pattern measure included these same covariates with one
exception—visit type (new problem, chronic problem, preventive care, pre-/post-surgical
care) was substituted for the number of chronic conditions and number of chronic
conditions squared.

For each outcome, a standard regression model was used, which assumed the

following functional form:

e Bi X;
Pr(Ypn =1) = —(1 N eZ,BiXi)
1
Pr(Yiph = O) = —(1 " eZ,BiXi)
Pr(i¥pn =1) eZBiXi 1

Pr(Yppn = 0) [1 + ezﬁixi] N [1 + eZ,BiXi]

where:
2B, Xi = Bo+ BiNPypp + BoPAipp + P3visitipn + Bapractyyy + BsHCipp +
BeYeari,n + €ipn

i=patient/visit p=practitioner h=health center
Y=quality indicator (binary) OR service utilization measure (binary or count) OR
referral measures (binary)

NP=visit to an NP (binary)

PA=visit to a PA (binary)

visit=vector of visit characteristics (e.g., age, gender, race, ethnicity)
pract=vector of practitioner characteristics (e.g., rural/urban)

HC=vector of health center characteristics (e.g., HC type [FQHC, other])
Year=indicator variable for each year 2006-2010

The term of greatest interest, 3;, reflected the “change in the log odds of receiving
recommended care for X’ (or ‘X’ service; ‘X referral) from an NP compared to care from

a PCMD (reference) in a HC,” holding all else constant.
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Use of NAMCS for causal inference introduces a number of concerns. The
survey’s complex, multistage design and nested structure produce data that do not
conform to the classical statistical assumption of independence. Additionally, because
respondents are sampled with unequal probabilities of selection, each observation is
assigned an inflation factor—referred to as the patient visit weight—which is used to
produce national estimates. While consensus exists regarding the inclusion of such
weights in estimating population descriptive statistics, considerable debate persists
about their use in causal inference (DuMouchel & Duncan, 1983; Gelman, 2007; Hahns-
Vaughn, 2005; Hahns-Vaughn, 2006; Korn & Graubard, 1995; Pfeffermann, 1993; Solon
etal., 2013). At the core of this debate is a healthy tension between design-based and
model-based inference where the former reflects inference based on the distribution of
all possible samples that could have been chosen under the sample design and the latter
reflects inference based on the distribution of the random variable of interest (Bertolet,
Seltman, Greenhouse, & Kelleher, 2003; Heeringa, West, & Berglund, 2010).

While the historical, paradigmatic, and statistical significance of these two
analytical approaches have been previously described (for example, see Bertolet, 2008;
Binder & Roberts, 2003; Gregoire, 1998; Royall, 1968), their distinguishing
characteristics (e.g., parameter of interest, population about which inferences are made;
source and definition of variability)—are summarized in Table 4. Using a design-based
approach, the analyst uses information about the survey design, specifies the method of
variance estimation, and employs sampling weights to “map” the sample back to an
unbiased representation of the survey population. Alternatively, under a model-based
approach, the analyst fits a model, which is assumed to be true—that is, accurately and
reliably accounts for the dependencies and variances—and ignores the sampling design.
While considerable controversy persists about the role of survey weights in model-based

analysis, as described in a seminal text on survey analysis by Heeringa et al. (2010),
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“Within the past 20 years, leading statisticians who approach survey data from a model-
based perspective have endorsed the view that survey weights can serve as a ‘proxy’ for
important features of the sample design that have a bearing on the response variable of
interest” (p. 58). To account for NAMCS' complex survey design and address potential
violations to the classical assumptions, | employed two complementary approaches—one

reflecting each theoretical paradigm—to re-estimate the models of interest.

IV.A. Design-based Survey Inference

The design-based approach relied on variables provided by NCHS in its NAMCS
documentation, which identify the survey design characteristics (i.e., strata and cluster
identifiers, finite population correction), the default methods for handling missing data
and for estimating standard errors—in this case, Taylor linearization—and sampling
weights to “map” the sample back to an unbiased representation of the survey
population. Additionally, because of the constrained nature of the outcomes and their
non-normal distribution, generalized models and maximum pseudolikelihood estimation
(PMLE) techniques were chosen for their efficiency over OLS. As was the case with the
unweighted multivariate regression models, each outcome was modeled separately, and
estimates for each quality indicator controlled for age and age squared, gender, race,
ethnicity, payer source, metropolitan status, region, number of chronic conditions and
number of chronic conditions squared, HC type, percent of the population with a high
school diploma or higher, and visit year. Estimates for each service utilization and
referral pattern measure controlled for these same covariates with visit type (new
problem, chronic problem, preventive care, pre-/post-surgical care) substituting for the
number of chronic conditions and number of chronic conditions squared variables. In
addition, to account for NAMCS’ complex survey design, | adjusted my estimation

approach in two distinct ways.
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First, based on a substantial and growing evidence-base that demonstrates
regional variations in the quality of care in the United States, an assumption was made
that NAMCS’ sampling design could be informative—that is, the survey design which
oversamples respondents from highly populous geographic sampling units, is correlated
with the response variable of interest in this study—that is, quality of care. Findings
from research conducted by Berkowitz Gerstenblith, Herbert, & Anderson (2009), Fisher
& Wennberg (2003), Goodman, Brownlee, Chang, & Fisher (2010), Jencks et al. (2003),
Schroeck et al. (2014), and Zhang, Baicker, & Newhouse (2010) are suggestive of such
patterns. In fact, based on Jencks et al.’s 2003 study of Medicare beneficiaries’ receipt of
recommended care (quality as measured by 24 process indicators) for primary
prevention, secondary prevention, or treatment across six medical conditions (i.e., acute
myocardial infarction, breast cancer, diabetes mellitus, heart failure, pneumonia, and
stroke), the authors concluded that “Some states (particularly less populous and those in
the Northeast) consistently ranked high while others (particularly more populous and
those in the Southeast) consistently ranked low” (p. 1670). So, given the possibility of an
informative design, every model was re-estimated with sampling weights.

Additionally, because weighted point estimates were considerably different than
unweighted estimates, the models were assumed misspecified (DuMouchel & Duncan,
1983), and alternatives, which corrected for possible heterogeneous effects—for example,
running distinct models by visit type, practitioner race, or region—and omitted variable
bias—for example, adding specific covariates—as factors alone and in various
combinations or as quadratics and interaction terms—were tested; however, no evidence
of bias could be detected, and, in some cases, additional covariates reduced the model’s
performance. For these reasons, covariates included in the unweighted models were
retained in the weighted analyses. Stata/SE® 12.1 (2011) was used to run all design-

based models.
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IV.B. Model-based Survey Inference

The model-based approach was anchored in hierarchical generalized linear
modeling (HGLM)—in this case, mixed effects modeling. HGLM offers a “...coherent
modeling framework for multilevel data with nonlinear structural models and
nonnormally distributed errors” (Raudenbush & Bryk, 2002, p. 292). These models
relax standard assumptions and accommodate complex relationships within levels as
well as across levels using separate regression equations—"“one that reflects the
relationship within lower level units, and a second that models how the relationship
within lower level units varies between units” (Woltman, Feldstain, MacKay, & Rocchi,
2012, p. 56). Unlike methods that depend on design-based survey variables, HGLM
allows the difference in outcome within a level to vary across levels (Heeringa et al.,
2010). As applied to this study, which estimated the impact of practitioner type on
quality of care (or practice patterns), a three-level model was chosen to reflect patients’
visits (level 1) being nested within practitioners (level 2) and practitioners being nested
within HCs (level 3). Additionally, a random intercept model was chosen because
observations within levels were more likely to be similar than observations between
levels, and the random intercept separated the overall variance into its level-specific
components. In a notation popularized by Raudenbush & Bryk (2002), each level of the

model can be expressed separately:

X PiX;
Level 1 (visit): Pr(Yy, =1) = (164-;2‘%)‘1)
1
Pr(Yijph =0) = —————=
r( iph ) (1 n eZ,BiXi)
PriY=1)  eXFiXi 1

Pr(Y=10) [14eZBX] - [1+e2Fixi]

where:
2B, Xi = Boipn t+ BriphNPipn + Bipn PAipn + BaipnVisitipn + BaipnYearypn + €ipn
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Level 2 (practitioner): Boipn = Yoon + Hoph

Level 3 (HC): vyoon = Y000 + Hoon

i=patient/visit p=practitioner h=health center
Y=quality indicator (binary) OR service utilization measure (binary or count) OR
referral measures (binary)
NP=visit to an NP (binary)
PA=visit to a PA (binary)
visit =vector of visit characteristics (e.g., age, gender, race, ethnicity)
Year=indicator variable for each year 2006-2010
Hoprn=random level-2 residual
Uoop=random level-3 residual
Taken together, the specification incorporated visit-level fixed effects and random
intercepts, which represented the combined effects of practitioner- and HC-level omitted

variables, and assumed the following functional form:

Z B.Xi = Yooo T BripnVPiph + BoipnPAiph + B3ipnViSitipn + B yipnY €07 i + Uopp + Hogy,
The covariate structure mirrored that which was used for the single-level models, and
because differences had been detected with weighting, each HGLM model was estimated
as a weighted and unweighted function.

In all cases, the coefficient of primary interest was f;, which represented the
“change in the log odds of receiving recommended care for ‘X’ (‘x’ service, X’ referral)
from an NP compared to care from a PCMD (reference) in a HC” holding all else
constant and accounting for the nested structure of these data. However, the multilevel
models provided additional information about the variance components. While these
components were not estimated directly, they were inferred by the intraclass correlation
coefficients (ICCs), which separated the variance components into the (a) proportion of
variance among patients within practitioners (p;), (b) proportion of variance among
practitioners within HCs (p,,); and (c) proportion of variance among HCs (p,,) . For each
model, the variance was decomposed accordingly. Because Stata/SE 12.1 does not

accommodate sampling weights in its multilevel mixed modeling commands,
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Hierarchical Linear and Nonlinear Modeling (HLM) version 7.01 (Scientific Software

International, 2011) was used for all model-based analyses.

V. Results

During the five-year study period, data from 1139 practitioners were collected in
the NAMCS database, a sample which represents nearly 15,000 practitioners
nationwide—69% PCMDs, 21% NPs, and approximately 10% PAs (Table 5). The
distribution of these practitioners by age, ethnicity, HC type, and region did not
significantly vary; however, differences were detected by gender, race, and metropolitan
status. Specifically, there were twice as many female NPs as female PCMDs (92% versus
44%) and more than 1.5 times as many female NPs as many female PAs (92% versus
62%). At the same time, a larger percentage of NPs and PAs were White and worked in
rural HCs than their PCMD counterparts although sample size limitations make these
results imprecise (i.e., coefficients of variation [relative standard errors] > .30).# These
descriptive statistics are consistent with those most recently reported by Morgan et al.
(20144, 2014b) for the NAMCS HC sample over the same five-year period.

After excluding visits to nurse midwives and those to more than one practitioner,
there were 23,704 patient visits, representing nearly 30 million U.S. visits to HCs from
2006-2010 (Table 6). For the most part, visits to NPs were similar to those seen by
PCMDs and PAs. For example, no statistically significant differences were observed by
practitioner type on characteristics including age, race, payer source, HC type, region,

visit type, number of chronic conditions, or number of medications. At the same time,

# NCHS considers an estimate to be reliable if it has a relative standard error of 30 percent or less
(i.e., the standard error is no more than 30 percent of the estimate). The relative standard error
(RSE) of an estimate is a measure of the sampling variability that occurs by chance because only a
sample—rather than the entire universe—is sampled. RSE is obtained by dividing the standard
error of the estimate by the estimate itself and is expressed as a percentage of the estimate.
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there was a 10-percentage point difference by gender (70% versus 59% female) and

metropolitan status (23% versus 10% rural) among visits to NPs and those to PCMDs.

V.A. Quality of Care

Regarding the primary research question and its related hypothesis—that the
quality and practice patterns of NPs are comparable to those of PCMDs—in large part,
there was insufficient evidence to reject the null hypothesis (Tables 7A and 7B). Results
from both unweighted models suggest that visits to NPs were as likely to receive
recommended smoking cessation counseling and recommended statin treatment for
hyperlipidemia as visits to PCMDs (Table 7A). While the adjusted odds of receiving
recommended depression care was lower among NP visits than for PCMDs in the
unweighted, single-level fixed effects model (adjusted odds ratio [AOR] 0.81; 95% ClI
0.67-0.98; p< 0.05), this statistically significant difference did not persist once the
model accounted for the survey’s design. At the same time, weighting—independent of
how adjustments were made to account for the survey’s design effects—increased the
odds of receiving recommended smoking cessation counseling among visits to NPs as
compared to PCMDs. Before weighting, the adjusted odds of receiving smoking
cessation counseling among patients who saw an NP—compared to a PCMD—was 0.85
(95% CI1 0.71-1.02; p=0.08). Once the estimate was adjusted for the probability of
selection, the adjusted odds rose to 1.62 using design-based inference (95% CI 1.16-2.27;
p<0.01), and to 1.80 using model-based inference (95% CI 1.15-2.80; p<0.05).
Collectively, these figures suggest that among adult smokers screened for tobacco use
and determined to be smokers, the odds of receiving recommended smoking cessation
counseling from an NP was more than 1.5 times higher than from a PCMD. Notably, and

regardless of the approach used to account for the survey design and/or sampling
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probabilities, no differences were detected between PCMDs and PAs on any of the

quality of care measures studied.

V.B.  Service Utilization and Referral Patterns

In making comparisons between NPs and PCMDs on their patterns of practice,
statistically significant differences were noted for only one of the six outcomes studied,
and this effect persisted regardless of the approach used to account for the survey’s
design or weighting (Tables 7A and 7B). Specifically, the incidence of health education
services among patients seen by NPs was significantly greater than the incidence among
patients seen by PCMDs. As noted, the statistical significance in this difference persisted
even after weighting while the point estimates actually increased—from 1.18 to 1.40 (95%
Cl 1.19-1.64; p < 0.01) using a design-based approach and from 1.16 to 1.20 (95% CI
1.02-1.40; p < 0.05) using model-based approach. In either case, these figures suggest
that the incidence of receiving health education services was greater among visits to NPs
than to visits to PCMDs.

Notably, more differences were detected in comparisons between PCMDs’ and
PAs’ practice patterns than between PCMDs’ and NPs’ practice patterns although these
largely diminished once the survey’s design and sampling probabilities were
incorporated into the analysis. For example, unweighted estimates suggest that visits to
PAs received more health education services (adjusted incidence rate ratio [alRR] 1.13
[95% CI 1.07-1.20; p<0.01]) and fewer medications (aIRR 0.96 [95% CI 0.93-1.00;
p<0.05]) than visits to PCMDs while they were more likely to receive physical exams
(AOR 1.30[95% ClI 1.11-1.54; p<0.01]) and less likely to receive recommendations for
return visits (AOR 0.87 [95% CI 0.79-0.95; p<0.01]) than visits to PCMDs. With the

exception of differences in the incidence of health education services (alRR 1.28 [95% CI
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1.08-1.52; p<0.01]), these differences did not persist in either of the model-based

analyses, unweighted or weighted.

V.C. Variance Components

The multilevel mixed models provide added insights into the nature of the
variation in these estimates. As previously noted, the intraclass correlation coefficients
(ICCs) decomposed the proportion of total variance that was attributable to each level—
within practitioner (i.e., patient-to-patient), across practitioners, and within HCs. While
the ICC estimates were outcome-dependent (see Tables 7A and 7B), the following applies
generally. First, across these models, there was a tremendous range in the total variance
and how the variance was distributed within and across the hierarchical levels. For
example, the proportion of variance in the number of medications was greater within
practitioners—that is, more of the variation was explained by differences among
patients—than either across practitioners or HCs (0.88 versus 0.04 and 0.07). Atthe
same time, the proportion of variance was much more evenly distributed for
recommended return visits, where the proportion of within practitioner variation was
0.37 compared to the proportion of among practitioner (0.28) or among HC variation
(0.35). Second, for nearly every outcome studied, the proportion of within practitioner
variance (i.e., among patients) tended to be larger than either the across practitioner or
across HC variation. For 8 of the 9 outcomes—the exception being smoking cessation
counseling—the level-1 ICC was greater than either the level-2 or level-3 ICCs. Third,
regardless of the size or distribution of the ICC, in all cases these variances were
statistically significant. Finally, when the models accounted for the sampling
probabilities, these results—both in terms of the size, direction, and distribution of the
variances across levels—persisted. Together, these results suggest that more of the

variation in care (quality, services, and referral patterns) was attributable to within-
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practitioner differences—that is among patients—than to differences either among
practitioners or among HCs.

The ICCs presented in Tables 7A and 7B reflect a general form, which is based on
linear assumptions (e.g., homoskedasticity). As described by Merlo, Chaix, Yang, Lynch,
& Rastam (2005):

In multilevel logistic regression..., the individual level variance and the area level

variance are not directly comparable. Whereas the area level residual

variance...is on the logistic scale, the individual level residual variance... is on the
probability scale. Moreover,...(the individual-level variance) is equal to pi (1—pi)
and therefore depends on the prevalence of the outcome (that is, the probability)

(pp. 291-292).

To adjust for these limitations, a variety of alternative approaches to variance estimation
have been proposed in the literature (for example, see Merlo et al., 2005; Raudenbush &
Bryk, 2002; Wu, Crespi, & Wong, 2012; Zou & Donner, 2004). To better understand
how these alternatives affected the initial estimates, which were derived from binary (or
count) outcomes, | adjusted them using the most straightforward—albeit simplified—
technique.$ This approach, referred to as the “linear threshold model,” essentially
converts the individual level variance from the probability scale to the logistic scale.™ In
making this conversion, while the estimates decreased in their magnitude, the patterns
previously described were not fundamentally altered (e.g., proportion of within
practitioner variance was larger than the across practitioner or across HC variance;
notable differences in the range and distribution of the variance by outcome). That said,

given their possible imprecision—and inflation—the statistical significance of the ICC

values may be overstated.

8 These results are available from the author upon request.
2
" ICCqeneral: P = Too/(fo0 + 67); ICCadjusted: p = Too/(T00 + (n?))
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V.D. Average Probability of Each Outcome

While the adjusted odds ratios presented in Tables 7A and 7B are useful,
interpretative statistics, they are imprecise tools in predicting the probability of the
outcomes of interest (Pepe, Janes, Longton, Leisenring, & Newcomb, 2004; Tajeu, Sen,
Allison, & Menachemi, 2012). To address this limitation, predictive margins are
presented in Table 8. In terms of each quality indicator, these figures estimate the
average probability of receiving recommended care from an NP, PCMD, or PA. Merely
as an example, in terms of depression treatment—where the adjusted odds of receiving
recommended depression care was found to be lower among patients seen by NPs than
among patients seen by PCMDs in the unweighted, single-level fixed effects model—the
predicted probability of receiving such care from an NP was 0.50 compared to 0.55 from
a PCMD (a difference which was statistically different from zero at the 5% level of
significance) and in the weighted, single-level fixed effects model 0.52 compared to 0.61
(a difference which was not statistically different from zero at the 10% level of
significance). In the case of the number of health education services received, the
adjusted incidence rate ratio of 1.18 among patients seen by NPs (unweighted, single-
level fixed effects model) translated to an average predicted number of 0.91 education
services from an NP compared to 0.77 from a PCMD (a difference which was statistically
different from zero at the 1% level of significance) and in the weighted, single-level fixed
effects model 0.96 from an NP compared to 0.69 from a PCMD (a difference which

remained statistically different from zero at the 1% level of significance).

VI. Discussion
Health centers are assuming a greater role in the provision of primary care in the
United States. As safety net providers, they serve millions of low income, uninsured, and

vulnerable Americans each year. While HCs have historically depended on PCMDs to
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deliver the majority of their primary care, more and more, this reliance is shifting toward
the use of non-physician clinicians, especially NPs.

This study offers patients, health care practitioners, policy makers, and the
American public some reassurance that the quality of care delivered by NPs and these
practitioners’ referral and service delivery patterns are largely similar to those of PCMDs.
Across nine different outcomes—three quality indicators, four service utilization
measures, and two referral pattern measures—NP care was found to be largely
equivalent to care delivered by PCMDs. Findings from this study provide evidence that
patients seen by NPs were as likely to receive recommended disease management (e.g.,
statin treatment for hyperlipidemia), as likely or more likely to receive recommended
counseling (e.g., smoking cessation), and as likely to receive preventive care (e.g.,
physical exams), diagnostic services (e.g., imaging), and referrals as patients seen by
PCMDs. At the same time, results reveal that patients seen by NPs were likely to receive
many more health education services than patients seen by PCMDs and potentially less
depression treatment although differences from the national estimates for this latter
outcome were not statistically significant at any conventional level. Beyond the
encouraging signal these findings send to health care decision makers about the
comparability of NP care, the study also fills an important gap in the evidence. That s, it
adds another setting of care to those in which the equivalence of NP care has been
demonstrated.

While the study makes important contributions, it is not without limitations—
limitations imposed by the content of NAMCS and the quality indicators that can be
derived from the survey. For example, although NAMCS collects hundreds of data
elements, important patient, practitioner, and HC characteristics are not routinely
gathered (e.g., patient’s highest level of education, practitioner’s years in practice, and

HC’s size and/or budget), which could introduce omitted variable bias. At the same
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time, many important aspects of care—e.g., patient self-efficacy and activation, care
coordination and transitions, palliative care, restorative care, medication reconciliation
and management—are inadequately addressed. Additionally, while the NAMCS-derived
guality indicators—individually and collectively—address discrete steps in the care
process, they cannot be “added up” to reveal the overall outcomes—or endpoints—of care
nor can they portray the continuity of care. Thus, our understanding of patients’ well
being, functional status, quality of life, self-care management, and experience with care
is incomplete and judgments made about the quality of care during a single visit fail to
reflect care that was provided at earlier or later points in time. Furthermore, while
NAMCS provides useful insights into the provision of care during a single encounter,
cost information is not gathered. This limitation is likely to mask important tradeoffs in
care delivery (e.g., might more health education services delivered by NPs cost more?).
Lastly, because all of the services provided during an encounter are documented on a
single Patient Record Form, the relative contributions of different practitioners—or
different configurations of them (e.g., teamwork, interprofessional collaboration, or
unique staffing models)—cannot be disentangled.

The statistical analysis used makes strong assumptions for the parameter
estimates to be unbiased, and these assumptions may not have been met. For example,
while efforts were taken to distinguish NP visits from PCMD and PA visits, adjust for
NAMCS’ complex survey, and control for confounding, selection bias could have affected
the estimates. Specifically, if patients were not randomly assigned to practitioners
during the study period or if there were systematic differences between visits to NPs and
PCMDs that were unobservable or not properly controlled, estimates might be biased.
For this reason, research that corrects for this bias using econometric tools such as

propensity score matching or instrumental variables should be pursued.
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Patients, practitioners, policy makers, and other health care decision makers
should be particularly mindful of the results presented in Table 8. While these estimates
do not offer particularly novel insights into the comparability of NP and PCMD care, they
do provide an overall “report card” of quality in HCs. Based on these results, patients
routinely received less than one-half of recommended care with considerable outcome-
to-outcome variation (e.g., 24% for recommended smoking cessation counseling from
PCMDs to 61% for depression treatment from PAs). These estimates are generally
consistent with studies that have examined the quality of care in the U.S. across a range
of settings and measures (e.g., Mangione-Smith et al., 2007; McGlynn et al., 2003).
They are also consistent with findings from studies that have relied on the NAMCS-
derived quality indicators (e.g., Goldman et al., 2012; Romano & Stafford, 2011). Taken
together, findings suggest that substantial gaps exist in the quality of care delivered in
HCs.

Finally, while caution should be exercised when interpreting the variance
decomposition results (see Section V.C.), they suggest the presence of considerable
variation in care (quality, services, and referral patterns) that was better explained by
differences among patients than differences across practitioners or HCs. This could
signal that patient characteristics, which might have affected the quality outcomes (e.g.,
diagnostic and laboratory test results, functional status, past history including disease
severity and medication use), were unobservable or inadequately controlled. At the same
time, these findings could signal the magnitude of patient heterogeneity in HCs, the
inadequacy of existing approaches to risk adjustment, and the degree to which variation
in patient quality can—or cannot—be attributable to practitioners and HCs. Notably, a
2013 study by Tyo, Gurewich, & Shepard, entitled, Methodological Challenges of
Measuring Primary Care Delivery to Pediatric Medicaid Beneficiaries Who Use

Community Health Centers, raises some of these same issues. In their study, Tyo and
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her colleagues examined the performance—measured by avoidable emergency
department visits, avoidable hospitalizations, inpatient costs, and outpatient costs—of
HCs serving children on Medicaid in three states including a comparison of the
explanatory power of patient-level and HC-level covariates. Finding that more of the
variation could be explained at the patient level than the HC level, the researchers raised
concerns about the unintended consequences of performance-based payment—that is,
whether rewards might reflect patient homogeneity rather than high performance.
While more analysis is warranted, this study also suggests a need to reconsider
the expectations placed on practitioners and HCs to improve quality and the appropriate
target of performance-based incentives (e.g., patients? practitioners?). At the very least,
findings suggest that improvements in the approaches to quality measurement and
analysis may be needed in order to adequately adjust for patient heterogeneity—for
example, risk adjustment models that explain a greater proportion of observed variation
or quality measures that precisely specify homogenous target populations or that are
customizable to the broad range of patient complexities and patient risks—especially

when estimates will serve as the basis for incentives.
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Table 1: Number and Percentage of Practitioners and Visits in HCs (2007,
2014)

2007 2014
s % of % of
Practitioner Number Medical Number Medical
Staff Staff
Full-Time Equivalents (FTEs)
All medical personnel 36900.83 100% 60893.41 100%
Physicians (primary and specialty) 7994.06 22% 11202.79 18%
Non-physician clinicians 4692.86 13% 9091.80 15%
Nurse Practitioners (NPs) 2677.65 7% 5879.12 10%
Physician Assistants (PAS) 1596.90 4% 2594.06 4%
Nurse midwives 418.31 1% 618.62 1%
Other medical staff (e.g., nurses) 24213.91 66% 40598.82 67%
Number of Patient Encounters
All medical personnel 47,037,267 100% 63,833,609 100%
Physicians (primary and specialty) 30,466,259 65% 36,313,732 57%
Non-physician clinicians 13,459,408 29% 24,577,790 39%
Nurse Practitioners (NPSs) 7,528,154 16% 15,514,610 24%
Physician Assistants (PAS) 4,889,418 10% 7,618,433 12%
Nurse midwives 1,041,836 2% 1,444,747 2%
Other medical staff (e.g., nurses) 3,111,600 7% 2,942,087 5%

HC=health center
Source: Author’s analysis using Uniform Data System (UDS) data files from 2007 and 2014

(HRSA)
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Table 2: Criteria Used in the Development and Selection of Quality
Indicators

General Criteria

1.

The indicators must have a reasonable likelihood of correlating with either improved
patient outcomes or, in the absence of outcome differences, reduced health care
costs.

There should be explicit evidence that the indicator forms a potential quality
standard in the form of either clinical guidelines or reviews of the current literature.
Exceptions to the implied standard must be relatively infrequent (i.e., medication

allergies), identifiable for exclusion from the analysis, or likely to be randomly
distributed across time and the other variables of interest (e.g., race/ethnicity).

Specific Criteria

1.

2.

Variables for the construction of an indicator must be available from the NAMCS or
the NHAMCS for [5] years, with a preference for inclusion of recent years.

Because of the per-visit basis of NAMCS and NHAMCS data, indicators should be
meaningful when measured at individual patient visits; assessment of quality should
not depend heavily on speculation about activities that occur at other visits by the
same patients.

Selected quality indicators should not rely on data elements or subpopulations that
are considered unreliable according to NCHS standards (i.e., sample size<30 or
relative SE >30%).

Source: Ma & Stafford, 2005
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Table 3: Outcomes Studied

Quality Indicators®

1. Smoking cessation counseling (binary)
Numerator: Received smoking cessation intervention (i.e., nicotine replacement
therapy or medications ordered, supplied, administered, or continued and/or
smoking cessation counseling)
Denominator: Visits by adults who were screened for tobacco use and identified
as smokers

2. DepressiOn treatment (binary)
Numerator: Antidepressants ordered, supplied, administered, or continued
and/or psychotherapy or mental health counseling
Denominator: Visits by adults with depression

3. Statin for hyperlipidemia (binary)
Numerator: Statin ordered, supplied, administered, or continued
Denominator: Visits by adults with hyperlipidemia

Service Utilization Measures

4. Physical exam (binary)

5. Total number of health education/counseling services (count)
All of the following services ordered/provided during the visit: asthma,
diet/nutrition, exercise, family planning/contraception, growth/development,
injury prevention, stress management, tobacco use/exposure, and weight reduction

6. Imaging services (binary)
Any of the following services that were ordered/provided during the visit: x-ray,
bone mineral density, CT scan, echocardiogram, and other ultrasound

7. Total number of medications (count)
All of the following that were ordered, supplied, administered or continued during
the visit: prescription and over-the-counter drugs, immunizations, allergy shots,
oxygen, anesthetics, chemotherapy, and dietary supplements

Referral Pattern Measures

8. Return visit at a specified time (binary)
9. Physician (MD) referral (binary)

®Sources: Bishop et al, 2012; Chen et al., 2009; Goldman et al., 2012; Kale et al. , 2013; Linder
etal., 2003; Ma & Stafford, 2005; Ma et al., 2009; Romano & Stafford, 2011
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Table 4: Comparison between Design-based and Model-based Survey

Analysis

Characteristic

Model

Design-based

Model-based

Nature of research
question

Parameter of interest

Population about
which inference is
made

Source and definition
of variability
Distributional
properties

Randomization

Role of survey
weights

relationship between x and y
in probability samples of
population surveyed

finite survey population
mean

specific finite population
which was sampled

fixed; differences across
samples

defined sampling
distribution; distribution of
all possible samples that
could have been chosen
under the sample design
probability samples of finite
population

“maps” the sample back to
representation of the survey
population

model governing relationship
between x and y

expected value of the random
variables

superpopulation quantity;
pairs of (x,y) observations
generated from model
random; model error

model reflecting
dependencies and variance;
distribution of the random
variable of interest

conceptual infinite
superpopulation of y-values
“proxy” for important
features of the sample design
that have a bearing on the
response variable of interest

Source: adapted from Bertolet et al., 2003
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Table 5: Practitioner Characteristics in HCs (2006-2010)" (N=1139%)

Characteristic PCMD NP PA p-
(Nn=742) (n=291) (n=106) value

Age <35 16% 15% 16%

35-44 31% 21% 22% 0.15

45-54 25% 34% 42%

55+ 29% 30% 21%
Gender Female 44% 92% 62% <0.01
Race White 70% 88% 89%

Black 12% 8%* 8%* <0.01

Other 18% 4%* 3%*
Ethnicity Hispanic/Latino 8% 6%* 10%* 0.72
HC type FQHC 89% 96% 91% 0.28
Metro status Rural 11%* 28%* 32%* <0.01
Region Northeast 28% 24% 27%*

Midwest 17% 20% 15%* 0.96

South 25% 29% 24%*

West 31% 27% 34%
NP practice Independent 16% 22% 38%  <0.01
environment
HC=health center PCMD=primary care physician = NP=nurse practitioner PA=physician

assistant  -adjusted for complex survey design and weighted for sampling probabilities
*population of 14,679 practitioners *coefficient of variation/relative standard error > 0.3

noted
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Table 6: Patient Visit Characteristics by Practitioner Type in HCs (2006-
2010)" (N=23,704%)

Characteristic PCMD NP PA p-
(n=15743) (n=5250) (n=2711) value
Age (mean) 35yoa 32 yoa 36 yoa 0.42
Gender Female 59% 70% 57% <0.01
Race Black 32% 30% 26% 0.45
Other 68% 70% 74%
Ethnicity Hispanic/Latino 36% 25% 26% 0.02
Payer source Private insurance 16% 17% 21%
Medicare 14% 8% 11% 0.14
Medicaid 42% 40% 32%
Self-pay 13% 16% 21%
Other 16% 19% 15%
Visit type New problem 40% 40% 46%
Chronic problem 34% 27% 32% 0.15
Preventive care 26% 32% 20%
Pre-/post-surgical 1% 1%* 1%*
Number of None 45% 52% 46%
chronic 1 24% 23% 23% 0.27
conditions 2-3 24% 18% 23%
(mean) >4 6% 7% 8%
Number of past None 3% 6% 3%
visits 1-3 47% 49% 52% 0.03
4-10 42% 35% 38%
>10 8% 10% 7%
Number of None 19% 19% 18%
medications 1 22% 28% 22% 0.50
2-4 35% 34% 37%
>5 23% 20% 23%
HC type FQHC 87% 95% 93% 0.28
Metro status Rural 10% 23% 27%* <0.01
Region Northeast 26% 22%* 24%*
Midwest 17% 14%* 14%* 0.71
South 24% 37% 24%*
West 34% 27% 39%
NP practice Independent 14%* 20%* 30%* 0.05
environment
Primary care None of county 1%* 3%* <1%*
shortage area Whole county 44% 46% 45% 0.70
designation Part of county 55% 52% 55%
Mean % < poverty 18% 18% 16% 0.02
Year 2006 12% 9% 12%
2007 23% 25% 11% 0.33
2008 20% 16% 24%
2009 28% 32% 22%
2010 18% 28% 32%
HC=health center PCMD=primary care physician = NP=nurse practitioner PA=physician

assistant

*population of 29,848,995 visits
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Table 7A: Effect of Practitioner Type on Quality of Care and Practice Patterns in HCs (2006-2010)"

Single-Level Fixed Effects Model (Unweighted) Multilevel Mixed Effects Model (Unweighted)
Adjusted Odds Ratio (CI") Adjusted Odds Ratio (CI")
Outcome NP Visit PA Visit Outcome NP Visit PA Visit
Quality Indicatort
Smoking cessation 0.85 0.94 Smoking cessation 0.87 (0.67-1.12)  0.86 (0.61-1.22)
(n=3882) (071-102) (073-120) (ni:3862; np=735; nh:363») p\i:0.35 ﬁpzolzg** ﬁh:0-36**
Depression treatment 0.81* 1.06 Depression treatment 0.80 (0.64-1.01) 1.02 (0.76-1.38)
(n=2734) (0.67-0.98) (0.82-1.38) (ni=2712; np=678; np=350~) $-0.62 p,-012% (027"
Statin fo_r _ 1.04 1.16 Statin for hyperlipidemia 1.05(0.81-1.36)  1.10 (0.81-1.49)
hyperlipidemia (0.85-1.26) (0.89-1.50) (ni=2732; np=654; n,=346>) . . e A .
(n=2737) p;=0.63  p,-0.22 pr=0.14
Service Utilization and Referral Pattern Measure?
Physical exam 0.98 1.30** Physical exam (ni=21233; 0.85 (0.68-1.05) 1.07 (0.80-1.44)
(n=21296) (0.87-1.11) (1.11-1.54) np=1011; nn=399”) pi=0.43  p,-0.38** [,-0.19**
Health education 1.18** 1.13** Health education services™  1.16** (1.04-1.28) 1.00 (0.88-1.14)
services”™ (n=21153) (1.13-1.23) (1.07-1.20) (ni=20920; np,=1009; ~ ~ ~
nh:399») pl:051 pp:0.17** ph:O.32**

Medications”™ 0.98 0.96* Medications”™ (ni=21233; 0.96 (0.91-1.02) 0.99 (0.91-1.08)
(n=21466) (0.96-1.01) (0.93-1.00) np=1011; Nh=399”) pi=0.88  p,-0.04** 5,-0.07**
Imaging (n=21466) 0.97 1.02 Imaging (ni=21233; 0.94 (0.81-1.10) 1.02 (0.82-1.26)

(0.86-1.09) (0.88-1.19) np=1011; Nh=399”) pi=0.63  p,=0.23** p,-0.14**
Return visit 0.98 0.87** Return visit (ni=21233; 0.88 (0.74-1.03) 0.88 (0.70-1.09)
(n=21466) (0.91-1.06) (0.79-0.95) np=1011; Nh=399”) pi=0.37  p,-0.28** p,-0.35**
MD referral 0.98 1.02 MD referral (ni=21233; 0.92 (0.78-1.09) 1.00 (0.79-1.27)
(n=21466) (0.88-1.08) (0.90-1.17) np=1011; Nh=399~) pi=0.49  p,-0.30** p,-0.22**

HC=health centers NP=nurse practitioner PA=physician assistant MD=physician *p<0.05 **p<o0.01 7QIs controlled for age,
age?, gender, race, ethnicity, payer, metropolitan status (rural), region, # chronic conditions, # chronic conditions2, HC type, % with
HS diploma or higher, and year fservice utilization and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer,
metropolitan status (rural), region, reason for visit, HC type, % with HS diploma or higher, and year “*negative binomial distribution
and adjusted incidence rate ratio reported ’confidence intervals based on robust standard errors p=intraclass correlation coefficient
(pi=patient visit; pp=practitioner; pn=health center) »sample size differences due to missing data within hierarchy (ni=patient/visit;
np=practitioner; ny=health center)
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Table 7B: Effect of Practitioner Type on Quality of Care and Practice Patterns in HCs (2006-2010)"

Single-Level Fixed Effects Model (Weighted)
Adjusted Odds Ratio (CI”)

Multilevel Mixed Effects Model (Weighted)
Adjusted Odds Ratio (CI”)
Outcome

NP Visit PA Visit

Smoking cessation
(ni=3862; np=735; Nnh=363”)
Depression treatment
(ni=2712; np=678; nn=350”)
Statin for hyperlipidemia
(ni=2732; np=654; nn=346)

1.80* (1.15-2.80) 0.95 (0.55-2.64)
pi-0.36  p,-0.27** p,-0.36**
0.72 (0.50-1.04)  1.06 (0.70-1.60)
pi=0.75 p,-0.16  (,-0.09**
0.94 (0.66-1.34)  0.98 (0.61-1.59)

pi=0.67 p,-0.26"* p,-0.07**

Physical exam (ni=21233;
np=1011; Nnn=399”)
Health education services™
(ni=20920; np=1009;
nh=399”)

Medications” (ni=21233;
np=1011; Nnn=399~)
Imaging (ni=21233;
np=1011; Nnn=399”)
Return visit (ni=21233;
np=1011; Nnn=399”)

MD referral (ni=21233;

Outcome NP Visit PA Visit
Quality Indicatort
Smoking cessation 1.62** 1.16
(n=3882) (1.16 -2.27) (0.68-1.97)
Depression treatment 0.69 1.17
(n=2734) (0.46-1.03) (0.70-1.94)
Statin for 0.88 1.03
hyperlipidemia (0.65-1.20) (0.65-1.62)
(n=2737)
Service Utilization and Referral Pattern Measuret
Physical exam 0.97 1.01
(n=21296) (0.72-1.31) (0.71-1.43)
Health education 1.40** 1.28**
services”™ (n=21153) (1.19-1.64)* (1.08-1.52)
Medications™ 0.97 1.00
(n=21466) (0.88-1.07) (0.91-1.10)
Imaging (n=21466) 0.94 1.14
(0.77-1.15) (0.84-1.54)
Return visit (n=21466) 1.05 0.77
(0.76-1.44) (0.52-1.13)
MD referral (n=21466) 1.08 1.17
(0.87-1.35) (0.87-1.56)

np=1011; Nnn=399~)

0.94 (0.70-1.27)  0.94 (0.61-1.46)
;=059  p,-0.39** p{,-0.05**
1.20* (1.02-1.40)  0.91(0.71-1.19)

pi-054  p,-0.19%* [,-0.27**
0.94 (0.86-1.03)  1.03(0.92-1.15)
$=0.90  p,-0.04** (,-0.06**
0.90 (0.70-1.15)  1.16 (0.90-1.49)
pi=0.70  p,-0.17** p,-0.13**
0.96 (0.74-1.25)  0.78 (0.58-1.07)
pi-0.38  p,-0.27** (,-0.35%*
1.05(0.87-1.28)  0.97 (0.75-1.25)
$i-0.66  ,-0.30** p;-0.04**

HC=health center NP=nurse practitioner PA=physician assistant MD=physician *adjusted for complex survey design and weighted
for sampling probabilities *p<0.05 **p<0.01 7QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan status (rural),
region, # chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher, and year tservice utilization and referral
pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit, HC type, %
with HS diploma or higher, and year ~negative binomial distribution and adjusted incidence rate ratio reported ”“confidence intervals
based on Taylor linearized standard errors p=intraclass correlation coefficient (pi=patient visit; py=practitioner; pr=health center)
»sample size differences due to missing data within hierarchy (ni=patient/visit; n,=practitioner; n,=health center)
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Table 8: Predicted Probability of Receiving Recommended Care, Selected Services, and Referrals in HCs by
Practitioner Type (2006-2010)*

Single-Level Fixed Effects Model

(Unweighted)

Single-Level Fixed Effects Model

(Weighted-)

Outcome Predicted Probability (CI”) Predicted Probability (CI”)
NP Visit PCMD Visit PA visit NP Visit PCMD Visit PA visit
Quality Indicatort
Smoking cessation 0.25 0.28 0.26 0.33** 0.24 0.26
(n=3882) (0.22-0.27) (0.26-0.29) (0.22-0.31) (0.25-0.40) (0.19-0.29) (0.16-0.36)
Depression treatment 0.50* 0.55 0.57 0.49 0.57 0.61
(n=2734) (0.46-0.54) (0.46-0.54) (0.51-0.62) (0.41-0.56) (0.52-0.62) (0.50-0.72)
Statin for hyperlipidemia 0.46 0.46 0.49 0.45 0.48 0.49
(n=2737) (0.42-0.51) (0.43-0.48) (0.43-0.55) (0.37-0.54) (0.41-0.56) (0.38-0.60)
Service Utilization and Referral Pattern Measuret
Physical exam (n=21296) 0.12 0.13 0.15** 0.13 0.13 0.13
(0.12-0.13) (0.12-0.13) (0.14-0.16) (0.10-0.15) (0.11-0.15) (0.10-0.15)
Health education 0.91** 0.77 0.87** 0.96** 0.69 0.88**
services”™ (n=21153) (0.88-0.94) (0.75-0.79) (0.83-0.92) (0.78-1.15) (0.57-0.81) (0.73-1.03)
Medications”™ (n=21466) 2.49 2.53 2.42* 2.62 2.70 2.69
(2.43-2.55) (2.49-2.56) (2.35-2.50) (2.25-2.99) (2.43-2.95) (2.36-3.03)
Imaging (n=21466) 0.09 0.10 0.10 0.08 0.09 0.10
(0.09-0.10) (0.09-0.10) (0.09-0.11) (0.07-0.10) (0.08-0.10) (0.07-0.12)
Return visit (n=21466) 0.67 0.67 0.64** 0.69 0.68 0.63
(0.65-0.68) (0.66-0.68) (0.62-0.66) (0.63-0.76) (0.64-0.72) (0.55-0.71)
MD referral (n=21466) 0.13 0.13 0.13 0.14 0.13 0.14
(0.12-0.14) (0.12-0.13) (0.12-0.14) (0.11-0.16) (0.11-0.15) (0.11-0.18)

HC=health center

NP=nurse practitioner
complex survey design and weighted for sampling probabilities

PCMD=primary care physician

PA=physician assistant MD=physician
*p<0.05 (NP or PA versus PCMD) **p<o0.01 (NP or PA versus PCMD)

+adjusted for

tQIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan status (rural), region, # chronic conditions, # chronic
conditions?, HC type, % with HS diploma or higher, and year Zfservice utilization and referral pattern measures controlled for age,
age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit, HC type, % with HS diploma or higher, and year

~negative binomial distribution and adjusted incidence rate ratio reported

intervals adjusted for repeated sampling (see Korn & Graubard, 1999)
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Chapter 2: Are Tradeoffs between the Quantity of Care and the Quality of Care
Made by Practitioners in Health Centers?
Abstract

Nearly 50 years ago, Joseph Newhouse introduced the idea that the preferences
of health care decision makers are defined over the quantity and quality of care. In basic
terms, Newhouse’s theory asserts that quantity and quality are jointly determined within
the decision maker’s budget constraint, and that decision makers can make deliberate
decisions to increase quantity by reducing quality. Whether such tradeoffs are made by
health care practitioners in practice is the subject of this study.

Using five years of cross-sectional data from the community health center (HC)
subsample of the National Ambulatory Medical Care Survey (NAMCS) and multivariate
regression analysis, | estimated changes in the quantity of care for each unit increase in
quality. Although imperfect, | used visit length as a measure of the quantity supplied
and 11 NAMCS-derived measures of guideline-consistent care (QIs)—alone and
combined into a composite—as measures of quality. Additionally, the relationship
between the quantity of care (i.e., visit length) and the content of care (i.e., services that
are frequently delivered in primary care) was also examined.

Before correcting for endogeneity—a byproduct of the two-way causal
relationship between quantity and quality—an increase in quality was associated with a
small change in visit length but in only a few instances and under a few conditions were
these associations statistically significant. For example, when using an endogenous
predictor, receiving recommended care for one additional QI (when qualifying for 2 QIs)
was associated with a 0.06 minute increase in visit length among visits to all primary
care practitioners (physicians, nurse practitioners [NPs], and physician assistants) and a
1.99 minute increase in visit length among visits to NPs only. Once exogenous predictors

were introduced, variables that were not correlated with the others being modeled,
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receiving recommend care for an additional QI increased visit length much more
substantially—that is, by more than 8 minutes in the combined sample and by more than
9 minutes in the NP-only sample. Despite the sizable change in the magnitude of these
effects, these estimates were not statistically significant at any conventional level
(p=0.121 [combined sample]; p=0.281 [NP-only sample]). Thus, while ignoring
endogeneity may result in an underestimation of Newhouse’s tradeoff effect, the absence
of statistically significant effects even after adjusting for endogeneity suggests that
quantity-quality tradeoffs may not be made by HC clinicians in practice, that correcting
for endogeneity may be unnecessary, or that the exogenous predictors were not
sufficiently strong to correct the presumed bias.

At the same time, strong, positive, and statistically significant relationships
between the quantity and content of care were found. For example, receiving a physical
exam or an additional health education service—increased visit length by approximately
3 minutes and 35 seconds, respectively. Taken together, findings from this study suggest
that certain services—many of which are the essence of primary care—require
significantly more practitioner time than others but that providing more quality

independent of those services generally does not.
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l. Introduction

Health care in the United States is known to be error-prone, highly fragmented,
and inefficient (Institute of Medicine [IOM], 2001). For example, it has been estimated
that only 55 percent of adults—and a smaller percentage of children (i.e., 47 percent)—
receive recommended preventive, acute, or chronic care (Mangione-Smith et al., 2007;
McGlynn et al., 2003). Other studies have documented widespread variation in both the
delivery of health care and the outcomes produced (Wennberg, 2014; Wennberg &
Gittelson, 1973). These performance differences are magnified for vulnerable patients
whose age, race, ethnicity, or socioeconomic status put them at high risk for chronic
disease and create barriers in access and affordability (U.S. Department of Health &
Human Services [DHHS], Agency for Healthcare Research and Quality [AHRQ], 2014;
IOM, 2002). For example, colorectal cancer screening rates are significantly lower among
uninsured adults than those with health insurance; residents of low-income
neighborhoods experience more hospitalizations than those in more affluent areas; and
premature death rates from cardiovascular disease and stroke are higher among black
adults than those of other racial groups (DHHS, Center for Disease Control and
Prevention [CDC], 2013).

While these lapses and inequities have significant implications, broadly, they may
have specific consequences for 20 million low-income patients—approximately 23% of
whom are uninsured and 64% who are immigrants or minorities—who receive their care
at community health centers (from here on, referred to as “health centers”) including
Federally Qualified Health Centers (FQHCs), “look-alike” health centers (FQHC LAs), and

Indian Health Centers (IHCs)t. Health centers are community-based organizations

" FQHCs are organizations that under section 330 of the Public Health Service Act, as amended,
receive grants under the Health Center Program. FQHC-LAs are health centers that function

similarly to FQHCs, but without federal designation and eligibility for Section 330 grant support.
IHCs are outpatient health programs/facilities operated by tribal organizations under the Indian
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located in medically underserved areas and are considered safety net providers by virtue
of their disproportionate share of uncompensated and publicly funded care (Doty,
Abrams, Hernandez, Stremikis, & Beal, 2010; Hicks et al., 2006). Insurance expansion
under the Affordable Care Act (ACA) has increased the overall demand for primary care
and, in particular, accelerated the growth of HCs (Ku, Jones, Shin, Byrne, & Long, 2011).
These trends have been accompanied by a shift in the complement of HC staff—from an
historical reliance on primary care physicians (PCMDSs) to an increasing dependence on
non-physician clinicians—that is, nurse practitioners (NPs), physician assistants (PASs),
and certified nurse midwives (Proser, Bysshe, Weaver, & Yee, 2015). While HCs have
seen growth in each segment of their non-physician clinician workforces, NPs—nurses
who have advanced clinical education (i.e., masters or doctoral degrees) beyond their
professional registered nurse preparation and are certified by a national certifying body in
an area of specialty (American Association of Nurse Practitioners [AANP], n.d.)—
comprise the largest and most rapidly growing segment and are providing an increasingly
large proportion of patient care (Morgan, Everett, & Hing, 2014a; Morgan, Everett, &
Hing, 2014b; Proser et al., 2015).

Studies that have examined HC performance have generally found that their
quality is equivalent or better than care delivered in other primary care settings (e.g.,
physician offices) (Bruen, Ku, Lu, & Shin, 2013; Falik, Needleman, Wells, & Korb, 2001;
Goldman, Chu, Tran, Romano, & Stafford, 2012; Paradise, Shin, Sharac, & Rosenbaum,
2013; Shi & Stevens, 2003; Starfield et al., 1994); however, low level and below
benchmark performance on some indicators has been reported. For example, studies
comparing care delivered in HCs to either national goals or care provided in other

primary care settings (e.g., physician offices, hospital outpatient departments) have found

Self-Determination Act, P.L. 96-638 or urban Indian organizations under the Indian Health Care
Improvement Act, P.L. 94-437.
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evidence of lower performance among HCs on select measures of diabetes control (Chin
et al., 2000; Shi, Lebrun, Zhu, Hayashi, et al., 2012), Pap test screening (Shi, Lebrun,
Zhu, Hayashi, et al., 2012), diet and exercise counseling (O’'Malley & Mandelblatt, 2003),
childhood immunization rates (Schempf, Politzer, & Wulu, 2003), influenza and
pneumococcal vaccinations, and administrative efficiency (Grossman, Legedza, & Wee,
2008).

Despite sustained national attention on performance, generally, and HC care,
specifically, to my knowledge, no study has examined whether practitioners make
tradeoffs between the quantity of care and the quality of care they provide in this setting;
yet, there are strong theoretical and empirical justifications to expect such tradeoffs exist.
Early contributions to this evidence base were made by economist Joseph Newhouse. In
a seminal paper entitled, Toward a Theory of Nonprofit Institutions: An Economic
Model of a Hospital (1970), Newhouse introduced the idea that the preferences of
hospital decision makers are defined over the quantity and quality of output. In
Newhouse’s model, quantity and quality are jointly determined within the budget
constraint faced by the decision maker. The implication of this assumption is that a
deliberate decision can be made to increase quantity by reducing quality; although,
according to Newhouse, whether the decision maker actually makes that choice
“...depends on how much inferior qualities will increase quantity and on how much
weight the decision-maker gives quantity relative to quality” (1970, p. 69). Related works
by Martin Feldstein (1970, 1971) and Uwe Reinhardt (1972) empirically test Newhouse’s
theory. In doing so, they explained hospital price inflation and inefficiencies in the
pricing and production of physicians’ services extending Newhouse’s conceptualization
beyond the hospital setting.

The primary motivation for this study is to explore whether evidence of this

phenomenon exists in HCs. Specifically, it explores the relationship between quantity
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and quality in HCs and determines whether tradeoffs made by HC practitioners—PCMDs,
NPs, and PAs—might be explained by Newhouse’s model. The paper is organized as
follows. Section Il reviews the existing literature on the quantity-quality tradeoff in
primary care. Section Ill provides an overview of the data and measures used, and
Section IV describes the statistical analysis. | summarize my results in Section V, and, in
Section VI, conclude with a discussion of the implications of these results for policy and

practice.

1. Evidence Examining the Relationship between Quantity and Quality in
Ambulatory Care

Conventional search methods were employed to identify original research
published in English through October 2015, which examined the relationship between
health care quantity and quality in ambulatory care settings. Five bibliographic
databases—which ensured sufficient coverage of diverse subject areas and academic
disciplines—were employed (i.e., PubMed, EconLit, JSTOR, Business Source Complete,
and ProQuest). Combinations of search terms were used, drawn from each database’s
standardized indexing terminology: productivity, organizational efficiency, workload,
personnel, staffing and scheduling, quality of care, ambulatory care, community health
centers, primary care, and nurse practitioner. Each title generated from the search was
screened at the abstract level, and those deemed most relevant were retrieved in full-text.

This primary strategy was augmented in two ways. First, scholarly papers related
to each of the most relevant titles from the primary search were identified using each
database’s “related citation” functions. Additionally, and in recognition that quantity
and quality are jointly determined, supplemental searches were conducted incorporating
terms which reflected concepts such as endogeneity, quality-quantity tradeoff,

simultaneity, and instrumental variables (I1Vs). Because of differences in other countries’
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regulatory and payment environments, studies conducted outside the United States were
excluded. Additionally, four studies that examined the components of care, but not their
adequacy (Abbo, Zhang, Zelder, & Huang, 2008; Bruen et al., 2013; Nerurkar, Bitton,
Davis, Phillips, & Yeh, 2013; Tai-Seale et al., 2007), were reviewed but excluded from
formal synthesis on the basis that these reflect “units of clinical decision making” (Tai-
Seale, McGuire, & Zhang, 2007, p. 1872) rather than clinical endpoints or outcomes.

Ultimately, nine heterogeneous titles were retained from this combined search
strategy. All nine were conducted in ambulatory settings although two were limited to
pediatric populations (Halfon, Stevens, Larnson, & Olson, 2011; Menachemi, Yeager,
Welty, & Manzella, 2015), two to veterans in Veterans Health Administration clinics
(Mohr, Benzer, & Young, 2013; Mohr & Young, 2012), one to adult patients in an
outpatient surgical clinic (Teunis, Thornton, & Jayakumar, 2015), and one to patients in
dialysis centers (Grieco & McDevitt, 2014). Beyond setting, the studies were
heterogeneous in other ways. For example, patients served as the unit of analysis in
seven studies while clinics or centers served as the unit of analysis in the other two
(Grieco & McDevitt, 2014; Mohr & Young, 2012). Additionally, neither standard
measures of quantity nor quality were consistently employed, making it difficult to draw
conclusions across these papers. Despite these differences, several recurring themes and
common patterns emerged from this evidence-base.

First, visit duration—specified as ‘time spent'—was used as the measure of
quantity in five of the nine studies (Chen, Farwell, & Jha, 2009; Geraghty, Franks, &
Kravitz, 2007; Halfon et al., 2011; Linder, Singer& Stafford, 2003; Teunis et al., 2015)
and served as the dependent variable in three** (Chen et al., 2009; Geraghty et al., 2007;

Linder et al., 2003). Among the other studies, quantity was operationalized to mean

#1 In two of these studies the researchers log transformed visit duration because of its non-
normal distribution (Geraghty et al., 2007; Linder et al., 2003).
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workload (Mohr et al., 2013; Mohr & Young, 2012), productivity (Menachemi et al.,
2015), or patient load (Grieco & McDevitt, 2014).

Second, patient-rated perception of care or satisfaction with care was most
commonly used to reflect quality although measures differed by construct (e.g.,
satisfaction with communication, likelihood to recommend, patient complaints),
response options (10-point versus 5-point scale), and source (e.g., Consumer Assessment
of Healthcare Providers and Systems survey, National Survey of Early Childhood Health,
VA Survey of Healthcare Experiences of Patients). In all but one of these studies (Teunis
et al., 2015), patient satisfaction with or perception of quality were positively associated
with visit length (Geraghty et al., 2007; Halfon et al., 2011) and inversely related to
practitioner workload (Mohr & Young, 2012; Mohr et al., 2013).

In addition to patient-rated quality, seven studies used one or more process of
care measure to represent quality. These can generally be categorized as measures of
medication quality—for example, prescribing a beta-blocker for coronary artery disease
or a statin for hyperlipidemia (Chen et al., 2009; Linder et al., 2003; Menachemi et al.,
2015)—or measures of screening and/or counseling quality—for example, providing
depression screening, blood pressure monitoring, or developmental assessment (Chen et
al., 2009; Geraghty et al., 2007; Halfon et al., 2011; Menachemi et al., 2015; Mohr &
Young, 2012). While the individual process measures differed, findings were quite
consistent—that is, visit length was not associated with measures reflecting medication
quality but was positively associated with measures of screening and/or counseling
quality. For example, Chen et al. (2009) found that longer visits were not statistically
associated with any of the six medication quality measures modeled, but she and her
colleagues found that visits in which practitioners provided appropriate
screening/counseling were significantly longer than visits in which that care was not

provided. This pattern, which was echoed in a systematic review on this topic (Wilson &
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Childs, 2002), demonstrates that visit length matters if achieving quality requires labor-
intensive patient counseling or preventive care.

One study included in this review employed a clinical outcome as its measure of
quality (Grieco & McDevitt, 2014). In this case, the researchers examined the effect of
patient load on hospitalizations due to blood stream infections among dialysis patients
and found that dialysis centers made tradeoffs between the number of patients they
treated and the-quality of care they provided. Specifically, Grieco & McDevitt write, “We
find that centers may treat 1 percent more patients by allowing their expected infection
rate to increase by 0.8 percentage points (6 percent), holding inputs and productivity
fixed” (p. 1). Notably, this study is the only one among the nine reviewed that
acknowledged endogeneity as a possible threat and worked to remedy it employing a
structural model of dialysis production that incorporated a center’s “quality-choice"

stage and allowed for unobserved differences in productivity across centers.

I1l. Data and Measures

Five years of annual survey data from the National Ambulatory Medical Care
Survey (NAMCS)—a federally conducted, national probability sample survey of visits to
office-based physicians in the United States—were used in this study. While the
“traditional” NAMCS sample includes visits to physician practices, beginning in 2006,
the National Center for Health Statistics (NCHS), which conducts NAMCS, expanded the
sample to include a stratum of visits to a broader complement of primary care
practitioners—PCMD, NPs, PAs, and nurse midwives—in HCs.88¢ The survey uses a
multistage sampling procedure, first selecting 104 HCs from a roster provided by the
Health Resources Services Administration (HRSA), the federal agency that administers

the Health Center Program. At stage-2, up to three practitioners—among all PCMDs,

888 referred to as the health center strata
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NPs, PAs, nurse midwives—are selected within each HC based on a visit volume-derived
skipping pattern. Finally, approximately 30 patient visits to each practitioner are
sampled during a randomly assigned week making the unit of analysis the “practitioner-
patient visit unit.” Because of confidentiality concerns, these data are not released in
NCHS’ public use files but are available through its Research Data Center. For this
study, NAMCS’ in-house data files were accessible through an NCHS-sponsored
fellowship. Over the five-year study period, unweighted, annual response rates, which
account for HC, practitioner and visit response, ranged from 84% (2007 and 2009) to
88% (2006).

While visits made to all HCs (i.e., FQHCs, FQHC-LAs, and IHCs) were included
in the sample, several exclusions were made to minimize visit-level heterogeneity and
ensure appropriate assignment of accountability at the practitioner level. As it relates to
the former, practitioners who self-identified as nurse midwives in the practitioner-level
files—Iless than 2 percent of the sample (Morgan et al., 2014b)—and visits made for
prenatal and post-partum reasons in the visit-level files—identified by NCHS’ Reason for
Visit Classification codes and International Classification of Diseases, Ninth Revision
(ICD-9) diagnoses—were excluded. As it relates to the latter, visits to more than one
primary care practitioner (i.e., PCMD+NP; PCMD+PA; NP+PA), which comprised less
than 5% of HC visits (author’s analysis), were excluded although visits to a primary care
practitioner and one or more non-advanced practice clinician (e.g., registered nurse,
licensed practical nurse, mental health provider) were retained. The study protocol was
approved by The George Washington University Committee on Human Research,
Institutional Review Board (IRB #101446).

NAMCS collects dozens of data elements at each stage of the sampling process—
that is, visit-, practitioner-, and HC-level variables. These data elements were used to

construct the dependent variable (i.e., quantity of care), independent variable of interest
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(i.e., quality of care), and covariates for statistical control (e.g., age, gender, race,
ethnicity, payer source). A number of conceptual and practical problems were
confronted in defining and specifying these variables, which are summarized in the

sections that follow.

I11.A. Defining and Specifying Quantity

In broad terms, quantity is reflected in the number of cases treated; however,
even Joseph Newhouse (1970)—who introduced the notion that health care decision
making involves choices about the quantity and quality of care—recognized that
heterogeneity among providers in their services and products made any straightforward
indicator imprecise. While published studies have employed a range of measures—e.g.,
patient load, number of encounters, panel size (i.e., number of assigned patients per
practitioner), full-time equivalents (FTEs), and workload (see Section Il1)—each has
limitations. For example, in its oversight of the Health Center Program, HRSA avoids
measuring the number of visits because of the potential disincentive it creates among
clinicians to use phone consultations or virtual/electronic visits or to provide resource—
intensive services such as preventive care (DHHS, Health Resources and Services
Administration [HRSA], 2012). Measuring the number of visits or encounters also fails
to account for patient severity or case mix and discounts the effectiveness of the care
provided (Kearnes, 1992; Shi, Frick, Lefkowitz, & Tillman, 2000).

Alternative measures are similarly limiting. For example, using FTEs as a
measure of quantity does not account for variations in staffing across program
components (Community Health Care Association of New York State [CHCANYS],
2013). The ratio of one practitioner group to another (i.e., NPs to PCMDs; PAs to
PCMDs, or NPs to PAs) effectively reflects HCs’ team-based delivery model but does not

disentangle the separate contributions of each practitioner group to care (National
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Association of Community Health Centers [NACHC], The George Washington University
School of Public Health and Health Services [GW], and Robert Graham Center, & Robert
Graham Center, 2008). Moreover, panel size—without some measure of timeliness (e.g.,
time to appointment)—does not account for appointment delays, which could
accompany an increase in the number of patients seeking treatment on any individual
practitioner’s panel (Liu, Finkelstein, & Poghosyan, 2014). Then again, the number of
hours a practitioner provides patient care without accounting for the total number of
hours worked effectively ignores the time practitioners might spend on administrative
tasks, which could be substantial and a reflection of inefficiency (Duck, DeLia, & Cantor,
2001).

Aside from the lack of consensus regarding how quantity should be measured and
inconsistencies in the evidence base regarding how the concept has been operationalized,
NAMCS data collection procedures introduce inconsistencies in the rate of practitioner
input (i.e., practitioner’s time). For example, only practitioners who do not see any
ambulatory patients are excluded from the sample. As a result, practitioners whose
primary function is patient care and who work five, 8-hour days per week contribute
data to NAMCS as do practitioners whose responsibilities are more varied and who work
fewer days/week or fewer hours/day. This introduces heterogeneity and inconsistency in
how the most readily available NAMCS-derived measures of quantity are constructed
(e.g., number of visits, number of days patients were seen by the practitioner, number of
visits per day, number of Patient Record Forms completed). To avoid introducing
measurement error, visit length (in minutes)—which is the smallest and most
standardized unit of output available among the survey’s variables—was chosen to
represent the quantity supplied. While imperfect, this choice is consistent with other

researchers who have used NAMCS data to examine the relationship between quantity
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and quality (for example, see Chen et al., 2009; Geraghty et al., 2007; Linder et al.,
2003; Morgan et al., 2014b).

While there are obvious shortcomings to using ‘visit length’ as a measure of
guantity, NCHS’ specification of this variable introduces additional challenges. For
example, the measure is standardized to include the time each practitioner spends with
the patient but not the time the patient spends waiting, the time the practitioner spends
preparing for the patient visit (e.g., reviewing medical records), or the time the patient
spends receiving care from someone other than the practitioner (e.g., a technician
administering an electrocardiogram). These traditions discount the possibility that time
spent planning or preparing for patient encounters—for example, reviewing diagnostic
test results before seeing a patient—or maintaining clinical expertise—for example,
reviewing the literature or participating in continuing education programs—could be
vital to quality. As a result, the NAMCS measure of visit length is relatively crude and
insensitive to the full complement of inputs that contribute to practitioners’ quantity-
quality tradeoff decisions.

Additionally, NCHS instructs its data recorders to document “0” minutes on the
NAMCS Patient Record Form when a patient visit occurs, but the patient is not seen by a
practitioner. Although this procedure might introduce bias under different
circumstances, this particular coding practice was not problematic in this study because
the sample was limited to only visits that were attended by an NP, PCMD, or PA.

Finally, NAMCS’ visit length variable has been previously criticized for its
imprecision. A 2004 study found that physicians surveyed in NAMCS typically
overestimated visit length (Gilchrist, Stange, Flocke, McCord, & Bourguet, 2004). This
imprecision is compounded by historically low response rates for this variable. During
the study period, an excess of 10% of values for visit length—as well as values for other

variables including race, ethnicity, and number of visits in the past 12 month—were
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coded as missing. To account for these non-response rates, NCHS data analysts imputed
missing values using a model-based, single, sequential regression imputation method
(NHCS, 2006-2010). While findings from a recent study comparing NCHS’ approach to
a multiple imputation approach with NAMCS data found these methods to be equivalent
at representing the missing data uncertainty (Lewis et al., 2014), because visit length
served as the response variable in this study, its high imputation rate was concerning.
To determine the extent that NCHS’ imputation of visit length introduced bias,
descriptive and inferential statistics were re-estimated accounting for imputed values.™"
While point estimates differed, in nearly every case, no differences were detected in the

coefficient’s sign or its statistical significance. Consequently, all results presented in

Section V include imputed values.

I11.B. Defining and Specifying Quality

Additional considerations were confronted in deciding how to model the quality
of primary care despite the availability of nearly two dozen NAMCS-derived quality
indicators (Qls), which have been previously described, specified, and tested in the
scholarly literature (Bishop, Federman, & Ross, 2012; Chen et al., 2009; Goldman et al.,
2012; Kale, Bishop, Federman, & Keyhani, 2013; Linder et al., 2003; Ma & Stafford,
2005; Ma, Xiao, & Stafford, 2009; Romano & Stafford, 2011), and which reflect agreed
upon practice guidelines and consensus standards from authoritative bodies, are
consistent with national priorities for quality improvement (DHHS, 2011), and conform
to criteria established for of the selection of health care performance measures (I0OM,
2006) (Table 1).

Notwithstanding their widespread acceptance among stakeholders and their

common use in research and quality improvement, these quality indicators have typically

~** These results are available from the author upon request.
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been specified as separate dichotomous variables—that is, every visit is identified as
being eligible or ineligible for each QI (1=eligible visit; O otherwise), and eligible visits
are classified as receiving or not receiving “recommended care” (1=received
recommended care; O otherwise). In this form, they are one-dimensional and fail to
account for interdependencies among quality outcomes—for example, decisions
regarding the quality of depression care might compromise those regarding the quality of
asthma care. This implies the need for a more global, multidimensional measure of
quality rather than a cadre of narrower process and outcome indicators.

Additionally, there is a significant loss of information when taking an entire
range of quality variation and restricting it to values of either 1 or 0. In this case,
“dichotomizing” the continuous data is likely to reduce the accuracy and precision of the
estimates (Steiner, 2002). Consequently, composite measures of quality—defined as
“the combination of two or more measures into a single score to simultaneously
represent multiple aspects of provider performance.” (Eapen et al., 2011, p. 610)—were
explored for use in this study.

Composite measures provide patients, practitioners, and other health care
decision makers an aggregate score of quality, which helps reduce the cognitive burden
associated with reconciling multiple—or conflicting—performance dimensions (Romano,
Hussey, & Ritley, 2010). As a first step in generating such an indicator, specifications for
each NAMCS-derived measure were closely examined, and those that applied to only a
fraction of visits—because of the relative size of the HC subsample and the low
prevalence of selected conditions (e.g., chronic obstructive pulmonary disease,
congestive heart failure, atrial fibrillation; see Hing & Uddin, 2010)—were excluded from
consideration. The remaining 11 measures were retained for composite development
(Table 2). In all cases, International Classification of Diseases, Ninth Revision (ICD-9)

diagnosis codes, NCHS’ standardized drug classification codes (Lexicon Plus®, Cerner
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Multum™), NAMCS Reason for Visit Classification codes, disease checkboxes, and other
survey items (e.g., diagnostic and screening services checkboxes) were used to specify
each indicator. '

Various approaches to composite development and computation—for example,
“defect-free” scoring (i.e., number of patients who received all recommended care
processes [numerator] out of the total number of patients eligible for recommended care
processes [denominator]) and “opportunity scoring” (i.e., number of times
recommended care processes were performed [numerator] out of the total number of
instances in which care processes were recommended [denominator])—have been
described and tested in the literature (Eapen et al., 2011; Reeves et al, 2007). While a
variety of these approaches were considered, the structure of these data diminished their
appeal or rendered them largely irrelevant. For example, because NAMCS Qls typically
apply to narrow populations—defined by age (e.g., diet or exercise counseling for
adolescents), condition (e.g., weight reduction counseling for overweight adults),
diagnosis (e.g., inhaled corticosteroid for children with asthma), or visit type (e.g., adults
who did not receive routine screening tests during physical exams)—each QI applied to a
fraction of visits. The majority of patients in the combined sample failed to qualify for
even 1 Ql, and only 17% qualified for smoking cessation counseling, the most prevalent
of the 11 Qls. Among the minority of patients who qualified for an indicator, 29%
qualified for 1 QI, 11% qualified for 2 Qls, and only 3% qualified for 3 Qls. Additionally,
the proportion of patients who received recommended care for any single QI was
relatively small—between 25-50% of eligible patients received recommended care for any
of the 11 Qls—although exceptions did exist. This effectively eliminated the possibility of
creating “thematic” composites as Chen and her colleagues had done (Chen et al.,

2009)—for example, one reflecting medication quality and a second reflecting

11t Appendix A provides detailed specifications for each QI.
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screening/counseling quality—and meant that a high proportion of patients would
receive a “0” score on any composite, regardless of its construction.

Given these constraints, the composite generated for this study assumed a count
form and had as its denominator all patients in the sample who qualified for 2 Qls. On
that basis, patients who were eligible for 1 QI or eligible for 3+ Qls were excluded from
estimates involving the composite. The composite’s numerator assumed one of three
values—that is, O, 1, or 2. Among patients who were eligible for 2 Qls, but who failed to
receive recommended care for either Ql, the variable was coded “0.” For patients who
were eligible for the composite and received recommended care for 1 QI, the variable was
coded “1.” The variable was coded “2” for patients who were eligible for 2 Qls and
received guideline-consistent care on both. Thus, regressing visit length on the
composite measure of quality resulted in a coefficient, which was interpreted to mean
“the change in visit length (in minutes) associated with receiving recommended care for
1 additional QI when eligible for exactly 2 QlIs (‘recommended care for +1 QI’).”

While this composite measure of quality was the primary predictor variable,
several other NAMCS-derived measures were sufficiently prevalent to reliably model
(Table 2). These included four service utilization measures (i.e., receipt of a physical
exam or an imaging service, number of medications, and number of health education
services), two visit disposition measures (i.e., return at a specified time, physician
referral), and three of the NAMCS-derived process of care measures as individual
markers of quality (i.e., smoking cessation counseling, depression treatment, and statin
for hyperlipidemia). Each of these predictors assumed either a binary (i.e., 1=service was
provided or referral was made; O otherwise) or count (i.e., total number of medications,

total number of health education services) form.
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IV.  Statistical Analysis

Across the five year study period (2006-2010), visits to all practitioners (NPs,
PCMDs, and PAs) were pooled and summary statistics were generated to describe the
sample and the population from which it was drawn by practitioner type. Based on the
particular phenomenon of interest—tradeoffs in the quantity and quality of care—
statistics were also generated to describe visit length, the delivery of recommended care
(vis-a-vis the composite), and the relationship between them. National estimates were
obtained by adjusting for NAMCS’ complex survey design and sampling weights, which
account for the probability of selection, non-response, ratio of visits to fixed totals,
seasonal adjustments, and outlier values. Stata/SE® 12.1 (2011) was used for all
analyses.

To test the primary hypothesis—that tradeoffs in the quantity and quality of care
are not made by practitioners in HCs—multivariate ordinary least squares (OLS)
regression analysis was used. Separate models were used to explain the change in visit
length associated with a unit increase in each predictor. In each case, weighted and
unweighted estimates were generated and compared. Because of presumed
heteroskedasticity, robust standard errors were estimated and reported, which is
consistent with contemporary recommendations in this area (Solon, Haider, &
Wooldridge, 2013).

As was consistent with several other studies that had examined visit length
(Geraghty et al., 2007; Linder et al., 2003), my initial inclination was to log transform
the dependent variable (i.e., visit length), which was highly skewed (skewness +5.56) and
non-normally distributed; however, great care was taken to confirm the appropriate
functional form. To that end, results from conventional statistical and graphical
diagnostics (e.g., scatterplots, omitted variables test, Box-Cox transformations, Tukey

ladder of powers) were inconclusive regarding the effectiveness of either the linear or
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log-linear forms in this study. Ultimately, | estimated each model using both forms, ##
but deferred to estimates from the linear models in Section V given the lack of evidence
substantiating the semi-log form and the interpretive appeal of the linear estimates (e.g.,
a 13% increase in visit length provides little practical guidance compared to a 3 minute
increase in visit length).

In general terms, a bottom-up approach to econometric specification was used
(Studenmund, 2011). This meant starting with a parsimonious model and cautiously
adding covariates based on underlying theory, previous research, and common sense. In
implementing this approach, potential correlates were initially identified from existing
evidence (see Section I1): patient age, gender, race, ethnicity, payer, educational level,
family income, number of chronic conditions, reason for visit, whether the patient was
new to the HC or had been seen before, whether the patient had been referred,
practitioner gender and specialty, practice type, ownership status, academic affiliation,
for-profit status, years in operation, region, metropolitan status, and visit year. While
this list served as the basis for model building, in select instances, variables were
unavailable or could not be derived from NAMCS data (e.g., HC'’s academic affiliation or
years in operation) and, in others, were not relevant to the HC setting (e.g., for-profit
status).

In all other cases, each variable’s values were closely examined and summary
statistics and bivariate associations were examined to determine the strength and
direction of associations. As covariates were added—in some cases interacted with
existing predictors and in others as higher power terms—their expected signs, statistical
significance, contribution to overall fit, and effect on other covariates were used to
diagnose specification error. Ultimately, each model controlled for age (less than 1 year—

103) and age squared, gender, race (black, other), ethnicity (Hispanic, other), private

## These results are available from the author upon request.
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insurance (yes, no), metropolitan status (rural, other), region (Northeast, Midwest,
South, West), number of chronic conditions (0-11) and number of chronic conditions
squared, HC type (FQHC, other), whether the clinician responding to the survey was the
patient’s primary care practitioner, whether the patient was new to the HC or had been
seen before, and visit year. Together, each OLS model assumed the following functional

form:

Lengthi,p = Bo + B1Qlipn + Bovisityyn + Bapractipny + BaHCipp + BsYeary,, +
giph

i=patient/visit p=practitioner h=health center

length=visit length in minutes

Ql=quality composite (count) OR QI (binary) OR service utilization measure (binary or
count) OR referral measures (binary)

visit =vector of visit characteristics (e.g., age, gender, race, ethnicity)

pract=vector of practitioner characteristics (e.g., rural/urban)

HC=vector of health center characteristics (e.g., HC type [FQHC, other])
Year=indicator variable for each year 2006-2010

g=normally distributed error term

The term of greatest interest was £;, which reflected the “change in visit length associated
with receiving recommended care for one more QI (when eligible for 2 QIs) OR receiving
recommended care for ‘X’ QI OR ‘X’ service OR ‘X’ referral from a practitioner in a HC,”
holding all else constant.

While OLS estimates were generated and served as diagnostic baselines, there
were reasons to believe that these initial estimates suffered from bias given the
presumption of simultaneous quality-quantity decision making among practitioners.
Specifically, the two-way causal relationship between quantity and quality first described
by Newhouse produces endogeneity and violates classical assumption Ill1—that the
explanatory variable is uncorrelated with the error term. In such cases, instrumental
variables (1V) and a two stage least squares (2SLS) estimation approach can be useful
econometric tools (Angrist & Pischke, 2009). Consequently, this approach was used to

test the primary research question.
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IV.A. Instrumental Variables

An 1V estimator looks for exogenous variation in an endogenous variable.
According to Angrist & Krueger (2001), “A good instrument is correlated with the
endogenous regressor for reasons the researcher can verify and explain, but uncorrelated
with the outcome variable for reasons beyond its effect on the endogenous regressor” (p.
73). The first of these two conditions—which is testable—is referred to as “relevance,”
and the second is the “exclusion restriction.”

As it applies to this study, potentially relevant NAMCS-derived 1V estimators
were identified based on previous research and existing theory. While dozens of
candidates were available for consideration, few were justifiable as being both relevant
and meeting the exclusion restriction—that is, being correlated with the endogenous
regressor (quality) and uncorrelated with the dependent variable (visit length). Here,
the evidence from the prior literature proved especially useful—specifically, a 2011 study
in which the authors, John Romley and Dana Goldman, sought to examine the cost of
quality improvement in hospitals but were confronted by unobserved confounding
between productivity and quality (e.g., high hospital productivity may lower the marginal
cost of quality leading a hospital to supply higher quality). To address this bias, the
researchers used an instrumental variables approach and substantiated their choice of
instruments—the number of pneumonia patients who resided within 2.5 miles of the
hospital and the average income of patients who resided within 2.5 miles of the
hospital—given their “demand shifting” properties. As described by Romley & Goldman:

To instrument for quality, we...use demand shifters such as the average income of

patients residing near a hospital, because such characteristics may affect

willingness to travel to distant hospitals for better quality. These demand-based
instruments affect a hospital’s marginal utility in a simple model of quality

competition (2011, p. 580).

Itis in this same spirit that | tested several potential “demand shifters” including

median household income, percent of the population with an income below poverty
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level, and Medicaid discharges per 1000 population. These county-level variables—
drawn by NCHS into NAMCS from the Census and Area Health Resource files—reflect
the socioeconomic status associated with the patient-practitioner encounter. Not unlike
the explanation provided by Romley & Goldman, | considered these NAMCS-derived
measures strong candidates for 1Vs because of their likely correlation with a person’s
taste for quality. Wealthier patients—those with higher median incomes, lower poverty
rates, and fewer Medicaid discharges—demand more, higher quality care. At the same
time, there is no reason to believe that county-level wealth would influence visit length
except through the patient’s demand for better quality. Ultimately, the percent of the
population with an income below poverty level (poverty) met Angrist & Krueger's
definition of a valid instrument. It was highly correlated with the endogenous
regressor—as evidenced by the statistically significant p-value associated with the 1V’s
coefficient after running the first stage of the 2SLS regression and a large and statistically
significant F-statistic when the instrument was entered into the equation.

While estimates from the pooled (i.e., all-visit) analyses were the primary focus of
the study, to assess whether tradeoff decisions might differ by practitioner type, I
retested each “demand shifter” for its validity as an 1V with the subset of visits seen by
NPs, PCMDs, and PAs, separately. Based on the same diagnostics (i.e., statistically
significant p-value on the IV’s coefficient after running the first stage of the 2SLS
regression; large and statistically significant F-statistic when the 1V was entered into the
equation), | found median household income [hh_income] to be a valid instrument in
the NP-only sample but was unable to identify a valid 1V for either of the other two
practitioner subgroups (PCMD, PA). As a result, 2SLS estimates from the all-visit and
NP-only samples—but not PCMD-only or PA-only samples—were generated. In the

section that follows, | describe my approach to 2SLS estimation using the all-visit
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sample; however, unless otherwise noted, these same procedures were repeated with the

subset of NP-only visits.

IV.B. Two-Stage Least Squares Estimation

Having found a valid instrument, two-stage least squares (2SLS) was used to re-
estimate the effect of quality (composite) on visit length. Two-stage least squares
reduces or eliminates simultaneity bias by: (1) using the instrument to explain the
endogenous variable (stage-1), and (2) plugging the predicted values of the endogenous
variable into the equation of interest in place of the endogenous regressor (stage-2). As
it applies to the all-visit model, equations at each stage assumed the following forms:

Stage-1:
Qliph = Bo + Prpovertyi,n + Bovisitipp + Bapractipny + BaHCipp + PsYearipyn + €ipn

i=patient/visit p=practitioner h=health center
Ql=quality composite (count)

poverty=percent of the population with an income below the poverty level (1V
estimator)

visit=vector of visit characteristics (e.g., age, gender, race, ethnicity)
pract=vector of practitioner characteristics (e.g., rural/urban)

HC=vector of health center characteristics (e.g., HC type [FQHC, other])
Year=indicator variable for each year 2006-2010

g=error term

Then, the predicted values of the endogenous variable (QI) were plugged back into the
equation of interest, resulting in the following stage-2 equation:

Stage-2:
Lengthi,p, = Bo + B1Qlipn + Bovisiti,n + Pspractipnn + BoHCipn + BsYearipn + ipn

i=patient/visit p=practitioner h=health center
length=visit length in minutes

QI=predicted value of the endogenous variable i.e., composite (count)
visit=vector of visit characteristics (e.g., age, gender, race, ethnicity)
pract=vector of practitioner characteristics (e.g., rural/urban)
HC=vector of health center characteristics (e.g., HC type [FQHC, other])
Year=indicator variable for each year 2006-2010

L=error term

The coefficient of greatest interest remained ; and retained the interpretation from the

OLS model. That is, B:represented the “change in visit length associated with receiving
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recommended care for one more quality indicator (among those eligible for 2 QIs) from
a practitioner in a HC, holding all else constant.”

As was previously described, these same procedures were repeated with the NP-
only sample using median household income (hh_income) as the IV estimator. In this
case, B represented the “change in visit length associate with receiving recommended
care for one more quality indicator (among those eligible for 2 QIs) from an NP in a

HC, holding all else constant.”

V. Results

National estimates from the five-year study period suggest that patients in HCs
were seen by a complement of practitioners comprised of 69% PCMDs, 21% NPs, and
approximately 10% PAs (Table 3). While these practitioners’ ages and ethnicities were
similar, differences were detected by gender, race, and metropolitan status. For
example, far fewer PCMDs were female (44%) as compared to NPs (92%) and PAs (62%).
The racial composition also varied across these groups—in contrast to NPs and PAs, a
greater percentage of PCMDs were non-White (30%). At the same time, NPs and PAs
were more frequently located in rural settings—28% and 32%, respectively—as compared
to PCMDs (11%).

The characteristics of patient visits varied by practitioner group (Table 4). While
the distribution of patient race, payer, visit type, and number of chronic conditions and
medications was similar across practitioner groups, differences in the distribution of
other characteristics by practitioner type were detected. For example, a larger
proportion of patients seen by PCMDs were Hispanic/Latino (36%) and had been seen
more frequently over the last 12 months than patients who were seen by NPs or PAs. At
the same time, patients who received care from NPs were much more likely to be women

(70%) compared to those who received care from either PCMDs (59%) or PAs (57%).
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Other differences in patient visit characteristics by practitioner type are reported in
Table 4.

While the composition of patients seen by each practitioner group differed in
some meaningful ways, visit length—and other measures of practitioner output—were
largely similar (Table 5). For example, neither the mean number of visits made during
the reporting week (65.9) nor the length of those visits (18.9 minutes) varied
significantly by practitioner group, although the number of visits ranged from 56.3 (NPs)
to 69.3 (PCMDs) and the length of visits ranged from 18.6 (PCMDs) to 19.7 (PASs)
minutes. Despite these consistencies, PAs saw patients on more days during the
reporting period (4.3 days) than either PCMDs (3.9 days) or NPs (3.5 days) (p=0.04).

Table 5 also describes the delivery of recommended care to patients in HCs and
the bivariate relationship between quality and visit length. Each QI reflects an
opportunity to provide recommended care on one of 11 different processes of caress$—
for example, providing smoking cessation counseling to adults who were screened for
tobacco use and found to be smokers or providing depression treatment—that is,
antidepressants, psychotherapy, or other mental health counseling—to adults diagnosed
with depression. Given this interpretation, summary statistics suggest that the majority
of HC visits from 2006-2010 were ineligible for any of the 11 QIs examined (56.8%).
While the Qls did not apply to the majority of patients, among those patients who were
eligible for 1 Ql, 63.3% failed to receive that care. Similarly, among those patients
eligible for 2 Qls, more than 85% did not receive that care. Summary statistics also
suggest that being eligible for and receiving recommended care were both, separately,
associated with longer visits although differences were not statically significant
(significance test results not shown). For example, patient visits that were ineligible for

any QI averaged 18.2 minutes while those that were eligible for 1 or 2 Qls—but that did

8888 Appendix A provides detailed specifications of each QI.
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not receive guideline-consistent care for either—were 19.1 and 20.1 minutes long,
respectively. At the same time, regardless of QI eligibility, receiving more guideline-
consistent care increased visit length. Among patients who were eligible for 2 Qls, visit
length was 20.9 minutes when care was received for both Qls but was 20.1 minutes long
(0.8 minutes or 48 seconds shorter) when no guideline-consistent care was received.
The distribution of and relationship between receiving recommended care and visit
length did not vary by practitioner group.

It should be noted that many of these descriptive statistics are consistent with
those most recently reported by Morgan et al. (2014a, 2014b) for the NAMCS HC strata
over the same five-year period. Additional similarities exist between these findings and
those from recent studies, which are not specific to HCs or derived from NAMCS but
which describe the composition of primary care practitioners in ambulatory care and
their patients (Doescher, Andrilla, Skillman, Morgan, & Kaplan, 2014; Hooker, Brock, &
Cook, 2015). For example, Hooker and his colleagues compared NPs and PAs across a
variety of settings and found their characteristics (gender, race, and ethnicity) to be
similar as those reported here. Doescher and his colleagues surveyed rural practitioners
(NPs, PCMDs, and PAs) in a variety of settings including HCs in 13 states and discovered
a rank ordering of practitioners by number of visits similar to the ordering reported here

(e.g., # PCMD visits > # PA visits > # NP visits).

V.A. Effect of Quality and Practice Patterns on Visit Length—OLS Estimates

Results from the multivariate regression OLS models, which were not
endogeneity-corrected, provided some preliminary evidence that tradeoff decisions
might have been made by practitioners; however, these tradeoffs appeared to be made in
the quantity and the content of care rather than the quantity and the quality of care

(Table 6). For example, in the combined sample, receiving recommended smoking
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cessation counseling or recommended depression treatment was not associated with any
statistically significant change in visit length. Notably, visit length was actually reduced
by approximately 1 minute among patients who received recommended care for
hyperlipidemia (statin) (-1.10 [SE 0.37]; p<0.01). At the same time, there was evidence
of positive and statistically significant relationships between receiving a particular
service—for example, a physical exam or an additional health education service—and
visit length. In these cases, receiving a physical exam increased visit length by almost 3
minutes (2.67 [SE 0.22]; p<0.01) and receiving an additional health education service
increased visit length approximately 35 seconds (0.58 [SE 0.06]; p<0.01). Similarly,
patients whose follow up plans included a return visit had longer visits—longer by nearly
1 minute (0.97 [SE 0.16]; p<0.01)—than patients who were not instructed to do so. The
direction, magnitude, and statistical significance of these impacts generally persisted
whether the results were weighted or unweighted.

Evidence of tradeoffs in the quantity and the content of care were also identified
among patients seen only by NPs. Longer visits were associated with having received a
physical exam or additional health education services, and visit length was also longer
among patients whose follow up plans included a return visit. At the same time, findings
on selected measures suggest that NPs may also have made some tradeoffs in the
guantity and the quality of their care. For example, patients seen by NPs who received
recommended depression treatment, experienced longer visits—by more than 2 minutes
(weighted estimate; 2.39 [SE 0.98]; p=0.017)—than those that did not receive such care.
Additionally, receiving recommended care for an additional care process (quality
composite) was associated with visits that were nearly 2 minutes longer (unweighted
estimates; 1.99 [SE 0.85]; p=0.020). As was seen in the full sample, receiving smoking

cessation counseling or statin treatment for hyperlipidemia seemed to shorten visit
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length although these differences were not statistically significant at any conventional

level.

V.B. Exogenous Effect of Quality (Instrumented) on Visit Length

While OLS estimates provided some evidence of tradeoff in health care decision
making, once simultaneity bias was accounted for in these estimates, some different
patterns emerged. Table 7 displays results from the second stage of the 2SLS regression
models along with results from tests of each exogenous variable’s validity. The table’s
first row displays the point estimates and the test statistics for the exogenous variable
(instrument) used in the combined, all-visit sample. The second row displays the point
estimates and the test statistics for the instrument used in the NP-only sample. Results
from these tests suggest that the exogenous variable used in the combined sample—that
is, percent of the population whose income is below the poverty level (poverty)—served
as a stronger instrument than the one used in the NP-only analysis—that is, median
household income (hh_income). It was more highly correlated with the endogenous
variable (quality) as evidenced by its larger F-statistic (9.31 versus 5.03) and its level of
statistical significance (p=0.003 versus p=0.079). Consensus opinion holds that the F-
test statistic should be >10.0 in order for the IV to be considered valid (Angrist &
Pischke, 2009). While the IV used with the NP-only sample fell substantially below this
threshold (i.e. 5.03), the F-test on the instrument used in the all-visit sample (percent of
the population whose income is below the poverty level) was 9.31, which approaches this
conventional threshold.

Controlling for endogeneity substantially increased the estimated effect of
receiving recommended care (quality) on visit length. When using an endogenous
predictor, receiving care for an additional QI was associated with a 0.06 minute increase

in visit length. Introducing an exogenous predictor amplified this effect—receiving
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recommend care for an additional QI increased visit length by more than 8 minutes
(p=0.121). This pattern persisted in the NP-only sample. In its endogenous form,
receiving recommended care for an additional QI was associated with visits that were
approximately 2 minutes longer while in its exogenous form, receiving recommended
care for an additional QI increased visit length by over 9 minutes (p=0.281). While the
magnitude of these effects were large and their direction consistent, in neither case can
one conclude with confidence that the coefficients are statistically different than zero.
Differences in the OLS and 2SLS estimates suggest that by ignoring endogeneity one may
underestimate the tradeoff effect; however, given the relative weakness of the
instruments and the possibility of bias and/or inconsistency in these results, there is
insufficient evidence to reject the null hypothesis—that practitioners do not tradeoff

guality for quantity in their production of care.

V1. Discussion

To what extent are tradeoffs in the quantity and quality of primary care made? Is
there evidence to suggest that practitioners make deliberate decisions about increasing
guantity by reducing quality (or decreasing quantity by increasing quality)? Might it be
possible to use policy tools to stimulate tradeoffs that are welfare-enhancing? These
guestions motivated this study.

Overall, findings suggest that tradeoffs in quantity and quality were not made in
practice. Estimates from multivariate and 2SLS regression models—the latter being a
reduced form equation that eliminates endogeneity bias—demonstrated relatively small
increases in visit length in response to receiving more guideline-consistent care although
these effects were not statistically significant. While findings do not generally support
the presence of a tradeoff effect, results do suggest that certain services—many which are

the essence of primary care (e.g., physical exams, health education)—required
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significantly more time than others. These services may—or may not—reflect higher
quality as they merely measure whether a service was provided/not provided or the
number of services provided; however, the positive relationship between
education/counseling services and visit length and the negative relationship between
medication therapy and visit length are strikingly similar to the relationships Chen and
her colleagues (2009) found between screening/counseling quality and medication
quality and visit length. Based on their findings, Chen et al. argued that additional
reimbursement might be needed for labor intensive care. My findings echo the need to
consider such adjustments. At a minimum, the positive and statistically significant
relationship between visit length and education/counseling should be noted by HC
administrators and practice managers who may want to acknowledge the additional time
associated with these services in their patient scheduling, staffing, and resource
allocations.

These results need to be viewed within the study’s constraints. As was noted,
identifying and appropriately specifying measures of quantity and quality proved
problematic. Although the arguments in favor of and against various approaches were
described (see Sections I11.A. and 111.B.), no clear solution emerged. Given the
tremendous variation in practitioner input (time) and output (services and products)
and given patient heterogeneity, using visit duration as a measure of quantity was
imperfect. Under more ideal circumstances, a measure of quantity would be
standardized by the number of patient care hours worked by the practitioner and
adjusted for patient complexity, severity, and diagnosis as well as the services received
and the visit type (e.g., prevention versus chronic care). At the same time, the NAMCS-
derived (QIs) proved limiting for this study’s purpose and creating a composite that
combined multiple measures and varied across a range of values proved elusive. Future

research would benefit from the development of quality measures that apply to a greater
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proportion of primary care encounters in HCs, represent endpoints of care rather than
discrete care processes, vary across a wider range of values, and can be aggregated into
one or more composites. Additionally, because NAMCS’ cross sectional design prevents
the measurement of care over time, a longitudinal dataset would offer additional
advantages. Certainly, had alternative measures of quantity and/or quality been used,
findings might be substantially different.

Lastly, findings from this study rest on having found a valid instrument for
quality. While two instruments were identified, neither can be considered strong based
on conventional standards. Furthermore, although use of each instrument substantially
increased the effect that a unit increase in quality had on visit length, in neither case was
that effect statistically significant. This could suggest that tradeoffs in quantity and
guality are not routinely made by practitioners in HCs or that correcting for endogeneity
bias is unnecessary. Alternatively, it could signal the need for stronger instruments.
These alternative explanations warrant additional research, which would benefit from a
wider variety of standardized measures of quantity, a better selection of broadly relevant
guality indicators that could be aggregated into one or more meaningful composites, an
additional selection of valid instruments, and larger sample sizes to ensure consistent
estimates. At the same time, although findings do not demonstrate the presence of a
practitioner-level tradeoff effect, HCs are unique practice environments, which utilize a
mix of co-located staff and operate under a single mission and set of organizational
policies and procedures. Because of their unified governance and operating structures,
it's possible that tradeoffs in the quantity and quality of care that were not detectable at
the practitioner level might be detectable at the HC level. For this reason, repeating

these analyses at the HC level should be a priority for future research.
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Table 1: Criteria Used in the Development and Selection of Quality
Indicators

General Criteria

1.

The indicators must have a reasonable likelihood of correlating with either improved
patient outcomes or, in the absence of outcome differences, reduced health care
costs.

There should be explicit evidence that the indicator forms a potential quality
standard in the form of either clinical guidelines or reviews of the current literature.
Exceptions to the implied standard must be relatively infrequent (i.e., medication
allergies), identifiable for exclusion from the analysis, or likely to be randomly
distributed across time and the other variables of interest (e.g., race/ethnicity).

Specific Criteria

4.

Variables for the construction of an indicator must be available from the NAMCS or
the NHAMCS for [5] years, with a preference for inclusion of recent years.

Because of the per-visit basis of NAMCS and NHAMCS data, indicators should be
meaningful when measured at individual patient visits; assessment of quality should
not depend heavily on speculation about activities that occur at other visits by the
same patients.

Selected quality indicators should not rely on data elements or subpopulations that
are considered unreliable according to NCHS standards (i.e., sample size<30 or
relative SE >30%).

Source: Ma & Stafford, 2005
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Table 2: Outcomes Studied

Quality Indicators® (N=4)

1. Smoking cessation counseling (binary)*
Numerator: Received smoking cessation intervention (i.e., nicotine replacement
therapy or medications ordered, supplied, administered, or continued and/or
smoking cessation counseling)
Denominator: Visits by adults who were screened for tobacco use and identified
as smokers

2. DepressiOn treatment (binary)*
Numerator: Antidepressants ordered, supplied, administered, or continued
and/or psychotherapy or mental health counseling
Denominator: Visits by adults with depression

3. Statin for hyperlipidemia (binary)*
Numerator: Statin ordered, supplied, administered, or continued
Denominator: Visits by adults with hyperlipidemia

4. Quality composite

Received recommended care for +1 QI (eligible for exactly 2 of the following 11 Qls*®)

Smoking cessation counseling for smokers (binary)*

Depression treatment*

Statin for hyperlipidemia (binary)*

Diet or exercise counseling for coronary artery disease (CAD)

Diet/nutrition or exercise counseling for adolescents

Weight reduction counseling for overweight adults

No routine screening electrocardiogram or routine urinalysis

Diuretics or beta-blocker for hypertension

Aspirin or antithrombotics for CAD

Inhaled corticosteroid (IC) for adults with asthma

IC for children with asthma

= TQ 000 oW

Service Utilization Measures (N=4)

5. Physical exam (binary)

6. Total number of health education/counseling services (count)
All of the following services ordered/provided during the visit: asthma,
diet/nutrition, exercise, family planning/contraception, growth/development,
injury prevention, stress management, tobacco use/exposure, and weight
reduction

7. Imaging services (binary)
Any of the following services that were ordered/provided during the visit: x-ray,
bone mineral density, CT scan, echocardiogram, and other ultrasound

8. Total number of medications (count)
All of the following that were ordered, supplied, administered or continued during
the visit: prescription and over-the-counter drugs, immunizations, allergy shots,
oxygen, anesthetics, chemotherapy, and dietary supplements

Referral Pattern Measures (N=2)

9. Return visit at a specified time (binary)
10. Physician (MD) referral (binary)

wSources: Bishop et al, 2012; Chen et al., 2009; Goldman et al., 2012; Kale et al. , 2013;
Linder et al., 2003; Ma & Stafford, 2005; Ma et al., 2009; Romano & Stafford, 2011 (Appendix
A provides detailed specifications)

*quality indicator also separately modeled
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Table 3: Practitioner Characteristics in HCs (2006-2010)" (N=1139%)

_ PCMD NP PA p-
Characteristic (Nn=742) (n=291) (n=106) value
Age <35 16% 15% 16%
35-44 31% 21% 22% 0.15
45-54 25% 34% 42%
55+ 29% 30% 21%
Gender Female 44% 92% 62% <0.01
Race White 70% 88% 89%
Black 12% 8%* 8%* <0.01
Other 18% 4%* 3%*
Ethnicity Hispanic/Latino 8% 6%0* 10%* 0.72
HC type FQHC 89% 96% 91%
FQHC-LA 10%* 3%* 9%* 0.08
IHC <1% 1%* <1%*
Metro status Rural 11%* 28%* 32%* <0.01
Region Northeast 28% 24% 27%*
Midwest 17% 20% 15%* 0.96
South 25% 29% 24%*
West 31% 27% 34%

HC=health center PCMD=primary care physician NP=nurse practitioner PA=physician
assistant -adjusted for complex survey design and weighted for sampling probabilities
*population of 14,679 practitioners  *coefficient of variation/relative standard error > 0.3
noted
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Table 4: Patient Visit Characteristics by Practitioner Type in HCs (2006-
2010)" (N=23,704%)

— PCMD NP PA p-
Characteristic (n=15743) (n=5250) (n=2711) value
Age (mean) 35yoa 32 yoa 36 yoa 0.42
Gender Female 59% 70% 57% <0.01
Race Black 32% 30% 26% 0.45
Other 68% 70% 74%
Ethnicity Hispanic/Latino 36% 25% 26% 0.02
Payer source Private insurance  16% 17% 21%
Medicare 14% 8% 11% 0.14
Medicaid 42% 40% 32%
Self-pay 13% 16% 21%
Other 16% 19% 15%
Visit type New problem 40% 40% 46%
Chronic problem 34% 27% 32% 0.15
Preventive care 26% 32% 20%
Pre-/post-surgical 1% 1%* 1%*
Number of None 45% 52% 46%
chronic 1 24% 23% 23% 0.27
conditions 2-3 24% 18% 23%
>4 6% 7% 8%
Number of past None 3% 6% 3%
visits 1-3 47% 49% 52% 0.03
4-10 42% 35% 38%
>10 8% 10% 7%
Number of None 19% 19% 18%
medications 1 22% 28% 22% 0.50
2-4 35% 34% 37%
>5 23% 20% 23%
HC type FQHC 87% 95% 93% 0.28
Metro status Rural 10% 23% 27%* <0.01
Region Northeast 26% 22%* 24%*
Midwest 17% 14%* 14%* 0.71
South 24% 37% 24%*
West 34% 27% 39%
NP practice Independent 14%* 20%* 30%* 0.05
environment
Primary care None of county 1%* 3%* <1%*
shortage area Whole county 44% 46% 45% 0.70
designation Part of county 55% 52% 55%
Mean % < poverty 18% 18% 16% 0.02
Year 2006 12% 9% 12%
2007 23% 25% 11% 0.33
2008 20% 16% 24%
2009 28% 32% 22%
2010 18% 28% 32%

HC=health center

PCMD=primary care physician

NP=nurse practitioner

PA=physician

assistant -adjusted for complex survey design and weighted for sampling probabilities

*population of 29,848,995 visits
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Table 5: Comparison of Patient Visit Patterns by Practitioner Type in HCs (2006-2010)* (N=23,704%)

Measure All PCMD NP PA p-
(n=15743) (n=5250) (n=2711) valuen
# of days patients seen 3.8 (3.7-4.0) 3.9(3.7-4.1) 3.5(2.9-4.0) 4.3 (3.9-4.7) 0.04
# of patient visits 65.9 (60.9-71.0) 69.3(60.7-77.9) 56.3 (49.0-63.6) 64.9 (57.6-72.2) 0.17
visit length (minutes) 18.9(18.2-19.6) 18.6(17.8-19.3) 19.3(18.0-20.6) 19.7 (18.2-21.2) 0.23

# of QIs® met per patient visit (eligible 55 51.058) 0.54(0.50-0.58) 0.55 (0.47-0.63) 0.58 (0.51-0.65)  0.53

for =1 QI)
% patient visits eligible for:
0Qls 56.8% 57.3% 56.2% 55.2% 0.84
1Ql 28.6% 29.7% 28.0% 28.9% 0.91
2Qls 10.6% 10.3% 11.5% 10.9% 0.75
% patient visits—eligible for 2 Qls by QI type:
QI pair 1: smoking+depression 22.2% 19.6% 24.8% 30.9% 0.11
QI pair 2: smoking+statin 14.8% 15.4% 12.3% 16.3% 0.56
QI pair 3: depression+statin 11.6% 11.6% 14.0% 6.9% 0.19
QI pair 4: weight+no routine 8.7% 9.1% 8.9% 6.8% 0.79
screening
% patient visits—eligible for 1 QI and received guideline-consistent care for:
0Qls 63.2% 63.3% 63.6% 62.4% 0.94
1Ql 36.8% 36.7% 36.3% 37.6% 0.94
% patient visits—eligible for 2 Qls and received guideline-consistent care for:
0Qls 38.1% 38.0% 41.9% 31.4% 0.18
1Ql 47.6% 46.4% 44.3% 60.1% 0.08
2Qls 14.3% 15.6% 13.8% 8.5%* 0.20
% patient visits—eligible for 2 Qls and received guideline-consistent care for 2 Qls by QI type:
QI pair 3: depression+ statin 24.8% 23.6% 31.4% 15.0% 0.45
QI pair 1: smoking+depression 24.1% 22.9% 22.2% 41.6% 0.38
QI pair 2: smoking+statin 13.9% 13.8% 14.7% 12.5% 0.92
QI pair 5: statin+aspirin for CAD 9.6% 11.8% 4.4% 5.7% 0.28

Mean visit length—eligible for O Qls 18.2(17.5-18.9) 18.0(17.2-18.8) 18.4(16.9-19.8) 18.7 (16.9-20.4) 0.70
Mean visit length—eligible for 1 QI and received guideline-consistent care for:
0Qls 19.1 (18.4-19.8) 18.9(18.2-19.7) 19.3(17.6-21.0)  19.9 (18.4-21.3) 0.43
10l 19.6 (18.8-20.5)  19.1 (18.1-20.1)  20.2(18.8-21.6) 21.6 (19.4-23.8) 0.10

94



PCMD NP PA p-

Measure All (n=15743) (n=5250) (n=2711)  value
Mean visit length—eligible for 2 Qls and received guideline-consistent care for:
0Qls 20.1(18.5-21.6) 19.8(17.9-21.7) 21.0(19.1-22.9) 19.7 (17.4-21.9) 0.50
10l 20.7 (19.7-21.8) 19.9(18.6-21.3) 22.3(20.4-24.1) 21.8(19.6-24.1) 0.08
2 Qls 20.9 (19.3-22.5) 19.6(18.1-21.3) 24.8(21.9-27.7) 21.1(17.2-25.0) <0.01

HC=health center PCMD=primary care physician NP=nurse practitioner PA=physician assistant -adjusted for complex survey
design and weighted for sampling probabilities *population of 29,848,995 visits  *coefficient of variation/relative standard error >
0.3 noted ~p-values reflect PCMD vs. NP vs. PA  °Ql=receipt of recommended care for eligible visit on 11 different process of care
measures: smoking cessation counseling for smokers, depression treatment, statin for hyperlipidemia, diet or exercise counseling for
coronary artery disease (CAD), diet or exercise counseling for adolescents, weight reduction counseling for overweight adults, no
routine screening electrocardiogram or routine urinalysis, diuretics or beta-blockers for hypertension, aspirin or other
antithrombotics for CAD, inhaled corticosteroid (IC) for adults with asthma, IC for children with asthma

(NOTE: Appendix A provides detailed specifications of each Ql.)

95



Table 6: Effect of Quality and Practice Patterns on Patient Visit Length in HCs (2006-2010)"

Outcomeft

Change in Mean Patient Visit Length (minutes)

All Visits (N=23,704)

NP Visits (N=5250)

Unweighted Weighted Unweighted Weighted
Estimate Estimate® Estimate Estimate®
(SE") (SE") (SE”) (SE")

Quality Indicator
Smoking cessation (n=3602; 854) -0.26 (0.39) 0.87 (0.77) -0.14 (0.82) 0.51 (1.77)
Depression treatment (n=2559; 617) 0.68 (0.53) 0.35 (0.85) 1.99 (1.12) 2.39 (0.98)*
Statin for hyperlipidemia (n=2598; 530) -1.10 (0.37)**  -0.48 (0.53) -0.04 (1.03) 0.41 (1.04)
Service Utilization and Referral Pattern Measure
Physical exam (n=19426; 4068) 2.67 (0.22)** 257 (0.55)**  2.21(0.55)** 1.63 (1.00)
Health education services (n=19229; 4035) 0.58 (0.0.6)** 0.73(0.13)**  0.96 (0,17)**  0.85 (0.22)**
Medications (n=19426; 4068) -0.06 (0.04) 0.10 (0.09) -0.10 (0.09) 0.12 (0.14)
Imaging (n=19426; 4068) 0.39(0.22) 0.20 (0.34) 1.13 (0.50)* 0.77 (0.51)
Return visit (n=19426; 4068) 0.97 (0.16)**  1.41(0.37)**  1.23(0.36)** 0.85 (0.78)
MD referral (n=19426; 4068) 0.39 (0.22) 0.38 (0.38) -0.06 (0.67) -1.06 (0.66)
Quality Composite
Received recommended care for +1 QI (eligible for 2) 0.06 (0.38) -0.01(0.67) 1.99 (0.85)* 1.87 (1.04)

(2345; 546)

HC=health center NP=nurse practitioner MD=physician
probabilities *p<o0.05 **p=<o0.01

adjusted for complex survey design and weighted for sampling
tcontrolled for age, age?, gender, race, ethnicity, private insurance (yes, no), metropolitan status

(rural), region, number of chronic conditions, number of chronic conditions?, HC type, whether the clinician responding to the survey was
the patient’s primary care practitioner, whether the patient was new to the HC or had been seen before, and visit year
intervals based on robust standard errors ”confidence intervals based on Taylor linearized standard errors

96

‘confidence



Table 7: Exogenous Effect of Quality (Instrumented) on Patient Visit Length in HCs (2006-2010)

Instrument
Performance
- s Change in Mean
Visit 8w 8.= Visit Length
Sample Outcomet 5% S g (minutes)
5 N $ > g (SE’) p-value
g3S gud
o
All visit Received recommended care for +1 QI (eligible for 2)
(N_VZ'Z' o 4y OLS(n=2345) 9.31 |0.06 (0.38) p=0.874
e 25LS/1V: % of population whose income is < poverty (n=1815")| p=0.003 (p<0.01) [8.39 (5.41) p=0.121
NP visit Received recommended care for +1 QI (eligible for 2)
(N_‘gggg) OLS (n=546) 5.03 [1.99 (0.85)* p=0.020
- 2SLS/1V: median household income (n=378*) p=0.079 (p=0.03) |9.16 (8.49) p=0.281

HC=health center NP=nurse practitioner OLS=ordinary least squares 2SLS=two stage least squares *p<0.05 **p<o0.01
tcontrolled for age, age?, gender, race, ethnicity, private insurance (yes, no), metropolitan status (rural), region, number of chronic
conditions, number of chronic conditions?, HC type, whether the clinician responding to the survey was the patient’'s primary care
practitioner, whether the patient was new to the HC or had been seen before, and visit year *sample size differences reflect missing
data attributable to instrument used ’confidence intervals based on robust standard errors
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Appendix A: Detailed Specifications of the Quality Indicators Studied (N=11)®

Quality Indicator Numerator Denominator Exclusions
1. Smoking cessation Smoking cessation intervention  Adults who were screened NA
counseling™ received—that is, nicotine for tobacco use during their
replacement therapy (gum, visits and were found to use
patch, nasal spray, inhaler, tobacco

lozenges) or medications
(Wellbutrin, varenicline)
ordered, supplied, administered,
or continued and/or smoking
cessation counseling

2. Depression treatment*  Antidepressant ordered, Visits by adults with NA
supplied, administered, or depression
continued and/or psychotherapy
or mental health counseling

ordered/provided
3. Statin for Statin ordered, supplied, Visits by adults with Visits by adults > 80 yoa or
hyperlipdemia* administered, or continued hyperlipidemia with renal disease, liver

disease, alcohol abuse, or
specific concomitant
medication use

4. Quality composite Received recommended care for +1 QI (eligible for exactly 2 of the following 11 Qls~)

a. Smoking cessation  See QI #1 (above) See QI #1 (above) See QI #1 (above)
counseling®

b. Depression See QI #2 (above) See QI #1 (above) See QI #1 (above)
treatment™

c. Statin for See QI #3 (above) See QI #3 (above) See QI #3 (above)
hyperlipdemia*

d. Diet/exercise Diet or exercise counseling Visits by adults at moderate  Visits by adults with no or
counseling for ordered/provided or high risk for CAD low risk for CAD
coronary artery (presence of coronary artery
disease (CAD) disease or risk equivalent—

that is, diagnosis of
diabetes, peripheral
vascular disease,
symptomatic carotid artery
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Quality Indicator

Numerator

Denominator Exclusions

stenosis, abdominal aortic
aneurysm—OR the presence
of two or more of the
following risk factors: male
>45 yoa, female > 55 yoa,
smoker, or diagnosis of
hypertension [HTN]) who
received GMEs (general
medical/physical exam)

e. Diet or exercise
counseling for
adolescents

Exercise or diet/nutrition
counseling ordered/provided

Visits by adolescents (i.e., NA
13-19 years of age) who
received GMEs

f.  Weight reduction
counseling for
overweight adults

Weight reduction counseling
ordered/provided

Visits by overweight adults  NA
(body mass index [BMI]>25
among those 18-64 yoa;

BMI >30 among those 65

yoa and older) who received

GMEs
g. No routine screening No routine/screening Visits by adults who Visits by adults with cardiac
electrocardiogram or electrocardiogram or urinalysis received GMEs disease, chest pain, HTN,
routine urinalysis ordered/provided palpitations, dyspnea,
syncope, hemoptysis, chest
trauma, renal failure,
urologic disease, pregnancy,
or relevant diseases of the
genital organs
h. Diuretics or beta- Diuretic or beta-blocker ordered, Visits by adults with Visits by adults with diabetes
blockers for supplied, administered, or uncomplicated mellitus (DM), CAD,
hypertension continued hypertension (HTN) who congestive heart failure
were receiving any (CHF), asthma, coronary
antihypertensive agent obstructive pulmonary
disease (COPD), or heart
block
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Quality Indicator Numerator Denominator Exclusions

i. Aspirin or other Aspirin, warfarin sodium, or Visits by adults with CAD Visits by adults with
antithrombotic for other antithrombotic (e.g., gastrointestinal (GI)
CAD dipyridamole, clopidogrel bleeding, duodenitis,

bisulfate) ordered, supplied, cerebral hemorrhage

administered, or continued

j. Inhaled corticosteroid  Inhaled corticosteroid ordered, Visits by adults with asthma  Visits by adults with COPD

(1C) for adults with supplied, administered, or or first time patients
asthma continued
k. IC for children with Inhaled corticosteroid ordered, Visits by children (less than  Visits by first time patients
asthma supplied, administered, or or equal to 19 years of age)
continued with asthma

Adult=age > 18 yoa CAD=coronary artery disease CHF=congestive heart failure
Child=age <18 yoa PVD=peripheral vascular disease Gl=gastrointestinal
Adolescent=13-19 yoa AAA=abdominal aortic aneurysm BMI=body mass index
yoa=years of age HTN=hypertension IC=inhaled corticosteroid
GME=general medical/physical exam DM=diabetes mellitus IHD=ischemic heart disease
COPD=coronary obstructive pulmonary disease CRF=chronic renal failure

®Sources: Bishop et al, 2012; Chen et al., 2009; Goldman et al., 2012; Kale et al. , 2013; Linder et al., 2003; Ma & Stafford, 2005; Ma et
al., 2009; Romano & Stafford, 2011
*quality indicator also separately modeled
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Chapter 3: Does the Regulatory Environment Affect Nurse Practitioners’
Patterns of Practice or Quality of Care in Health Centers?
Abstract

As the demand for primary care in the United States grows—a byproduct of the
increasing elderly population and insurance expansion under the Affordable Care Act
(ACA)—the nation is experiencing a shortage of primary care physicians (PCMDs).
Various policy solutions have been proposed including the increased use of non-
physician clinicians, especially nurse practitioners (NPs); however, the feasibility of this
solution rests on NPs being granted broader practice and prescriptive authorities by state
policy makers. Although NPs are permitted to practice independently in many states,
others require NP oversight by PCMDs through their occupational regulations—referred
to as NP “scope of practice.” The growing demand for primary care and lingering
restrictions in some states, have led policy makers to debate the need for and
consequences of NP independence; yet few studies offer guidance on the effect of NP
independence on health care quality, access, or costs.

This study tests some of the important theoretical and empirical assumptions
that underlie the justification for NP restrictions. Using six years of data from the
community health center subsample of the National Ambulatory Medical Care Survey
(NAMCS) (2006-2011) and a quasi-experimental design that included propensity score
matching to reduce selection bias, | examined the causal impact of state NP restrictions
on social welfare. To explore whether detected effects may result from alternative
explanations, I ran parallel “placebo” tests among patients seen by PCMDs and physician
assistants (PAs), separately.

Overall, and across all nine outcomes studied (three quality outcomes, four
measures of service utilization, and two measures of referral patterns), the effect of state-

granted NP independence can be characterized as “limited” (i.e., few detectable
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associations and small differences that generally did not reach levels of statistical
significance or persist with statistical adjustment). On only two measures—the number
of health education services and the number of medications—were differences evident
and stable, and in both cases, visits to NPs in states that were independent in NP
prescriptive authority—but not practice authority—received more educational services
and more medications than visits to NPs in restricted states.

These findings have important policy implications. On the one hand, they do not
justify the use of NP restrictions on the sole basis of consumer protection. On the other
hand, restrictions did impact the provision of NP services although their net effects on
social welfare are unknown. Even so, results from the “placebo” tests—which revealed
the presence of at least some associations between state-granted independence and
PCMD and/or PA care—introduce the possibility that some alternative explanation
might be responsible for these effects. Certainly, differences in weighted and unweighted
estimates raise suspicion about possible misspecification, the adequacy of NAMCS’
national, cross sectional design for investigating a state-based phenomenon, and the
extent to which correlations between the survey’s design and regional variations in
quality and/or states’ NP independence status adversely affected these results. Taken
together, findings should stimulate researchers to further investigate the impact of state-
granted NP independence on patient care and prompt policy makers to reconsider the
purpose of NP restrictions, the welfare losses associated with regulating these
practitioners—an exercise which was beyond the scope of this study—and, on those

grounds, determine if NP restrictions are justifiable.
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l. Introduction

The majority of Americans receive routine health care from primary care
practitioners who typically practice in outpatient or community settings (Starfield et al.,
1994). While the demand for primary care is expected to increase—a byproduct of the
growing elderly population and insurance expansion under the Affordable Care Act
(ACA)—a shortage of primary care physicians (PCMDs) threatens access to high quality
care (Hofer, Abraham, & Moscovice, 2011; Kirch, Henderson, & Dill, 2012; Petterson,
Liaw, Phillips, Rabin, & Bazemore, 2012). At the same time, the number of nurse
practitioners (NPs)—nurses who have advanced clinical education (master’s or doctoral
degrees) beyond their professional registered nurse preparation and are certified by a
national certifying body in an area of specialty (American Association of Nurse
Practitioners [AANP], n.d.)—is growing quickly. Between 1995-2005, the per capita
supply of NPs rose an average of 9% annually while the per capita supply of PCMDs rose
considerably slower—an average of 1% annually (*Addressing Healthcare Workforce
Issues for the Future,” 2008). Projections through 2025 suggest that 6,000-7,000 NPs
will be added to the workforce each year and total nearly 250,000 by the end of that
period (Auerbach, 2012).

The majority of NPs practice in primary care settings and have been recognized
to capably substitute for as much as 75%-90% of the tasks typically performed by PCMDs
(U.S. Department of Health & Human Services [DHHS], Agency for Healthcare Research
and Quality [AHRQ], 2011; DHHS, Health Resources and Services Administration
[HRSA], 2013; U.S Congress, Office of Technology Assessment [OTA], 1986). Because of
their overlapping roles and growing availability, NPs are seen as one solution to the
nation’s growing demand for primary care; however, state regulations, which have

historically required NPs to be supervised by physicians, have prevented the optimal use
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of and access to this workforce (Bowser, 2011; Gjelten, 2012; Health Affairs, 2013;

National Association of Community Health Centers [NACHC], 2015; Tobler, 2010).

I.LA.  Legal Recognition and Authority of Nurse Practitioners

NPs’ legal recognition and authority to practice are established by states through
their occupational licensing policies, generally, and their state nurse practice acts (also
referred to as “scope of practice”), specifically. Scope of practice defines the “spheres of
activity within which various types of health-care providers...are authorized to
practice...”, specifies the limitations on who can legally practice, and establishes
restrictions on the occupational title based on license and performance (Safriet, 2002, p.
303). In 1971, Idaho was the first state to grant NPs’ legal practice authority (Phillips,
2010). In the years since, while there has been an overall trend toward expansion of NP
authority—with an increasing number of states having granted NPs full independence or
becoming less restrictive over time (Gadbois, Miller, Tyler, & Intrator, 2015; Phillips,
2010)—the shift has been described as “incremental and variable” by the Institute of
Medicine (I0M, 2011, p. 106). Largely because of how health professions licensing and
regulation evolved in the United States, physicians secured universal and exclusive
preemption to control the activities of other health care providers so that the scopes of
practice for non-physician practitioners, including NPs, are exercises in “legislative
exception making, a ‘carving out’ of small, politically achievable spheres of practice
authority from the universal domain of medicine” (I0OM, 2011, p. 97).

Because states have remained independent in how they establish their nurse
practice acts, there is tremendous variation in their approaches to policy making (APRN
Consensus Work Group & the National Council of State Boards of Nursing APRN
Advisory Committee, 2008; Pohl, Hanson, Newland, & Cronenwett, 2010; Safriet, 2002;

Haas-Wilson, n.d.; Hartigan, 2011). For example, in some states, scope of practice is
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defined statutorily by state legislatures while others authorize their boards of nursing,
either independently or through shared rulemaking with their boards of medicine, to
establish scope of practice through regulatory mechanisms (Christian, Dower, & O’Neil,
2007). Similarly, state-to-state variation exists in the content of NP policies although
they typically address two broad dimensions—that is, “practice authority” (i.e., the
degree of NP independence in treating and diagnosing) and “prescriptive authority” (i.e.,
the degree of NP independence in prescribing medications or certain types of
medications such as controlled substances). While most states have granted NPs
practice independence—meaning that they are permitted to treat and diagnose
independently—others require some form of physician supervision in the form of
collaborative agreements, which are formal, written arrangements that stipulate the
process for physician consultation, referral, and/or oversight of NPs (Phillips, 2013).
Many states that have granted NPs the legal authority to practice have retained

restrictions in their prescriptive authorities (Table 1).

I.B.  Theories of Occupational Licensing

Several rival theories exist regarding the role of and need for occupational
licensing and regulation (Kleiner, 2000; Law & Kim, 2005; Olsen, 2000; Rose, 1979).
On the one hand, consumer protection theory asserts that limits to authority are
necessary to assure quality in markets where consumers have limited information and
difficulty discerning differences among practitioners (Akerlof, 1970; Arrow, 1963,
Leland, 1979). Seminal papers by Akerlof (1970) and Leland (1979) produce models,
which demonstrate that in markets characterized by information asymmetry—i.e., when
there are differences between the sellers and buyers’ certainty of product quality—
producers are inclined to supply poor quality. Akerlof (1970) draws on consumer

protection theory to explain why sellers of automobiles market low quality “lemons,” why
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average quality deteriorates, and why investments in quality improvement are not
routinely made. Leland (1979) provides the economic justification for using licensing
and standards setting to regulate quality. If a market for lemons exists in primary care,
as theorized by Akerlof and Leland, unrestricted NP practice environments would
produce lower quality than restricted environments.

Occupational restrictions can also be explained by “capture theory”—guild efforts
to persuade states to limit entry into specific professions for the benefit of those in the
profession and at the expense of the public. In this case, members of a professional
group—or some more organized form of them (e.g., trade group)—solicit coercive
government action for personal gain. While Milton Friedman (1962) and George Stigler
(1971) are among the economic theorists credited for introducing this conceptualization,
the notion that regulation results from professional self-interest is evident in works by
Adam Smith (1937). This theory explains various professional groups’ motivations for
seeking or opposing occupational restrictions and predicts the relative gains and losses
among those groups and the public resulting from such collective action. In practice,
“capture” by PCMDs would produce persistent restrictions among NPs, enable
anticompetitive behavior (e.g., barriers to entry, monopoly rents, and market division),
and result in reduced access to primary care especially those services most frequently
provided by NPs—patient counseling and education, physical assessment and screening,
management and coordination of acute and chronic illnesses, preventive care, referrals,
and diagnostic studies (Gaumer, 1984; Gellhorn, 1976; HRSA, 2014; Rose, 1985).

In contrast to either consumer protection or capture theories, a combination of
these alternatives is reflected in political economy theory, which contends that
professional groups and the public have an impact on licensure requirements in the form
of checks and balances (Peltzman, 1976; White, 1983; White, 1987). This model suggests

that the costs of action and the size and distribution of gains and losses anticipated by
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various interest groups will impact these groups’ political support for regulatory change.
With both professional groups and the public invested in a policy outcome, the existence
and form of any licensing decision is impacted by their collective and conflicting interests.
From this vantage, occupational control rests in the hands of a concentrated minority of
special interests and restrictions are a function of the relative magnitude and distribution
of costs and benefits to those various interests (White, 2004). Incremental and variable
shifts by states in their NP scope of practice provisions and a zero-sum game among
interested parties would signal evidence of this theory.

The growing demand for primary care, the relative abundance of NPs, and
ongoing NP restrictions among states have led policy makers to debate the need for
scope of practice restrictions (Fairman, Rowe, Hassmiller, & Shalala, 2011; Gilman &
Fairman, 2014; Iglehart, 2013; I0M, 2011); yet, the nature of the underlying and rival
theories and incomplete information about the consequences of NP independence
confound policy makers’ decisions. A 2012 analysis of states’ NP policies and review of
the literature by the National Governors Association (NGA) described the evidence gap
in the following way:

There remain significant gaps in research relevant to state rules governing NPs’

scope of practice. Although there is a growing body of evidence from health

services research that suggests that NPs can deliver certain elements of primary
care as well as physicians, there is a dearth of rigorous research that isolates the
effect of NP scope of practice rules on health care quality, cost, and access at the
state level. No studies included in this review were designed to measure

differences in health care quality, access, or costs between states with more and

less restrictive scope of practice laws (p. 10, 2012).

This study provides an opportunity to test some of the important theoretical and
empirical assumptions that substantiate NP restrictions as well as contribute to policy
makers’ understanding of the real-world benefits and risks of state-granted NP

independence. Using six years of data from the community health center subsample of

the National Ambulatory Medical Care Survey (NAMCS) (2006-2011)—which isolates

116



each “practitioner-patient visit unit” and identifies the state in which the visit occurred—
and quasi-experimental design including propensity score matching to reduce selection
bias, | examined the causal effect of state NP restrictions on social welfare. Specifically,
to determine whether such policies protect the public, | compared the quality of care

FkkKk

delivered by NPs in community health centers™ (hereafter referred to as “health
centers” [HCs]) located in restricted states and independent states. To determine
whether NP restrictions reduce access to services frequently delivered by these
practitioners, | compared patients’ utilization of NP-delivered physical exams, patient
education and counseling, imaging services, medications, and referrals by states’
independence status. Finally, to explore whether detected effects may result from
alternative explanations, I ran parallel tests comparing these same outcomes among
patients seen by PCMDs and PAs, separately. Results from these analyses served as a
“placebo”—that is, if PCMD- and PA-delivered care varied by states’ NP scope of practice,
differences were less likely a policy-effect and more likely the result of one or more
alternative phenomena.

The study was set in HCs—an important setting in which to situate this work
given their growing role in the U.S. health system, their continued expansion under the
ACA (Katz, Felland, Hill, & Stark, 2011; Ku et al., 2010; Ku, Jones, Shin, Byrne, & Long,
2011; HRSA, The Affordable Care Act and health centers, n.d.), and their mandate to
serve the needs of medically underserved and vulnerable communities (Doty, Abrams,
Hernandez, Stremikis, & Beal, 2010; Hicks et al., 2006). Aside from its contributions to

what is known about the nature and quality of care in HCs, to my knowledge, this study

*****

These include Federally Qualified Health Centers (FQHCs), which are organizations that
under section 330 of the Public Health Service Act, as amended, receive grants under the Health
Center Program, “look alike” health centers (FQHC-LASs), which are health centers that function
similarly to FQHCs, but without federal designation and eligibility for Section 330 grant support),
and Indian Health Centers (IHCs), which are outpatient health programs/facilities operated by
tribal organizations under the Indian Self-Determination Act, P.L. 96-638 or urban Indian
organizations under the Indian Health Care Improvement Act, P.L. 94-437 (HRSA, Health center
terminology tip sheet, n.d.
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is the first to examine the direct impact of NP restrictions on patient-level outcomes. In
doing so, it fills an important gap in the policy-relevant literature.

The paper is organized as follows. Section Il reviews the existing literature on the
impact of state scope of practice restrictions on NPs’ patterns of practice and quality of
care. Section Il1 provides an overview of the data and measures, and Section IV describes
the statistical analysis. | summarize my results in Section V and, in Section VI, conclude

with a discussion of the implications of these results for policy and practice.

1. Impact of State NP Scope of Practice Restrictions on Health Care
Outcomes

A structured review of the scholarly, empirical evidence was conducted to identify
original research published in English through October 2015 that explored the impact of
U.S. states’ NP practice environments on a range of primary care outcomes including
quality of care, cost effectiveness, and labor market indicators (e.g., supply).
Conventional search methods, multiple electronic bibliographic databases (e.g.,
PubMed/Medline, CINAHL, SCOPUS, EconLit, JSTOR, and ProQuest), and
combinations of search terms drawn from each database’s indexing taxonomy (e.g.,
nurse practitioner, practice nurse, nurse practice act, scope of practice, scope of nursing
practice, nursing license, state law, state regulation, legislation, jurisprudence, quality of
care, cost effectiveness, benefit cost analysis, income, labor supply) were used to identify
relevant evidence. Fourteen titles—the first of these published in 1992—were identified
through this approach.

Additionally, the 14 studies identified from this primary strategy were compared
to 15 studies that examined the impact of NP independence on health care delivery (i.e.,
workforce, access and utilization, and costs) between 1997 and 2005 from a recent

systematic review (Xue, Ye, Brewer, & Spetz, 2015). While the majority of studies were
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common to both reviews (n=10), those that were unique to Xue et al. and within the
scope of this research (n=4), were subsequently incorporated (Auerbach, 2000; Kaplan,
Skillman, Fordyce, McMenamin, & Doescher, 2012; Lin, Burns, & Nochajski, 1997; Pan,
Straub, & Geller, 1997).

Taken together, 18 studies examining the impact of state-granted NP
independence were identified and reviewed. Although a more detailed analysis of this
evidence—organized by outcome—is appended (see Appendix A), a number of key
findings and overarching themes emerge. First, these studies have predominantly
examined the impact of NP scope of practice on labor market and economic outcomes.
Eleven of the 18 studies addressed practitioner supply, utilization, or access and an
additional three titles addressed wages or income. It is only the more recent
contributions that have extended their breadth to include the impact of NP
independence on selected population-level health outcomes (Stange, 2014; Traczynski &
Udalova, 2014).

Second, researchers who have published on this topic have generally classified
state-granted NP independence as a dichotomous variable—that is, classifying each state
as being fully independent (or not independent) in practice authority, prescriptive
authority, or both—or a categorical attribute—that is, categorizing each state’s degree of
independence on a fixed set of values which reflect NPs’ legal practice authority (e.g.,
title protection, signature authority, practice restrictions) and prescriptive authority
(e.g., independence in prescribing legend and controlled substances).'t Fewer of the
studies use an alternative approach—a continuous index in each authority area or a
combined “independence score” for both authorities—and only six examined direct

third-party reimbursement as a third area of NP independence.

1111 In both of these cases, some researchers have also included a third category related to
restrictions in NP reimbursement.
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Additionally, while these studies’ primary goals were to examine the impact of
states’ practice environments on NPs, five of the 18 studies examined the cross-
occupational effects of these policies on PCMDs and/or PAs and a sixth study examined
the effect of NP independence on only physicians (Pittman & Williams, 2012). For
example, Dueker, Jacox, Kalist, & Spurr (2005) found that state NP independence was
associated with higher earnings for PAs. Auerbach (2000) found that greater NP
independence was associated with a statistically significant increase in the number of
PCMDs in the state. Pittman & Williams (2012) found no differences in the earnings of
primary care physicians (family and general practice physicians and pediatricians) or
surgeons in states that had granted NPs independence versus those that had not.

Overall, findings are somewhat mixed. On the one hand, there appears a
consistent and statistically positive relationship between state independence and key
measures of supply, utilization, and access—states with more independent practice
environments are likely to have greater supplies of and larger growths in their NP
workforces as compared to states with more restrictions. On the other hand, the
relationships are more nuanced and inconsistent as they relate to wages, income, and
expenditures. Few conclusions can be drawn about the impact of NP independence on
patient outcomes given the limited number of studies that have explored these
endpoints, limitations in their data sources, and conflicting results.

While these studies provide some insight into the relationships being studied, they
are not without limitations. For example, several drew heterogeneous samples which
combined NPs with other advanced practice clinicians including nurse midwives, clinical
nurse specialists, nurse anesthetists, and PAs. In these cases (Dueker et al., 2005; Kalist &
Spurr, 2004; Kaplan et al., 2012; Ku, Frogner, Steinmetz, & Pittman, 2015; Nichols, 1992),
the effect of state restrictions by practitioner type cannot be disentangled. Other studies

(Pittman & Williams, 2012; Reagan & Salsberry, 2013; Sekscenski, Sansom, Bazell,
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Salmon, & Mullan, 1994) used cross sectional data and were likely to suffer from omitted
variable bias. Among those that benefited from repeated cross sections, the absence of

visit-level data prevents analysis by practitioner type and introduces confounding.

I11. Dataand Measures
This study used six years of data (2006-2011) from two primary sources—the
National Ambulatory Medical Care Survey (NAMCS) and The Nurse Practitioner

Journal (NPJ).

I11.A. National Ambulatory Medical Care Survey (NAMCS)

This study’s primary source of data was NAMCS, a federally-conducted
multistage probability sample survey that annually collects data from patients seen by
office-based physicians in the United States. Because the “traditional” NAMCS sample
includes too few physicians practicing in HCs, beginning in 2006 and every year since, a
dual sampling procedure has been used to improve the precision of HC-based estimates.
Unlike the “traditional” NAMCS sample, the HC sample includes visits to both
physicians and non-physician clinicians in 104 Federally Qualified Health Centers
(FQHCSs), “look alike” health centers (FQHC-LAS), and Indian Health Centers (IHCs).###
Participating HCs are drawn from a roster compiled by HRSA, which provides federal
oversight and funding for the Health Center Program. For every HC, up to three
practitioners are randomly selected to participate in the survey from a list of all HC
physicians, NPs, PAs, and nurse midwives. Subsequently, each practitioner provides
encounter-level data for approximately 30 patient visits during a randomly assigned one-

week period. Over the six-year study period, unweighted, annual response rates, which

### referred to as the health center strata

121



account for HC-, practitioner- and visit-level response, ranged from 84% (2007 and
2009) to 88% (2006).58858

For this study, visits made to NPs in all HCs (i.e., FQHCs, FQHC-LAs, and IHCs)
were included in the analyses; however, to ensure appropriate attribution of outcomes at
the practitioner level, NP visits where the patient was also seen by a PCMD or a PA were
excluded. Each NP visit was identified by a four-digit practitioner code and its “linked”
three-digit patient visit codes, which enabled every visit to be appropriately assigned to
its “practitioner-patient visit unit.” Even after assignment, to be certain that patients
who were initially assigned to NPs but who were ultimately seen by nurse midwives
because of practitioner substitution were excluded, all visits that were made for prenatal
and post-partum reasons or diagnoses—identified via the National Center for Health
Statistics’ (NCHS) Reason for Visit Classification codes and International Classification
of Diseases, Ninth Revision (ICD-9) diagnoses—were deemed ineligible. These data and
study procedures were approved by The George Washington University Committee on
Human Research, Institutional Review Board (IRB #101446).

Nine NAMCS-derived outcomes served as dependent variables in this study—
three quality indicators, four service utilization measures, and two referral pattern
measures. The quality indicators were chosen from among nearly two dozen that have
been previously described, specified, and tested in the scholarly literature (Bishop,
Federman, & Ross, 2012; Chen, Farwell, & Jha, 2009; Goldman, Chu, Tran, Romano, &
Stafford, 2012; Kale, Bishop, Federman, & Keyhani, 2013; Linder, Singer, & Stafford,
2003; Ma & Stafford, 2005; Ma, Xiao, & Stafford, 2009; Romano & Stafford, 2011).
These measures and their specifications reflect agreed upon standards of practice

derived from formal recommendations, practice guidelines, and consensus statements of

55888 Because the HC-level facility data file for 2011 was not available from NCHS at the time of
this writing, response rate calculations could not be calculated for 2011.
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authoritative bodies such as the U.S. Preventive Services Task Force, National Institutes
of Health, medical societies, and professional associations that promote evidence-based
medicine or health care quality improvement. Additionally, they are consistent with
national priorities for quality improvement (DHHS, 2011) and with the with Institute of
Medicine’s general criteria for guiding the selection of health care performance measures
(I0OM, 2006) (Table 2).

Despite widespread acceptance of these measures among stakeholders and their
common use in research and quality improvement, most NAMCS-derived quality
indicators apply to narrow populations based on patient age, condition (e.g., congestive
heart failure, asthma, atrial fibrillation), or visit type (e.g., visits receiving physical
exams). These restrictions, combined with the relatively small size of the HC sample,
limited the number of indicators that could be meaningfully and reliably modeled in this
study; however, an initial subset of 19 indicators was considered viable. After examining
the frequency of eligible visits for each indicator, the three most prevalent were selected
for examination: smoking cessation counseling, depression treatment, and statin
treatment for hyperlipidemia (Table 3).

For the purpose of analysis, each quality indicator assumed a binary form—that
is, based on each indicator’s published specification, every visit was identified as being
eligible or ineligible for each quality indicator (1=eligible visit; O otherwise), and each
eligible visit was classified as receiving or not receiving “recommended care” (1=received
recommended care; O otherwise). In all cases, ICD-9 diagnosis codes, NCHS’
standardized drug classification codes (Lexicon Plus®, Cerner Multum™), and NAMCS
Reason for Visit Classification codes, disease checkboxes, and other survey items (e.g.,
diagnostic and screening services checkboxes) were used to specify each indicator.

In addition to the NAMCS-derived quality indicators, dozens of survey items

address the services ordered for or provided to a patient during an encounter, including
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diagnostic and laboratory tests, treatments and surgical procedures, and medications
and immunizations. Other items document visit disposition—that is, the post-visit
follow-up plan for the patient—such as returning to the HC at a specified time or being
referred to a hospital/emergency department. While the majority of these items were
not commonly marked during the study period, four service utilization items—physical
exams, imaging services, medications, and health education services—and two visit
disposition items—return at a specified time and referral to another physician—were
sufficiently prevalent to reliably model (Table 3). Each measure was separately modeled
assuming either a binary (i.e., 1=service was provided or referral was made; O otherwise)
or count form (i.e., total number of medications, total number of health education
services).

NAMCS also served as the data source for deriving covariates for statistical
control. Each patient-practitioner encounter is associated with dozens of standardized
visit-, practitioner-, and HC-level data elements (e.g., age, gender, race, ethnicity, payer
source). Across the study period, with the exception of race, ethnicity, and number of
past visits, item non-response rates were below 10%. Imputation by NCHS data analysts
using a model-based, single, sequential regression imputation method (NHCS, 2006-
2011) was used to populate missing cells for those variables with higher non-response
rates. A recent study examined the effect of NCHS’ single imputation approach and
found it to be as effective at representing the missing data uncertainty as multiple
imputation (Lewis et al., 2014). Moreover, to determine whether imputation introduced
bias in this study, descriptive and inferential statistics were re-estimated accounting for
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imputation of the race and ethnicity variables. While point estimates differed, in
nearly every case, their direction and statistical significance were unchanged; therefore,

all results presented in Section V include imputed values.

Fkk Kk

These results are available from the author upon request.
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I11.B. Nurse Practitioner Journal

Measures describing states’ NP regulatory environments were derived from The
Nurse Practitioner Journal’s Legislative Update (NPJ), which closely tracks federal and
state legislative and regulatory activities affecting NPs and publishes an annual inventory
of each state’s scope of practice and level of NP independence. Over the six-year study
period, NPJ assigned each state to a level of independence reflecting its legal practice
and prescriptive authorities:

Legal Authority to Practice

Level 4. The board of nursing has sole authority to define scope of practice,

with no statutory or regulatory requirements for physician
collaboration, delegation, direction, or supervision.

Level 3. The board of nursing has sole authority to define scope of practice;
scope of practice has a requirement for physician collaboration.

Level 2. The board of nursing has sole authority to define scope of practice;
scope of practice has a requirement for physician supervision.

Level 1. The scope of practice is authorized by the board of nursing and the

board of medicine.

Prescriptive Authority

Level 3. NPs are authorized to prescribe legend and controlled substances
independent of physician collaboration, delegation, or supervision.
Level 2. NPs are authorized to prescribe legend and controlled substances

with some degree of physician collaboration or delegation of
prescriptive
authority in statute or regulation.

Level 1. NPs are authorized to prescribe legend drugs only with some
degree of physician collaboration or delegation of prescriptive
authority in statute or regulation.

In these analyses, the predictor of primary interest was state-granted NP
independence. Using NPJ's categorization scheme and NAMCS' state codes, each
practitioner-patient visit unit was assigned to the state-year in which it occurred and
assumed that state’s level of independence. Using this general approach, adjustments
were made for all visits that occurred in Indian Health Centers (IHCs) since federal NP
scope of practice policies preempt state laws in such facilities (D. Price, consultant for

advanced practice nursing on the Indian Health Service’s National Council of Chief

Clinical Consultants, personal communication, July 1, 2015). Specifically, federal
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preemption extends full practice independence to NPs working in IHCs that are located

in restricted states. Prescriptive authority in these centers remains consistent with state
policies. As a result, every IHC visit was coded a “level-4” in practice authority and was

assigned a level of prescriptive authority consistent with the state in which the IHC visit
occurred.

Once each visit was appropriately coded, three different forms of the explanatory
variable were tested. First, two dichotomous variables—one representing each authority
area (practice, prescriptive)—were created. The variables were separately coded a “1” if
the visit occurred in a state that had granted NPs independence in that category (“0”
otherwise) and were entered into each model together. Second, a categorical variable
was created in each authority area. The variable representing practice authority had four
possible responses—one for each level of independence (4 being most independent; 1
being least independent)—while the variable representing prescriptive authority had
three categories (3 being most independent; 1 being least independent). Each variable
assumed the value that corresponded to that visit’s assigned level of independence, and,
once again, both variables were entered into each model. Third, for every visit a single,
dichotomous variable was created. It was coded a “1” if the visit occurred in a state that
had granted NPs full independence—that is, independent in both practice and
prescriptive authorities (i.e., commensurate with level-4 in practice and level-3 in
prescriptive authorities); a “0” otherwise.

Every model was estimated with each form of this variable; however, because
state policy makers tend to make decisions about independence in NP practice authority
separately from their decisions about NP prescriptive authority, a single variable that
combined practice and prescriptive authorities would be limitedly useful in the policy
making process. For example, between 2006 and 2011, 14 states made changes to their

NP scope of practice policies—10 made changes in NP practice authority and 4 in NP
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prescriptive authority (Table 1). Over the six year period, no single state made changes
in multiple years and none made changes in both categories any single year. Based on
these trends and to optimize this study’s policy-relevance, estimates presented in Section
V reflect the first approach—that is, two dichotomous variables (1=independent, O
otherwise)—one representing each authority area (indept_pract, indept_rx). Estimates
derived from each of the alternative forms of the predictor have been appended (see

Appendix Table B.1. through Appendix Table B.6.).

IV.  Statistical Analysis

NP visits were pooled across the six-year study period and summary statistics
were generated to describe both the sample and the population from which the sample
was drawn by state-granted NP independence. NAMCS visit weights—which account for
the probability of selection, non-response, ratio of visits to fixed totals, seasonal
adjustments, and outlier values—and adjustments for survey design (e.g., clustering)
were used to obtain national estimates. Stata/SE® 12.1 (2011) was used for computing
all statistics.

To test the primary hypothesis—that state-granted independence has no effect on
NPs’ practice patterns or quality of care in HCs—multivariate regression models were
used to separately estimate the impact of NP independence on each of the nine outcomes
of interest. While estimates were first generated using ordinary least squares (OLS), the
constrained nature of the outcomes and their non-normal distributional properties
necessitated different estimators. To this end, maximum likelihood estimation and
logistic regression were used for binary outcomes. Negative binomial regression, which
is preferable to Poisson regression when data are highly variable (i.e., overdispersion;
variances are larger than means) (Gardner, Mulvey, & Shaw, 1995), was used for count

outcomes. Because of presumed heteroskedasticity, robust standard errors were
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estimated and reported, which is consistent with contemporary recommendations in this
area (Solon, Haider, & Wooldridge, 2013).

In each case, unweighted regression estimates were produced along with
weighted, national estimates. Although there is debate regarding the need for survey
weights for causal inference (DuMouchel & Duncan, 1983; Gelman, 2007; Korn &
Graubard, 1995; Solon et al., 2013), there is some agreement that when a survey’s
sampling design is informative—that is, when the probability of selection is correlated
with the response variable even after conditioning on explanatory variables—sampling
weights be used (for example, see Korn & Graubard, 1995). NAMCS’ design deliberately
oversamples respondents from highly populous geographic units—a pattern that mirrors
known variations in quality. For example, Jencks et al. (2003) found that less populous
states and those located in the Northeast performed better on a variety of quality metrics
than more populous states and those located in the Southeast. Other researchers have
similarly discovered regional variations in quality (for example, see Berkowitz
Gerstenblith, Herbert, & Anderson, 2009; Fisher & Wennberg, 2003; Goodman,
Brownlee, Chang, & Fisher, 2010; Schroeck et al., 2014; Zhang, Baicker, & Newhouse,
2010). Given the possibility of an informative design, every model was re-estimated with
sampling weights and survey design variables.

In terms of covariate selection, a bottom-up approach to econometric
specification was used (Studenmund, 2011). For each outcome, this meant starting with
parsimonious models, which included the predictor of primary interest—that is, state-
granted independence (indept_pract, indept_rx). A variety of patient-, practitioner-,
and HC-level covariates were added based on underlying theory, previous research, and
common sense. Potential correlates were based on those used in related studies
including nearly a dozen that examined one or more of the NAMCS-derived outcomes of

interest (Abbo, Zhang, Zelder, & Huang, 2008; Bishop et al, 2012; Bruen, Ku, Lu, & Shin,
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2013; Chen et al., 2009; Goldman et al., 2012; Kale et al. , 2013; Linder et al., 2003; Ma
& Stafford, 2005; Ma et al., 2009; Nerurkar, Bitton, Davis, Phillips, & Yeh, 2013;
Romano & Stafford, 2011). These included the patient’s age, gender, race, ethnicity,
payer, educational level, number of chronic conditions, number of past visits, reason for
visit (e.g., preventive care, chronic disease management), primary diagnosis, whether the
patient was new to the HC or had been seen before, whether the patient had been
referred, metropolitan status, region, and visit year. Others included the practice type
(e.g., solo, group; physician office, HC), practitioner’s employment status (e.g., owner,
employee, contractor), physician’s specialty as well as the number of managed care
contracts. ™t In those cases where variables reflecting known predictors were not
available in NAMCS or missing values limited the use of an available predictor,
reasonable proxies were explored. For example, the percent of the population with a
high school diploma or higher based on the patient’s zip code was used as a facsimile for
the patient’s level of education, which is not available in NAMCS.

In all cases, each variable’s values were closely examined, transformations were
made, and summary statistics and bivariate associations were examined to determine the
strength and direction of associations. Covariates were added—in some cases interacted
with existing predictors and in others as higher power terms—and their expected signs,
statistical significance, contribution to overall fit, and effect on other covariates were
used to diagnose specification error. Along with results from graphical (e.g., scatterplots
of residuals, Lowes graphs, predictive power classification tables and
sensitivity/specificity curves) and statistical tests (e.g., link, Pearson or Hosmer-
Lemeshow goodness-of-fit) to ensure linearity and optimal fit, backward/ forward

stepwise regression was used as an adjunct to confirm covariate selection.

1111t Because each quality indicator’s inclusions, exclusions, and contraindications were precisely
specified (see Table 3), these researchers explicitly did not adjust for additional clinical
characteristics.
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Ultimately, the regression models that predicted the quality indicators included
the following covariates: age (less than 1 year—103) and age squared, gender, race (black,
other), ethnicity (Hispanic, other), payer source (private insurance, Medicare, Medicaid/
State Children’s Health Insurance Program [SCHIP], self-pay, other), metropolitan
status (rural, other), region (Northeast, Midwest, South, West), number of chronic
conditions (0-11) and number of chronic conditions squared, HC type (FQHC, other),
percent of the population with a high school diploma or higher based on the patient’s zip
code, and visit year. The regression models that predicted each service utilization and
referral pattern measure included these same covariates with visit type (new problem,
chronic problem, preventive care, pre-/post-surgical care) substituting for the number of
chronic conditions and number of chronic conditions squared variables. Together, each

model assumed the following functional form:

o2 Bi X;
Pr(Yiph =1) = —(1 T BiXi)
1
Pr(Yipn = 0) = m
Pr(Yipn =1)  eXBiXi 1

Prhin =0)  [1+ 2Bt [1+e2Bix]

where:
2 BiX; = Bo+ Biindept_practipy + Bindept rx;y, + Bavisitipy + Bapractipy +
BsHCipnn + BsYeariph +  &ipn

i=patient/visit p=practitioner h=health center

Y=quality indicator (binary) OR service utilization measure (binary or count) OR
referral measures (binary)

indept_pract=visit occurred in state with independent NP practice authority (binary)
indept_rx=visit occurred in state with independent NP prescriptive authority (binary)
visit=vector of visit characteristics (e.g., age, gender, race, ethnicity)

pract=vector of practitioner characteristics (e.g., rural/urban)

HC=vector of health center characteristics (e.g., HC type[FQHC, other])
Year=indicator variable for each year 2006-2011

The terms of greatest interest were 8, and 8,, which reflected the “change in the log odds

of receiving recommended care for ‘X’ (or ‘X’ service; ‘X’ referral) when seen by an NP in
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a state with independent practice authority (#,) and/or independent prescriptive
authority (8,) compared to a restricted state (reference) in a HC,” holding all else

constant.

IV.A. Propensity Score Matching

In addition to these multivariate regression models, propensity score matching
was used to reduce selection bias resulting from patterns of non-random sampling. For
example, it is well established that state policy adoption does not occur randomly—
political, economic, and geographic factors tend to predict the timing and pattern of
diffusion (Berry & Berry, 2007; Walker, 1969; Zhou, 1993). As it applies to NP scope of
practice, states’ adoption patterns could be endogenous with their residents’ health
status or the quality of their health care delivery system. At the same time, practitioner-
patient visit assignments are not likely arbitrary and non-random patterns of assignment
are likely to result in systematic differences in the treatment and control groups which
confound outcomes. Moreover, certain characteristics—both observed and unobserved—
predispose people’s residential choices. If those same characteristics also influence their
health care outcomes, selection will bias estimates. Propensity score matching (PSM),
which can be implemented in various ways, was used in combination with post-matching
multivariate regression analysis to address these selection issues and improve the
balance between the treatment and control groups on key observables.

Propensity score matching mimics experimental design by pairing treatment
units with control units that are as similar as possible based on their observable
characteristics. This attempts to equalize the groups and enables direct comparisons in
their outcomes. As described by Rosenbaum & Rubin (1983):

In randomized experiments, the results in the two treatment groups may often be

directly compared because their units are likely to be similar, whereas in
nonrandomized experiments, such direct comparisons may be misleading because
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the units exposed to one treatment generally differ systematically from the units
exposed to the other treatment. Balancing scores,...can be used to group treated and
control units so that direct comparisons are more meaningful (p. 42).
The propensity score represents the conditional probability of assignment to treatment
given the observed covariates.

There is considerable practical guidance in the literature regarding PSM
(Caliendo & Kopeinig, 2008; Dehejia & Wahba, 1999; Heckman, Ichimura, & Todd,
1997; Rosenbaum & Rubin, 1983; Rosenbaum & Rubin, 1985; Rubin & Thomas, 1996;
Smith & Todd, 2001). In general terms, it requires specification and estimation of a
propensity score, choice of a matching algorithm, evaluation of the sufficiency of the
match, and analysis of the outcome and treatment effect. As these steps apply to this
study, | first modeled the propensity for treatment—that is, being seen by an NP in an
independent state (indept_pract + indept_rx = indept_both). To do this, | used the
bottom-up approach to econometric specification previously described (Studenmund,
2011), and | selected observables based on their empirical and theoretical relationship to
treatment assignment (Caliendo & Kopeinig, 2008; Harder, Stuart, & Anthony, 2008;
Heckman et al., 1997, Rubin & Thomas, 1996; Stuart, 2010). While no single study had
described this precise phenomenon—the predictors of receiving care from an NP located
in an independent state—I drew on two sources to make my choices. First, summary
statistics—which were generated to describe the sample and the population from which
the sample was drawn—distinguished the visit, practitioner, and HC-level characteristics
on which the treatment and control groups initially differed. These variables were used
to predict the propensity score. Second, an existing evidence base characterizes states’
adoption of deregulatory policy, occupational licensing, and NP independence (for
example, see Albert & Butar, 2004; Andrews, 2000; Ardoin & Grady, 2006; Declerq,
Paine, & DeJoseph, 1998; Derthick & Quirk, 1985; Ka & Teske, 2002; Lutz, 1986;

Sekscenski et al., 1994; White, 1996; Zhou, 1993). Predictor variables, drawn from this
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evidence base, were also pursued: favorable practice environment for other health care
practitioners (e.g., PAs, physical therapists, dentists), geographic location (i.e., West and
Northwest; not in the South), high primary care practitioner population density, state
political control (Republican, Democratic, other), percent of state neighbors with NP
independence, percent of population below poverty level, and Medicaid discharges per
1000 population. In those cases where variables reflecting known predictors were not
available in NAMCS or missing values limited the use of an available predictor,
reasonable proxies were explored. For example, a variable reflecting the number of
physicians in the HC was used as an alternative to one reflecting the county’s primary
care shortage area designation, which was not collected in NAMCS in 2010 or 2011.

Although these procedures for modeling a propensity score generally conform to
those described in the literature, in my application of PSM, | also considered
adjustments—consistent with the published evidence—to accommodate NAMCS’
complex survey design and hierarchical data structure. These are discussed in the
sections that follow.

Propensity Score Matching with Survey Data. There are relatively few studies
that inform the application of propensity score matching in a complex survey design
environment. In aseminal paper on this subject by DuGoff, Schuler, & Stuart (2014), the
authors acknowledge that few guidelines exist. Specific recommendations made by them
include: (1) incorporating the factors that are captured in the survey weight or,
alternatively, incorporating the survey weight itself—along with strata or cluster
identifiers—in the propensity model; (2) estimating the propensity score without regard
to the design elements (i.e., not employ a weighted regression); and (3) accounting for
the survey design elements in the final outcome model based on the presumption that
the analyst’'s aim is to make population-level inferences (DuGoff et al., 2014). In acting

on these recommendations, | tested and assessed the quality of various propensity score
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models—respecifying them several times with and without the variables reflecting the
survey design, sampling weight, strata indicator, and practitioner marker—and with
different matching algorithms (e.g., nearest neighbor, radius, caliper) before arriving at
the final model. 1 relied on conventional statistical and graphical diagnostics useful for
revealing imbalances across the treatment and control groups and match “quality” to
guide my final choices. These included the overall size of the matched sample, the
relative sizes of the matched and unmatched and treatment and control groups and their
degree of overlap and common support, differences in the mean values of each covariate
for the matched treatment and control groups as well as two-sample t-tests to check for
statistical significance, percent reduction in bias, standardized percentage bias,*## and
summary statistics reflecting the overall mean bias, overall median bias, and Rubin’s B
and R statistics$888—which should be less than 25% and 0.5-2.0, respectively.
Propensity Score Matching with Hierarchical Data. In my review of the
literature, |1 found a limited number of studies addressing the theoretical and/or
practical application of propensity score matching in a hierarchical data environment
(Arpino & Mealli, 2011; Hong & Raudenbush, 2006; Kelcey, 2011; Kim & Seltzer, 2007;
McCormick, O’Connor, Cappella, & McClowry, 2013; Rickles, 2012; Stuart, 2007). A
technical report in the field of education by Kim & Seltzer (2007) recommends the use of
multilevel propensity score models when factors that predict treatment vary by level:
...a key challenge in applying propensity score methodology in multisite
investigations is that the process by which students wind up in treatment or
control conditions may differ substantially from school to school. For example,
in the case of certain programs or services, the factors that are strongly predictive
of treatment group membership in some schools, may be relatively

inconsequential in others. That is, we may conceive of the selection process as
being multilevel in nature. In such cases, researchers may consider multilevel

#i##: percent difference of the sample means in the treated and non-treated samples as a
percentage of the square root of the average of the sample variances in the treated and non-
treated groups

888888 Rubin’s B is the absolute standardized difference of the means of the linear index of the
propensity score in the matched treated and non-treated group. Rubin’s R is the ratio of treated
to (matched) non-treated variances of the propensity score index.
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models for the estimation of propensity scores to properly capture differences

across schools in how strongly or weakly various pretest covariates are related to

the likelihood of treatment assignment (2007, p. 2).

Although NAMCS'’ data reflect a three-level hierarchy (visits, practitioners, HCs), the
treatment in this experiment is determined at a state level. This ruled out the possibility
that treatment assignment could vary at any of the hierarchy’s three, lower levels. For
this reason a multilevel model for estimating the propensity score was not justifiable.

In the end, maximum likelihood estimation and a single-level unweighted logit
model were used to estimate the propensity score, which can be expressed as the
conditional probability (P) of assignment to treatment (T). In this case, treatment
reflected being seen by an NP in state that had granted NPs full practice and prescriptive
independence (indept_pract + indept_rx) and assumed a binary form—i.e., “1” if the
visit occurred in a state that had granted NPs independence in both practice and
prescriptive authorities (indept_both), “O” otherwise—given the observed covariates (X):

ei(X;) = P(T; = 11 X;)
where (X) was a vector of predictors that included: visit type (new problem, routine
chronic problem, flare-up of a chronic problem, pre-/post-surgery, preventive care), race
(Black, other), metropolitan status (rural, other), region (Northeast, Midwest, South
West), payer (Medicaid/ State Children’s Health Insurance Program [SCHIP], other),
number of physicians in the office (1-18), type of practice (solo, single specialty,
multispecialty), HC type (FQHC, FQHC-LA, IHC), and primary sampling unit/stratum
identifier but not the survey weight.

Once estimated, | used the propensity score to create a matched sample.
Numerous matching algorithms, each reflecting different combinations of the following
three characteristics—number of comparison units from the control group for each
treatment unit, distance between the matches, and number of times a comparison unit

can be matched (i.e., with or without replacement)—have been described in the literature
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(Dehejia & Wahba, 2002; Smith & Todd, 2005). Regardless of which algorithm is used,
tradeoffs in bias and efficiency exist:

...performance of different matching estimators varies case-by-case and depends

largely on the data structure at hand...Pragmatically, it seems reasonable to try a

number of approaches. Should they give similar results, the choice may be

unimportant. Should results differ, further investigation may be needed....”

(Caliendo & Kopeinig, 2008, p. 45).

Based on its simplicity and usefulness as a baseline from which to gauge the
performance of other algorithms, I initially used nearest neighbor matching (1:1)—also
referred to as pairwise matching—with replacement. The ‘with replacement’ option
seemed reasonable given the relatively small pool of untreated observations from which |
had to draw the match for several outcomes studied—for example, approximately 250
treated observations and 470 untreated observations for the quality indicator,
depression treatment. In simple terms, generating the matched sample required
randomly ordering the observations and taking each observation in the treatment group
and finding an observation in the control group with the closest propensity score. (Note:
The user-developed Stata command psmatch2 was used to implement this routine.)

While logical, this initial strategy failed to produce suitable matches for some
outcomes—a conclusion reached by checking balance and overlap. This specifically
entailed examining common diagnostics such as the density of propensity scores for the
treated and untreated groups and the distributions of the covariates before and after
matching. To address this shortcoming, | explored several alternative approaches to
matching based on the “pragmatic” exercise described by Caliendo & Kopeinig (2008).
For example, to increase the match quality, | restricted the distance between the matches
(i.e., caliper) and then increased the number of matches from 1:1 (nearest neighbor) to
5:1. Because of persistent difficulty | had balancing selected covariates (e.g., region,

payer), I also used Mahalanobis matching, which is based on the sample covariance

matrix of the matching variables from the full set of controls. Unfortunately, it failed to
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perform well given the non-normal distributions and the number of covariates in the
model—a well documented limitation of this approach (D’Agostino, 1998; Stuart, 2010).
Finally, I used radius matching, which imposes a caliper distance restriction but relaxes
the number of matches from nearest neighbor (1:1) to all of the comparison group units
within the caliper (see Dehejia & Wahba, 2002, Smith & Todd, 2005). This approach
produced optimal—although not ideal—results and was implemented using a caliper
width that was consistent with consensus recommendations (i.e., one-quarter of a
standard deviation of the sample estimated propensity score [see Guo & Fraser, 2015;
Rosenbaum & Rubin, 1985]) while allowing it to vary depending on the data structure,

outcome, and diagnostics.

IV.B. Post-Matching Analyses

After balancing the treatment and control groups, | separately re-estimated the
effect of NP independence on each outcome using the identical approach to multivariate
regression modeling previously described—that is, specifying the dependent and
independent variables in the same ways and employing the same covariates (see Section
IV.A).

Additionally, while the study aimed to examine the impact of state-granted NP
independence on NPs, to rule out alternative explanations, these analyses were repeated
for PCMDs and PAs, separately. While the methods previously described were repeated,
adjustments were made in response to each subsample’s data structure and size. Merely
as examples, | used the same models and matching algorithm (i.e., radius) for creating
the matched samples for the PCMD and PA samples; however, because there were
approximately three times the number of PCMD visits as NP visits, | was able to use
narrower caliper widths and achieve reasonable match quality. Alternatively, the PA

sample was approximately one-half the size of the NP sample, so the caliper widths used
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in the matching algorithms tended to be wider. For every outcome and for both samples
(PCMD and PA), diagnostics were consistently used to assess balance, overlap, and
match quality. Once matched samples were generated, my approach to post-matching
regression analysis was unchanged for these additional practitioner samples—that is, |
used maximum likelihood estimation, separate logistic or negative binomial regression

models for each outcome, and employed the same covariates previously described.

V. Results

Over the combined, six-year study period, data from approximately 350 NPs—
representing a population of approximately 3,300—were collected in NAMCS. The
majority of these practitioners were female (93%), White (88%), non-Hispanic (94%)
and located in FQHCs (91%). Twenty-two percent of NPs indicated that they practiced in
rural settings and 19% were located in states that had granted NPs full independence.
The characteristics of NPs in independent states were similar to those in restricted states
(Table 4A).

After excluding visits to nurse midwives and those seen by more than one
practitioner (i.e., NP+PCMD, NP+PA), the sample included 28,617 visits attended by an
NP, PCMD, or PA. Approximately 22% of these were made to NPs (n=6,498) while 66%
were made to PCMDs and 13% to PAs. The distribution of patient visit characteristics by
states’ independence status varied (Tables 5A). For example, patient visits to NPs in
independent states were more likely to be located in the Northeastern or Western
regions of the country and counties designated as wholly primary care shortage areas. At
the same time, these patients were less likely to be Black and more likely to be seen for
new or chronic problems. These descriptive statistics are consistent with those most
recently reported by Morgan, Everett, & Hing (20144, 2014b) for the NAMCS HC sample

over five of the six years. Separate summary statistics are provided for PCMDs and their

138



18,644 visits (Tables 4B and 5B) and PAs and their 3,475 visits (4C and 5C) by state-

granted independence.

V.A. Outcomes by State Independence (full, unmatched sample)

Regarding the primary research question and its related hypothesis—that state-
granted NP independence has no effect on NPs’ practice patterns or quality of care—
across the outcomes studied, there was little evidence to reject the null hypothesis (Table
6). Among two of the responses examined—smoking cessation counseling and physical
exam—no statistically significant differences by state level of independence were
detected. On nearly every other outcome for which differences were observed, the
differences did not persist once adjustments were made for the survey’s complex design.
For example, visits to NPs in states that were independent in prescriptive authority had a
lower adjusted odds of receiving statin treatment for hyperlipidemia (adjusted odds ratio
[AOR] 0.40; 95% CI1 0.22-0.74; p<0.01) and visits to NPs in states that were
independent in practice authority had a lower adjusted odds of receiving imaging (AOR
0.67; 95% CI 0.50-0.89; p<0.01), but these differences did not persist once estimates
accounted for NAMCS’ complex survey design. The only measure for which detectable
differences remained stable after weighting was the total number of educational services.
In this case, both weighted and unweighted estimates suggest that patients seen by NPs
in states with independent prescriptive authority received more health education
services than those seen by NPs in restricted environments (adjusted incidence rate ratio
[aIRR] 1.65-1.67; p<0.01).

Results from the “placebo” tests demonstrated some similar patterns (Tables 7
and 8). That is, the majority of outcomes appeared unaffected by states’ independence
status (e.g., among PCMD visits see smoking cessation counseling, statin treatment for

hyperlipidemia, physical exam, imaging, return visit, physician referral; among PA visits,
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see smoking cessation counseling, statin treatment for hyperlipidemia, physician exam,
health education services, and imaging). For the most part, while NP scope of practice
did not affect the quality of care delivered by PCMDs or PAs, exceptions did exist. For
example, the number of health education services ordered/provided and medications
ordered, supplied, administered or continued by patients seen by PCMDs were generally
higher in states that had granted NPs prescriptive independence. Adult patients with
depression who were seen by PCMDs had an increased likelihood of receiving
recommended treatment in independent states (although in the unweighted analysis the
higher AOR was associated with independent practice authority, and in the weighted
analysis, it was associated with independent prescriptive authority). Among patients
seen by PAs, the number of medications ordered, supplied, administered or continued
during patient visits was consistently higher in states that had granted NPs practice or

prescriptive authority (alRR 1.32-1.35; p<0.01).

V.B. Outcomes by State Independence after Propensity Score Matching

Results from the various matching algorithms that were previously described (see
Section IV.A.) are presented for a single outcome—smoking cessation counseling—in a
series of tables (Tables 9A-9D) and figures (Figures 9A-1 through 9D-2). Based on the
algorithm, each table provides a summary of the statistics used to diagnose match
quality. These include differences in the mean values of each variable for the matched
and unmatched and treatment and control groups, results from t-tests (null hypothesis
that the means are no different), percent reduction in bias, and standardized percentage
bias (Rosenbaum & Rubin, 1985). Finally, summary statistics reflecting overall mean
bias, overall median bias, and Rubin’s B and R statistics—which should be less than 25%

and 0.5-2.0, respectively—were also diagnostically useful.
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Each table is followed by two graphs, which provide a visual portrayal of
covariate balance. Specifically, the first graph displays the distribution of the propensity
scores for the treated and untreated groups with color coding to indicate the
observations outside (“off”) the region of common support (i.e., treatment observations
whose propensity score was higher than the maximum or lower than the minimum
propensity score of the untreated). The region of common support—that is, where the
treated and untreated groups’ propensity scores overlapped (e.g., observations shaded
red and blue on Figure 9A-1 through Figure 9D-1)—represents the subset of observations
that were most similar. Because direct comparisons between these groups’ outcomes
would not have been valid outside this region (e.g., observations shaded green on Figure
9A-1 through Figure 9D-1), they were disregarded in subsequent analyses.

The second set of histograms (Figure 9A-2 through Figure 9D-2) displays the
distribution of the standardized percentage bias across covariates before and after
matching. Reductions in bias (i.e., a narrowing and clustering of observations around
zero) provided further evidence of covariate balance. While post-match imbalances
persisted for this outcome (smoking cessation counseling) regardless of the matching
algorithm used, radius matching performed optimally as evidenced by the number of
variables for which differences in the mean values were reduced and no longer
statistically significant (5 of the 9 variables), reduction in the standardized percent bias
for each covariate, and reductions in overall mean bias from 33.8 to 14.5, median bias
from 27.2 to 10.7, and Rubin’s B and R statistics from 147.1 to 53.6 and 0.48 to 1.45,
respectively (see Table 9D and Figures 9D-1 and 9D-2).

It should be noted, that these diagnostics are presented for a single outcome—
smoking cessation counseling. In general, because of smaller sample sizes, producing
high quality matches proved more difficult for each of the quality indictors than for any

of the service utilization and referral pattern measures. For example, using radius
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matching, the following diagnostics were reported for the outcome, physical exam:
differences in the mean values for 7 of the 9 covariates were reduced and no longer
statistically significant; across all covariates, the standardized percent bias ranged from
1-12%; in terms of overall performance, the mean bias was reduced from 33.6 to 5.8, the
median bias from 26.4 to 5.8, and Rubin’s B and R were reduced to 23.6 and 0.61,

respectively.

V.C. Post-Matching Regression Analysis (propensity score matched sample)

Among patients seen by NPs, the effects of state-granted NP independence—pre-
and post-match—are presented in Table 6. On most outcomes, while differences in the
point estimates from the full sample and the propensity score matched sample analyses
were evident, the direction and statistical significance of these effects were largely—but
not exclusively—unchanged. For example, for two outcomes—i.e., the number of health
education services (alRR 1.66-1.73; p<0.01) and medications (aIRR 1.16-1.26; p<0.01)—
higher adjusted incidence rate ratios in states with independent prescriptive authority
persisted after matching and weighting. Similarly, a lower odds of receiving a statin for
hyperlipidemia in states with prescriptive independence persisted after matching but
only in the unweighted analysis (AOR 0.45; 95% CI 0.23-0.86; p=0.02). Conversely, a
higher odds of receiving a physician referral in states with independent practice
authority remained large and statistically significant after matching but only in the
weighted analyses (AOR 1.87; 95% CI 1.09-3.24; p=0.02).

These same comparisons can be made across outcomes for PCMD patient visits
(Table 7) and PA patient visits (Table 8). With a few notable exceptions, pre- and post-
match estimates within each practitioner group were also generally consistent. For
example, after matching, PCMD patient visits were less likely to receive recommended

statin treatment for hyperlipidemia in states with independent practice authority in the
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unweighted analysis (AOR 0.77; 95% CI 0.59-1.00; p=.05). Additionally, patients seen
by PAs in states that had granted prescriptive independence had fewer health education
services ordered/provided (alRR 0.81; 95% CI 0.68-0.97; p=0.02) and were less likely to
receive physical exams (AOR 0.58; 95% CI 0.36-0.94; p=0.03) although these effects did
not persist after weighting.

Weighted and unweighted estimates—before and after matching—for all three
practitioner groups are presented in Tables 10A and 10B. For the most part, the effects
of NP independence were not consistent across practitioners. The only exception was
the number of medications (unweighted). In this case, the number of medications
ordered, supplied, administered or continued during patient visits was higher in states
that had granted NPs independent prescriptive authority regardless of the practitioner
seen (alRR 1.16; 95% CI 1.07-1.25; p<0.01 [NPs], 1.07; 95% CI 1.02-1.12; p<0.01
[PCMDs], 1.21; 95% CI 1.08-1.36; p<0.01 [PAs]). Across all other outcomes, effects
varied—in direction and/or statistical significance—by practitioner type. For example, in
the unweighted analyses (Table 10A), patients seen by PAs were less likely to receive
physical exams in states that had granted NPs prescriptive authority (AOR 0.58; 95% CI
0.36-0.94; p<0.05) while no statistically significant differences on this outcome could be
detected among visits to NPs or PCMDs. Similarly, in the unweighted, post-match
analysis visits to NPs in states with independent practice authority were less likely to
have imaging services ordered/provided (AOR 0.68; 95% CI 0.51-0.91; p=0.01) while no
statistically significant differences were detected on this outcome among visits to PCMDs
or PAs. Similar patterns—that is, consistent effects within each practitioner group but

differences across groups—were also observed in the weighted analyses (Table 10B).
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V.D. Categorizing the Overall Effect of State-granted NP Independence on NP Patterns
of Practice and Quality of Care

Taken together, findings suggest a limited NP scope of practice effect. In this
instance, | use limited to mean few associations and small differences by state practice
environment that generally did not reach levels of statistical significance or that were not
stable across estimation and adjustment approaches. On the basis of this definition, |
provide a heuristic (Table 11), which organizes the study’s principle findings (Sections
V.A.-V.C\) into five categories: (1) no detectable effects regardless of the estimation or
adjustment approach (smoking cessation counseling, physical exam); (2) measurable
effects that did not persist once estimates were adjusted for NAMCS’ complex survey
design and addressed selection bias through propensity score matching (return visit);
(3) measurable effects that did not persist once estimates were adjusted for NAMCS’
complex survey design but that did persist with propensity score matching (statin for
hyperlipidemia, imaging, physician referral); (4) measureable effects that did not persist
once estimates addressed selection bias through propensity score matching but that did
persist with survey weighting (depression treatment); (5) persistent effects regardless of
the estimation or adjustment approach (number of health education services, number of
medications).

In addition to its intuitive appeal, this categorization reveals three notable trends.
First, none of the quality indicators fell into category #5 (persistent effects). Second,
independent prescriptive authority was associated with fewer statistically significant
effects than practice authority (4 versus 6). Finally, across all measureable effects—
regardless of their magnitude or stability—NP independence was equally likely to
increase or decrease the odds (or incidence) of an outcome. For example, NP practice
authority increased the adjusted odds/incidence rate ratios (i.e., AOR or alRR > 1) on

three of six outcomes (depression treatment, return visit, physician referral) while NP
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prescriptive authority increased the adjusted odds/incidence rate ratios on two of four

outcomes (health education services, medications).

VI. Discussion

The growing demand for primary care in the United States coupled with a
shortage of PCMDs that is expected to worsen over the next decade have sparked a
national debate about the adequacy of the health care workforce and the options for
closing the primary care workforce gap. Among the most frequently discussed solutions
is expanding the use of non-physician clinicians, especially NPs. While this solution has
some appeal, it is contingent on states removing restrictions in their NP scope of practice
policies—i.e., barriers that limit the clinical boundaries under which NPs operate; yet,
little research informs the consequences of such state action. A 2012 review of the
evidence by NGA found significant gaps in the research and urged researchers to study
the potential impact of states’ easing their scope of practice restrictions (NGA, 2012).

This study was motivated by this gap in the evidence and was designed to provide
policy makers with actionable information on which to base their reform decisions—
specifically, to produce valid and nationally representative estimates of the effect of NP
independence on social welfare. This was achieved by isolating visits to NPs, identifying
those that occurred in independent versus restricted states, comparing nine different
patient-level outcomes (i.e., three quality measures, four measures of service utilization,
and two measures of referrals made) by states’ independence status using multiple,
alternative specifications for independence, and—separately and collectively—adjusting
for NAMCS'’ complex survey design and presumed selection bias vis-a-vis propensity
score matching. While estimating the effect of state-granted NP independence on NP

patterns of practice and quality of care was this study’s primary aim, to rule out the
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possibility of alternative explanations, analyses were repeated with patient visits to
PCMDs and PAs, separately.

Study results, which demonstrate a limited NP scope of practice effect (e.g., few
associations and small differences by states practice environment that generally did not
reach levels of statistical significance or that were not stable across estimation and
adjustment approaches), have important implications for policy and practice. First, in
general terms, findings suggest that quality does not vary substantially by state NP
practice environment, which challenges the use of NP restrictions for consumer
protection. If restrictions were effective in protecting consumers from suboptimal care—
that is, at assuring quality in a market characterized by information asymmetry—than
visits to NPs in restricted states would have been associated with statistically significant
higher quality of care than visits in unrestricted states. Findings did not generally
conform to this pattern (for example, state independence had no detectable effect on
smoking cessation counseling and had an unstable and bidirectional effect on depression
treatment depending on the authority area examined).

At the same time, NP restrictions were associated with changes in the provision
of NP services—for example, reducing the number of health education services and
medications and increasing the likelihood of imaging and return visits. While the
consequences of these differences are unknown, if they reflect underuse and result from
barriers to care that is medically necessary, NP restrictions could exacerbate existing
disparities in access among low income, uninsured, and minority populations who
frequently receive their care at HCs. At the same time, if these service differences reflect
overuse, misuse, and/or waste, these changes could prove cost effective and welfare
enhancing.

That independent prescriptive authority was associated with an increase in the

number of medications suggests that restrictions—which, in some states, require NPs to
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obtain physician cosignatures on prescriptions—might prove sufficiently burdensome to
change these practitioners’ prescribing habits. Findings from recent qualitative studies,
which have examined the organizational climate in a variety of primary care settings
(e.g., physician offices group, practices, outpatient clinics, and HCs) and the influence of
climate on NP practice, have echoed the burdens associated with state restrictions and
described how these burdens extend beyond NPs to influence both PCMDs, who have to
provide NP oversight, and patients, who must tolerate delays and interruptions in care
because of them (Poghosyan, Nannini, & Clarke, 2013; Poghosyan et al., 2013;
Poghosyan, Nannini, Stone, & Smaldone, 2013). Even in HCs—settings in which
oversight of NPs by physicians should be facilitated by the close physical proximity
among practitioners and these providers’ inclusive staffing models—restrictions were
found to reduce the number of medications ordered, supplied, administered or
continued by NPs during patient visits.

Given the absence of clear benefits and the possibility that differences in service
utilization may reflect real and/or perceived barriers to receiving care or burdens in
delivering it, these findings suggest that policy makers may want to reconsider the
purpose of NP restrictions, the welfare losses associated with regulating these
practitioners including the economic costs and administrative burdens associated with
rulemaking and enforcement—an exercise which was beyond the scope of this study—
and, on those grounds, determine if NP restrictions are justifiable.

While this study provides policy makers with evidence regarding the effect of NP
restrictions and the potential impact of easing such restrictions, findings should be
viewed within the context of the study’s limitations including those related to NAMCS as
the primary data source. For example, while NAMCS collects hundreds of data elements,
study outcomes were limited to those that could be derived from those elements. Many

important endpoints of care—patient well being, functional status, quality of life, self-
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care management, and experience with care—cannot be modeled from these survey data.
Additionally, NAMCS data are clinical data gathered from practitioners about their
encounters with patients; therefore, data from other sources (e.g., patient reported
outcomes) or about non-clinical aspects of care (e.g., convenience, affordability) were not
available for examination. For practical reasons, the investigation was limited to
examining differences in selected patient outcomes. As a result, it fails to inform policy
makers about the effects of restrictions on NPs (e.g., occupational freedom, mobility),
other practitioners (e.g., PCMD and PA incomes), HCs (e.g., revenue, labor costs, staffing
mix), policy makers (e.g., public accountability), or society (e.g., health care access,
public health). Finally, the source of identification in this study was the propensity
score—the conditional probability of assignment to treatment given the observed
covariates. While great care was taken to conform to the existing practical guidance on
its specification and use in modeling, if application of this guidance was imperfect or if
other sources of bias—including omitted variable bias—were introduced, these findings
may not prove valid.

Organizing the study’s principal findings into five categories was intended to
enhance their interpretability (Table 11); however, such a heuristic may obscure
inconsistencies and/or instabilities in the individual outcomes that are clinically and
practically meaningful. Most noticeably, among selected outcomes, weighted and
unweighted estimates varied rather substantially. These differences persisted across
practitioner groups although their magnitude and direction were not even across
outcomes (e.g., large differences between weighted and unweighted estimates were
detected in the NP sample for smoking cessation counseling while differences were
evident in the PCMD sample for depression treatment). These discrepancies raise
suspicions regarding the possibility of misspecification, the adequacy of NAMCS’

national, cross sectional design for investigating a state-based phenomenon, and the
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extent to which correlations between the survey’s design and regional variations in
quality and/or states’ NP independence status might have affected the results. In 2012,
the NAMCS health center subsample was increased to 2,000 HCs and the 34 most
populous states were used as the sampling strata. Taken together, this redesign
facilitates the generation of state-based estimates. In light of this development,
additional research on this topic using these 2012 data is warranted—for example,
designing a single state, difference-in-difference study or incorporating lagged
dependent variables—and may help reveal the underlying reasons for the differences
between the weighted and unweighted estimates.

While findings from the primary analyses are actionable, results from the
“placebo” tests are difficult to reconcile or explain. These tests were justified on the basis
that NP restrictions should not affect the quality of care or the practice patterns of
PCMDs or PAs. While there was variation in the direction, magnitude, and consistency
of these effects (e.g., independent NP prescriptive authority was associated with a
statistically significant increase in the likelihood of receiving a physician referral from a
PA but not from a PCMD in the unweighted analyses; independent NP practice authority
was associated with a statistically significant increase in the likelihood of receiving
depression treatment from a PCMD but not from a PA in the weighted analyses), the fact
that any associations were evident is problematic. On one hand, these findings introduce
the possibility that some alternative explanation might be responsible. On the other
hand, these findings could represent a cross occupational effect of NP regulation that has
been previously overlooked. HCs are unique environments that rely on diverse teams of
co-located health care practitioners to fulfill their missions. Studies by Poghosyan and
her colleagues describe the administrative burdens associated with NP restrictions
(especially restrictions in prescriptive authority) that extend to PCMDs in a variety of

primary care settings including HCs. It's possible that the changes in PCMD and/or PA
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care that were associated with NP independence and detected in this study were
byproducts of this phenomenon. Regardless of their origin, findings from the “placebo”
tests should stimulate discussion about the nature and origin of these results (including
the possibility of cross-occupational effects), motivate dialogue about methods for causal
inference in observational studies, and stimulate additional research that explicitly
addresses the impact of NP independence on patients—including outcomes of cost,

quality, and access—as well as practitioners, providers, and policy makers.
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Table 1: Number of States at Each Level of NP Independence (2005-2011)

Aspect of Scope of Practice States that Made
. . Prescriptive Scope of Practice
Practice Authority* SRR P
Year y Authority Both Change from
4 3 2 1 3 2 1 Previous Year
2006 27 14 5 5 14 33 4 14 0
2007 25 16 5 5 14 34 3 13 3 (KY, TX, WI)
2008 25 16 5 5 14 34 3 13 0
2000 23 21 3 4 14 3 2 13 8 |S/|A(|5' |C|_A'KGSA'TI|\\1A)A'
2010 23 21 3 4 14 35 2 13 0

2011 23 22 3 3 16 33 2 13 3 (CO, MD, MS)

Source: Author’s original analysis; categories drawn from The Nurse Practitioner Journal’s
(NPJ) Legislative Update (NPJ)

NP=nurse practitioner #level of independence by practice authority; 1-4 (4 being most
independent; 1 being least independent) °level of independence by Rx authority; 1-3 (3 being
most independent; 1 being least independent) Both= practice authority and prescriptive
authority independence (level 4 [practice] + level 3 [prescriptive])
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Table 2: Criteria Used in the Development and Selection of Quality
Indicators

General Criteria

1.

The indicators must have a reasonable likelihood of correlating with either improved
patient outcomes or, in the absence of outcome differences, reduced health care
costs.

There should be explicit evidence that the indicator forms a potential quality
standard in the form of either clinical guidelines or reviews of the current literature.
Exceptions to the implied standard must be relatively infrequent (i.e., medication

allergies), identifiable for exclusion from the analysis, or likely to be randomly
distributed across time and the other variables of interest (e.g., race/ethnicity).

Specific Criteria

4.

Variables for the construction of an indicator must be available from the NAMCS or
the NHAMCS for [5] years, with a preference for inclusion of recent years.

Because of the per-visit basis of NAMCS and NHAMCS data, indicators should be
meaningful when measured at individual patient visits; assessment of quality should
not depend heavily on speculation about activities that occur at other visits by the
same patients.

Selected quality indicators should not rely on data elements or subpopulations that
are considered unreliable according to NCHS standards (i.e., sample size<30 or
relative SE >30%).

Source: Ma & Stafford, 2005
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Table 3: Outcomes Studied

Quality Indicators®

1. Smoking cessation counseling (binary)
Numerator: Received smoking cessation intervention (i.e., nicotine replacement
therapy or medications ordered, supplied, administered, or continued and/or
smoking cessation counseling)
Denominator: Visits by adults who were screened for tobacco use and identified
as smokers

2. Depression treatment (binary)
Numerator: Antidepressants ordered, supplied, administered, or continued
and/or psychotherapy or mental health counseling
Denominator: Visits by adults with depression

3. Statin for hyperlipidemia (binary)
Numerator: Statin ordered, supplied, administered, or continued
Denominator: Visits by adults with hyperlipidemia

Service Utilization Measures

4. Physical exam (binary)

5. Total number of health education/counseling services (count)
All of the following services ordered/provided during the visit: asthma,
diet/nutrition, exercise, family planning/contraception, growth/development,
injury prevention, stress management, tobacco use/exposure, and weight reduction

6. Imaging services (binary)
Any of the following services that were ordered/provided during the visit: x-ray,
bone mineral density, CT scan, echocardiogram, and other ultrasound

7. Total number of medications (count)
All of the following that were ordered, supplied, administered or continued during
the visit: prescription and over-the-counter drugs, immunizations, allergy shots,
oxygen, anesthetics, chemotherapy, and dietary supplements

Referral Pattern Measures

8. Return visit at a specified time (binary)
9. Physician (MD) referral (binary)

®Sources: Bishop et al, 2012; Chen et al., 2009; Goldman et al., 2012; Kale et al. , 2013; Linder
etal., 2003; Ma & Stafford, 2005; Ma et al., 2009; Romano & Stafford, 2011
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Table 4A: NP Characteristics by State-granted NP Independence (HCs, 2006-
2011)° (N=347%)

Not

Characteristic Independent Independent p-value
Age <35 10%* 16%
35-44 14%* 27% 0.32
45-54 37% 33%
55+ 39%* 24%
Gender Female 92%* 93% 0.74
Race White 98% 86%
Black 2%* 9%* 0.29
Other -- 5%*
Ethnicity Hispanic/Latino <1%* 7%* <0.01
HC type FQHC 95% 95%
FQHC-LA 1%* 5%* <0.01
IHC 4%* <1%
Metro status Rural 36%* 19%* 0.39
Region Northeast 49%* 21%
Midwest <1%* 23% 0.02
South 3%* 35%
West 48%* 22%

NP=nurse practitioner HC=health center Independent= NP practice + prescriptive
authorities  -adjusted for sampling weights and complex survey design  *population of 3,314
NPs *coefficient of variation/relative standard error > 0.3 noted
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Table 4B: PCMD Characteristics by State-granted NP Independence (HCs,
2006-2011)* (N=877%)

Not

Characteristic Independent Independent p-value
Age <35 21% 15%
35-44 25% 34% 0.49
45-54 27% 23%
55+ 27% 27%
Gender Female 45% 46% 0.82
Race White 86% 68%
Black 2%* 14% <0.01
Other 12%* 19%
Ethnicity Hispanic/Latino 7%* 8% 0.89
HC type FQHC 92% 91%
FQHC-LA 7%* 9%* 0.61
IHC 1%* <1%
Metro status Rural 21% 9% 0.22
Region Northeast 25%* 30%
Midwest 8%* 17% 0.02
South 4%* 31%
West 64% 23%

PCMD=primary care physician HC=health center Independent= NP practice + prescriptive
authorities -adjusted for sampling weights and complex survey design  *population of 10,749
PCMDs *coefficient of variation/relative standard error > 0.3 noted
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Table 4C: PA Characteristics by State-granted NP Independence (HCs, 2006-

2011)" (N=134%)

Not

Characteristic Independent Independent p-value
Age <35 9%* 17%*
35-44 23%* 23% 0.69
45-54 51% 39%
55+ 17%* 21%*
Gender Female 73% 49% 0.05
Race White 92% 79%
Black -- 19%* 0.10
Other 8%* 2%*
Ethnicity Hispanic/Latino 11%* 7%* 0.59
HC type FQHC 94% 93%
FQHC-LA 6%* 7%* 0.70
IHC 1%* <1%*
Metro status Rural 37%* 35%* 0.96
Region Northeast 40%* 13%*
Midwest 6%* 19%* 0.03
South 3%* 38%*
West 50%* 30%*

PA=physician assistant

authorities

HC=health center
+adjusted for sampling weights and complex survey design
PAs *coefficient of variation/relative standard error > 0.3 noted

Independent= NP practice + prescriptive
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Table 5A: NP Patient Visit Characteristics by State-granted NP
Independence (HCs, 2006-2011)* (N=6498%)

Not
Characteristic Inde_pendent Independent p-value
(n=1491) (n=5007)
Age <18 31% 25%
18-34 22% 28%
35-49 21% 21% 0.55
50-64 18% 19%
65+ 8%* 6%
Gender Female 65% 70% 0.14
Race Black 9% 35% <0.01
Other 91% 65%
Ethnicity Hispanic/Latino 21%* 27% 0.71
Payer source Private insurance 30% 12%
Medicare 8% 8%
Medicaid 32% 40% 0.12
Self-pay 15%* 19%
Other 15%* 21%
Visit type New problem 45% 39%
Chronic problem 34% 27% <0.01
Preventive care 20% 34%
Pre-/post-surgical 1%* 1%*
Number of chronic  None 44% 52%
conditions 1 27% 23% 0.43
2-3 21% 19%
>4 8% 6%
Number of past None 6%* 6%
visits 1-3 44% 50% 0.34
4-10 37% 35%
>10 13%* 8%
Number of None 16% 20%
medications 1 29% 26% 0.38
2-4 39% 33%
>5 16% 20%
HC type FQHC 98% 94%
FQHC-LA <1%* 5%* <0.01
IHC 1%* <1%*
Metro status Rural 19%* 22%* 0.82
Region Northeast 47%* 14%
Midwest <1%* 18%* 0.01
South 2%* 47%
West 51%* 22%
Primary care None of county -- 4%*
shortage area Whole county 81% 36% 0.01
designation Part of county 19%* 60%
Mean percent of
population with
income less than 16% 18% 0.42

poverty level
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Not

Characteristic Inde_plexgdlent Independent p-value
(n=1491) (n=5007)
Year 2006 7%* 7%
2007 13% 12%*
2008 29%* 9%* 0.10
2009 13%* 30%
2010 26% 23%
2011 12%* 18%

NP=nurse practitioner HC=health center Independent= NP practice + prescriptive
authorities  -adjusted for sampling weights and complex survey design  *population of
65,42,244 NP visits  *coefficient of variation/relative standard error > 0.3 noted
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Table 5B: PCMD Patient Visit Characteristics by State-granted NP
Independence (HCs, 2006-2011)° (N=18644%)

Not
Characteristic Inde_p3e3n8d2ent Independent p-value
(n=3382) " _15262)
Age <18 27% 31%
18-34 15% 16%
35-49 20% 19% 0.55
50-64 24% 22%
65+ 14% 11%
Gender Female 59% 59% 0.98
Race Black 10%* 35% <0.01
Other 89% 65%
Ethnicity Hispanic/Latino 32% 35% 0.78
Payer source Private insurance 33% 13%
Medicare 13% 14%
Medicaid 30% 44% <0.01
Self-pay 15%* 12%
Other 9%* 16%
Visit type New problem 31% 41%
Chronic problem 46% 32% <0.01
Preventive care 23% 26%
Pre-/post-surgical 1%* 1%
Number of chronic  None 42% 46%
conditions 1 24% 23% 0.47
2-3 25% 24%
>4 9% 7%
Number of past None 3% 3%
visits 1-3 42% 49% 0.05
4-10 45% 40%
>10 10% 8%
Number of None 19% 20%
medications 1 20% 22% 0.57
2-4 35% 36%
>5 27% 23%
HC type FQHC 93% 88%
FQHC-LA 6%* 11%* 0.42
IHC 1%* <1%
Metro status Rural 22%* 10%* 0.26
Region Northeast 23%* 26%
Midwest 6%* 17% 0.01
South 3%* 32%
West 69% 26%
Primary care None of county -- 1%*
shortage area Whole county 56%* 42% 0.63
designation Part of county 44%* 57%
Mean percent of
population with 17% 18% 0.40

income less than
poverty level
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Not

Characteristic Inde_p3e3n8d2ent Independent p-value
(n=3382) " 1_15262)
Year 2006 10%* 10%
2007 22% 18%
2008 17%* 16% 0.87
2009 20%* 23%
2010 10%* 16%
2011 21%* 17%

PCMD=primary care physician HC=health center Independent= NP practice + prescriptive
authorities  -adjusted for sampling weights and complex survey design  *population of
20,024,489PCMD visits  *coefficient of variation/relative standard error > 0.3 noted
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Table 5C: PA Patient Visit Characteristics by State-granted NP Independence
(HCs, 2006-2011)" (N=3475%)

Not
Characteristic Indef)leznoient Independent p-value
(n=1204) (n=2271)
Age <18 27% 20%*
18-34 24% 24%
35-49 21% 22% 0.67
50-64 19% 24%
65+ 10% 10%*
Gender Female 61% 57% 0.37
Race Black 13%* 33% <0.01
Other 86% 67%
Ethnicity Hispanic/Latino 18%* 27% 0.37
Payer source Private insurance 29% 16%
Medicare 12% 10%
Medicaid 26% 33% 0.20
Self-pay 21% 22%
Other 11%* 19%
Visit type New problem 54% 41%
Chronic problem 33% 33% 0.09
Preventive care 13% 24%
Pre-/post-surgical 1%* 1%*
Number of chronic  None 47% 44%
conditions 1 23% 23% 0.79
2-3 23% 25%
>4 T%* 8%
Number of past None 5% 3%
visits 1-3 48% 52% 0.08
4-10 37% 39%
>10 10% 6%
Number of None 13% 20%
medications 1 24% 20% 0.36
2-4 39% 39%
>5 24% 22%
HC type FQHC 93% 88%
FQHC-LA 6%* 11%* 0.42
IHC <1%* <1%
Metro status Rural 31%* 29%* 0.92
Region Northeast 26%* 15%*
Midwest 13%* 14%* 0.06
South <1%* 40%*
West 61% 30%*
Primary care None of county -- <1%
shortage area Whole county 65% 35%* 0.16
designation Part of county 35%* 64%
Mean percent of
population with
income less than 14% 17% 0.20

poverty level
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Not

Characteristic Inde_pleznotient Independent p-value
(n=1204) (n=2271)
Year 2006 14%* 7%*
2007 9%* 9%*
2008 9%* 23%* 0.42
2009 22% 15%*
2010 18%* 28%*
2011 28%* 18%*

PA=physician assistant HC=health center Independent= NP practice + prescriptive
authorities  -adjusted for sampling weights and complex survey design  *population of
3,816,247 PA visits  *coefficient of variation/relative standard error > 0.3 noted
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Table 6: Effect of State-granted NP Independence on NP Patterns of Practice and Quality of Care in HCs
(2006-2011)"

Full Sample Propensity Score Matched Sample
Outcome (N=6498) _ Unweighted _ _ Weighted-* _ _ Unweighted _ _ Weighted-® _
Adjusted Odds Ratio Adjusted Odds Ratio Adjusted Odds Ratio Adjusted Odds Ratio
(1) (C1" ((e1) (C1"

Quality Indicatort Practice Rx Practice Rx Practice RX Practice RXx
Smoking cessation (n=1213; 1.23 1.46 1.98 0.73 1.24 1.21 2.12 0.66
1035%) (0.80-1.88) (0.93-2.33) (0.71-5.51) (0.25-2.15) (0.79-1.96) (0.73-1.98) (0.69-6.52) (0.20-2.17)
Depression treatment 1.59* 0.64 1.32 0.43** 1.55 0.67 1.11 0.51
(n=872; 708*) (1.01-2.52) (0.39-1.04) (0.61-2.87) (0.23-0.81) (0.94-2.55) (0.39-1.15) (0.45-2.70) (0.25-1.04)
Statin for hyperlipidemia 0.91 0.40** 1.14 0.42 0.86 0.45* 0.94 0.54
(n=727; 658") (0.55-1.52) (0.22-0.74) (0.46-2.82) (0.12-1.44) (0.51-1.46) (0.23-0.86) (0.34-2.59) (0.14-2.13)
Service Utilization and Referral Pattern Measuret
Physical exam (n=5896; 0.90 1.25 0.63 1.66 0.84 1.34 0.61 1.64
5342%) (0.67-1.19) (0.90-1.74) (0.33-1.18) (0.82-3.35) (0.62-1.12) (0.95-1.88) (0.32-1.17) (0.79-3.44)
Health education services™ 0.82** 1.67** 0.94 1.65* 0.81** 1.73** 0.94 1.66*
(n=5856; 5302*) (0.75-0.90) (1.51-1.84) (0.65-1.37) (1.10-2.49) (0.74-0.90) (1.55-1.92) (0.64-1.38) (1.09-2.54)
Medications”™ (n=5930; 0.95 1.10* 0.96 1.16 0.89** 1.16** 0.87 1.26*
5433%) (0.89-1.02) (1.02-1.19) (0.80-1.17) (0.92-1.46) (0.83-0.95) (1.07-1.25) (0.75-1.02) (1.04-1.53)

. . . 0.67** 1.29 0.51 2.10 0.68* 1.33 0.54 2.06
Imaging (n=5930;5433")  ( 50-0.89) (0.94-1.79) (0.19-1.37) (0.79-5.61) (0.51-0.91) (0.96-1.86) (0.19-1.49) (0.76-5.57)
Return visit (n=5930; 0.85* 1.03 0.94 1.63 0.87 1.05 0.97 1.68
5433%) (0.72-1.00) (0.85-1.24) (0.46-1.92) (0.71-3.73) (0.73-1.03) (0.86-1.27) (0.44-2.12) (0.67-4.21)
MD referral (n=5930; 1.04 0.96 1.87* 0.61 1.02 1.00 1.87* 0.64
5383*) (0.82-1.32) (0.72-1.28) (1.16-3.02) (0.36-1.03) (0.80-1.30) (0.75-1.35) (1.09-3.24) (0.36-1.13)

NP=nurse practitioner HC=health center MD=physician -adjusted for complex survey design and weighted for sampling
probabilities *p<0.05 **p<o0.01 1QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan status (rural), region, #
chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher, and year tservice utilization and referral pattern
measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit, HC type, % with HS
diploma or higher, and year ~negative binomial distribution and adjusted incidence rate ratio reported *sample size differences reflect
trimming due to propensity score matching ”confidence intervals based on Taylor linearized standard errors ’confidence intervals
based on robust standard errors
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Table 7: Effect of State-granted NP Independence on PCMD Patterns of Practice and Quality of Care in HCs
(2006-2011)"

Full Sample Propensity Score Matched Sample
Outcome (N=18644) _ Unweighted _ _ Weighted- _ _ Unweighted _ _ Weighted- _
Adjusted Odds Ratio Adjusted Odds Ratio Adjusted Odds RatioAdjusted Odds Ratio
(109 (1) (9109 (1)
Quality Indicatort Practice Rx Practice RXx Practice Rx Practice Rx
Smoking cessation 1.10 0.83 1.52 0.90 1.17 0.87 1.56 0.89
(n=2996; 2736°) (0.90-1.34) (0.63-1.08) (0.96-2.41) (0.50-1.65) (0.95-1.45) (0.66-1.15) (0.91-2.70) (0.42-1.88)
Depression treatment 1.19 1.34* 2.12** 0.94 1.27 1.29 2.42%* 0.91
(n=2073; 1710°) (0.94-1.50) (1.01-1.79) (1.29-3.50) (0.53-1.65) (0.99-1.64) (0.93-1.79) (1.40-4.22) (0.47-1.78)
Statin for hyperlipidemia 0.84 1.12 1.02 0.93 0.77* 1.20 0.76 1.23
(n=2265; 1967°) (0.66-1.07) (0.82-1.54) (0.62-1.65) (0.50-1.72) (0.59-1.00) (0.84-1.72) (0.48-1.20) (0.66-2.31)
Service Utilization and Referral Pattern Measuret
Physical exam (n=16775; 1.10 0.93 113 0.75 1.06 0.93 1.07 0.78
15849°) (0.95-1.27) (0.77-1.12) (0.72-1.78) (0.43-1.31) (0.91-1.23) (0.76-1.13) (0.67-1.69) (0.45-1.35)
Health education o o 1.07 1.21** 0.83 2.09**
ig;vlilcoess’\ (n=16696; (0.9613.-c1).106) (1.1182-?.35) (0.6%?11.08) (1.%?—%.96) (1.01-1.13) (1.12-1.29) (0.62-1.12) (1.40-3.14)
Medications”™ (n=16916; 0.97 1.10** 1.13* 1.04 0.97 1.07** 1.11 1.02
15619°) (0.94-1.00) (1.04-1.15) (1.02-1.26) (0.91-1.19) (0.93-1.00) (1.02-1.12) (0.98-1.25) (0.86-1.20)
Imaging (n=16916:15475°) 0.96 0.95 1.06 0.93 0.99 0.87 1.12 0.87
' (0.84-1.11) (0.79-1.14) (0.77-1.46) (0.58-1.49) (0.86-1.15) (0.71-1.07) (0.78-1.60) (0.52-1.45)
Return visit (n=16916; 1.03 1.04 1.17 1.17 1.07 1.03 1.24 1.19
15475°) (0.94-1.12) (0.92-1.17) (0.70-1.96) (0.56-2.47) (0.97-1.17) (0.91-1.17) (0.70-2.20) (0.51-2.82)
MD referral (n=16916; 0.99 1.10 0.88 1.10 0.99 1.07 0.83 1.18
15956°) (0.88-1.12) (0.94-1.29) (0.57-1.36) (0.67-1.81) (0.88-1.12) (0.91-1.26) (0.51-1.36) (0.67-2.09)

NP=nurse practitioner PCMD=primary care physician HC=health center MD=physician *adjusted for complex survey design and
weighted for sampling probabilities *p<0.05 **p<0.01 7QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan
status (rural), region, # chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher, and year fservice utilization
and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit,
HC type, % with HS diploma or higher, and year ~negative binomial distribution and adjusted incidence rate ratio reported °sample
size differences reflect trimming due to propensity score matching ”confidence intervals (CIs) based on Taylor linearized standard
errors (SEs) ’CIs based on robust SEs
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Table 8: Effect of State-granted NP Independence on PA Patterns of Practice and Quality of Care in HCs
(2006-2011)"

Full Sample Propensity Score Matched Sample
Outcome (N=3475) Unweighted Weighted-* Unweighted Weighted-*
Adjusted Odds Ratio Adjusted Odds Ratio Adjusted Odds RatioAdjusted Odds Ratio
(CI1") (C1") (C1") (C1")
Quality Indicatort Practice Rx Practice Rx Practice RXx Practice RX
Smoking cessation 0.86 1.76 0.44 1.99 1.02 1.28 0.55 1.15
(n=601; 496%) (0.43-1.71) (0.89-3.49) (0.15-1.30) (0.92-4.31) (0.49-2.14) (0.60-2.74) (0.17-1.77) (0.50-2.64)
Depression treatment 1.55 1.63 2.16 2.00* 1.47 1.47 2.08 1.72
(n=436; 388¢%) (0.74-3.27) (0.77-3.46) (0.69-6.75) (1.02-3.92) (0.64-3.39) (0.63-3.41) (0.52-8.38) (0.70-4.27)
Statin for hyperlipidemia 0.98 1.40 1.13 0.97 0.83 1.60 1.17 0.92
(n=405; 359%) (0.44-2.21) (0.59-3.28) (0.43-2.99) (0.43-2.16) (0.35-1.96) (0.62-4.09) (0.36-3.84) (0.30-2.81)
Service Utilization and Referral Pattern Measuret
Physical exam (n=3157; 1.07 0.64 0.90 1.24 1.17 0.58* 0.99 1.28
2906°%) (0.71-1.62) (0.40-1.02) (0.32-2.8) (0.60-2.57) (0.76-1.81) (0.36-0.94) (0.37-2.69) (0.70-2.37)
Health education services™ 1.07 0.87 1.06 0.88 1.16 0.81* 0.63 1.24
(n=3110; 2738%) (0.92-1.25) (0.73-1.03) (0.91-1.22) (0.74-1.04) (0.99-1.36) (0.68-0.97) (0.37-1.05) (0.77-2.01)
Medications”™ (n=3183; 1.26** 1.32** 1.11 1.35** 1.31** 1.21** 1.20 1.19
2806%) (1.14-1.38) (1.19-1.47) (0.91-1.36) (1.12-1.62) (1.18-1.45) (1.08-1.36) (0.98-1.47) (0.98-1.45)
Imaging (n=3183; 29325 1.05 1.19 1.56 0.93 0.93 1.37 1.57 0.94
' (0.69-1.59) (0.74-1.90) (0.90-2.69) (0.52-1.65) (0.61-1.42) (0.84-2.24) (0.80-3.07) (0.44-2.01)
Return visit (n=3183; 29325) 1.87** 0.55** 115 1.04 1.96** 0.57** 1.05 1.24
’ (1.43-2.43) (0.42-0.72) (0.46-2.84) (0.38-2.85) (1.49-2.58) (0.43-0.75) (0.42-2.58) (0.47-3.25)
0.80 1.56 0.48* 2.18* 0.79 1.70* 0.46* 2.28*

= . §
MD referral (n=3183; 2932%) ) 5, 1 18y (0.99-2.47) (0.26-0.89) (1.05-4.51) (0.53-1.19) (1.04-2.76) (0.26-0.84) (1.14-4.57)

NP=nurse practitioner PA=physician assistant HC=health center MD=physician *adjusted for complex survey design and
weighted for sampling probabilities *p<0.05 **p<o0.01 7QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan
status (rural), region, # chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher, and year fservice utilization
and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit,
HC type, % with HS diploma or higher, and year “*negative binomial distribution and adjusted incidence rate ratio reported $sample
size differences reflect trimming due to propensity score matching ”confidence intervals based on Taylor linearized standard errors
‘confidence intervals based on robust standard errors
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Table 9A: Post-Match Sample Means of Variables Used in Propensity Score—Nearest Neighbor 1:1 (NP

Visits)®
. Mean Mean %
,L\\/Ilg(g(l:’?twr% Variable kJ/Ir;:r;?]gcdhed Treated Control % bias reduction t-test p=>|t|
(n=345) (N=746) in bias
Visit type Unmatched 2.33 2.61 -17.1 -5.56 <0.01
Matched 2.27 2.54 -16.8 2.1 -2.31 0.02
Race Unmatched 0.34 0.41 -14.8 -4.94 <0.01
Matched 0.45 0.37 16.9 -14.2 2.22 0.03
Rural Unmatched 0.11 0.17 -14.9 -4.64 <0.01
Matched 0.14 0.15 -4.1 72.7 -0.53 0.06
Region Unmatched 3.32 2.74 51.5 17.95 <0.01
Matched 3.30 2.99 27.7 46.4 3.93 <0.01
NN 1:1 Payer Unmatched 0.28 0.41 -27.5 -9.07 <0.01
| (Medicaid) Matched 0.35 0.24 25.0 9.1 3.48 <0.01
Type of Unmatched 1.63 1.84 -35.9 -12.65 <0.01
practice Matched 1.42 1.33 15.6 56.7 2.56 0.01
No. of Unmatched 6.49 4.67 24.9 9.87 <0.01
physicians  Matched 4.08 5.46 -19.0 23.8 -2.51 0.01
HC type Unmatched 1.71 2.08 77.5 -25.76 <0.01
Matched 1.59 1.63 -10.0 87.1 -1.28 0.20
Strata ID Unmatched 2.9¢7 2.6¢e7 45.8 15.32 <0.01
Matched 2.8¢7 2.7¢7 17.8 61.2 2.24 0.03
Mean Bias Median Bias Rubin’sB Rubin’'sR
Overall Performance  ypmatched 34.5 275 150.8 0.48
Matched 17.0 16.9 66.9 66.9

NP=nurse practitioner
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Figure 9A-1: Common Support (Nearest Neighbor) Figure 9A-2: Standardized Bias across Covariates

(Nearest Neighbor)
Smoking Cessation, 2006-2011
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Table 9B: Post-Match Sample Means of Variables Used in Propensity Score—Caliper (NP Visits)

Matching . Unmatche Mean Mean . % .
Algorithm Variable dMatched Treated Control % bias re:duc_tlon t-test p>|t|
(n=238) (N=746) in bias
Visit type Unmatched 2.35 2.61 -16.1 -5.07 <0.01
Matched 2.32 2.67 -21.9 -36.5 -2.58 <0.01
Race Unmatched 0.33 0.41 -16.8 -5.42 <0.01
Matched 0.44 0.51 -12.7 24.1 -1.36 0.18
Rural Unmatched 0.12 0.17 -11.7 -3.58 <0.01
Matched 0.20 0.13 20.9 -78.1 2.21 0.03
Region Unmatched 3.31 2.74 50.7 17.19 <0.01
Matched 3.25 2.90 31.0 39.0 3.56 <0.01
Caliper Payer Unmatched 0.28 0.41 -27.5 -8.78 <0.01
0.025 (Medicaid) Matched 0.39 0.22 36.4 -32.2 4.20 <0.01
Type of Unmatched 1.64 4.67 25.6 9.92 <0.01
practice Matched 1.40 2.89 4.2 83.7 0.89 0.05
No. of Unmatched 6.53 2.08 -74.4 -23.86  <o0.01
physicians  Matched 3.19 1.59 8.6 88.4 0.89 0.37
HC type Unmatched 1.73 2.08 -74.4 -23.86  <o0.01
Matched 1.63 1.59 8.6 88.4 0.89 0.37
Strata ID Unmatched 2.9¢e7 2.6e7 42.8 13.90 <0.01
Matched 2.8¢e’ 2.6e7 22.1 48.4 2.38 0.02
Mean Bias Median Bias Rubin’'sB Rubin’sR
Overall Performance 33.2 27.5 144.4 0.49
19.1 20.9 63.1 0.85

NP=nurse practitioner
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Figure 9B-1: Common Support (Caliper) Figure 9B-2: Standardized Bias across Covariates
. . (Caliper)
Smoking Cessation, 2006-2011
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Table 9C: Post-Match Sample Means of Variables Used in Propensity Score —5:1 Caliper (NP Visits)

Matching . Unmatched Mean Mean . % .
Algorithm Variable Matched Treated Control % bias re:duc_tlon t-test p>|t|
(n=238) (N=746) in bias
Visit type Unmatched 2.35 2.61 -16.1 -5.07 <0.01
Matched 2.32 2.58 -16.3 -1.1 -1.91 0.06
Race Unmatched 0.33 0.41 -16.8 -5.42 <0.01
Matched 0.44 0.43 2.1 87.3 0.23 0.82
Rural Unmatched 0.12 0.17 -11.7 -3.58 <0.01
Matched 0.20 0.15 14.4 -22.5 1.47 0.14
Region Unmatched 3.31 2.74 50.7 17.19 <0.01
Matched 3.25 2.89 31.8 37.4 3.68 <0.01
5:1 Caliper Payer Unmatched 0.28 0.41 -27.5 -8.78 <0.01
0.025 (Medicaid) Matched 0.39 0.24 31.0 -12.8 3.52 <0.01
Type of Unmatched 1.64 1.84 -33.4 -11.47 <0.01
practice Matched 1.40 1.29 18.4 45.1 2.57 0.01
No. of Unmatched 6.52 4.67 25.6 0.92 <0.01
physicians  Matched 3.19 2.98 2.8 88.9 0.64 0.53
HC type Unmatched 1.73 2.08 -74.4 -23.86  <o0.01
Matched 1.63 1.70 -15.0 79.8 -1.62 0.11
Strata ID Unmatched 2.9¢7 2.6e7 42.8 13.9 <0.01
Matched 2.7¢7 2.7¢7 -3.6 91.7 -0.39 0.70
Mean Bias Median Bias Rubin’sB Rubin’'sR
Overall Performance Unmatched 33.2 275 144.4 0.49
Matched 15.0 15.0 58.9 0.84

NP=nurse practitioner
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Figure 9C-1: Common Support (5:1 Caliper)

Smoking Cessation, 2006-2011
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Figure 9C-2: Standardized Bias across Covariates
(5:1 Caliper)
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Table 9D: Post-Match Sample Means of Variables Used in Propensity Score—Radius (NP Visits)

Matching . Unmatched Mean Mean . % .
Algorithm Variable Matched Treated Control % bias re:duc_tlon t-test p>|t|
(n=289) (N=746) in bias
Visit type Unmatched 2.34 2.61 -16.7 -5.34 <0.01
Matched 2.28 2.23 3.6 78.1 0.50 0.62
Race Unmatched 0.33 0.41 -17.3 -5.67 <0.01
Matched 0.41 0.36 10.3 40.7 1.23 0.22
Rural Unmatched 0.12 0.17 -13.3 -4.10 <0.01
Matched 0.16 0.20 -10.7 19.7 -1.17 0.24
Region Unmatched 3.31 2.74 50.7 17.40 <0.01
Radius Matched 3.26 2.93 28.8 43.1 3.75 <0.01
Caliper Payer_ _ Unmatched 0.28 0.41 -27.2 -8.82 <0.01
0.025 (Medicaid) Matched 0.38 0.26 23.6 13.0 2.93 <0.01
' Type of Unmatched 1.63 1.84 -36.0 -12.50 <0.01
practice Matched 1.38 1.25 21.5 40.3 3.42 <0.01
No. of Unmatched 6.41 4.67 24.3 9.48 <0.01
physicians  Matched 3.29 3.17 1.7 93.1 0.37 0.71
HC type Unmatched 1.73 2.08 -74.8 -24.35 <0.01
Matched 1.64 1.74 -21.7 71.0 -2.61 <0.01
Strata ID Unmatched 2.9¢7 2.6e7 44.0 14.51 <0.01
Matched 2.8¢7 2.8¢e’ -8.8 80.0 -1.04 0.30
Mean Bias Median Bias Rubin’'sB Rubin’sR
Overall Performance Matched 33.8 27.2 147.1 0.48
Unmatched 14.5 10.7 53.6 1.45

NP=nurse practitioner
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Figure 9D-1: Common Support (Radius)
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Figure 9D-2: Standardized Bias across Covariates
(Radius)
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Table 10A: Effect of State-granted NP Independence, by Practitioner Type—Unweighted (HCs, 2006-2011)

Propensity Score Matched Sample
Unweighted Adjusted Odds Ratio (Cl”)

Outcome
NP (N=6498) PCMD (N=18644) PA (N=3475)
Practice RXx Practice Rx Practice Rx
Quality Indicatort
. . 1.24 1.21 1.17 0.87 1.02 1.28
= + ° §
Smoking cessation (n=1035", 2736°, 496°) (0.79-1.96) (0.73-1.98) (0.95-1.45) (0.66-1.15) (0.49-2.14) (0.60-2.74)

. 1.55 0.67 1.27 1.29 1.47 1.47
= + ° §
Depression treatment (n=708", 1710°, 388%) (0.94-2.55) (0.39-1.15) (0.99-1.64) (0.93-1.79) (0.64-3.39) (0.63-3.41)
. o 0.86 0.45* 0.77* 1.20 0.83 1.60
= + o §
Statin for hyperlipidemia (n=658", 1967°, 359°) (0.51-1.46) (0.23-0.86) (0.59-1.00) (0.84-1.72) (0.35-1.96) (0.62-4.09)
Service Utilization and Referral Pattern Measuret
) 0.84 1.34 1.06 0.93 117 0.58*
- + o §
Physical exam (n=5342", 15849°, 2906°) (0.62-1.12) (0.95-1.88) (0.91-1.23) (0.76-1.13) (0.76-1.81) (0.36-0.94)
. . 0.81%* 1.73%* 1.07 1.21%* 1.16 0.81*
N — + o §
Health education services”™ (n=5302", 15411°, 2738%) 74 90) (1.55-1.92) (1.01-1.13) (1.12-1.29) (0.99-1.36) (0.68-0.97)
o 0.89** 1.16%* 0.97 1.07%* 1.31%% 1.21%*
/\ o + o §
Medications” (n=5433", 15619°, 2806°) (0.83-0.95) (1.07-1.25) (0.93-1.00) (L.02-1.12) (1.18-1.45) (1.08-1.36)
. 0.68* 1.33 0.99 0.87 0.93 1.37
= + o §
Imaging (n=5433", 15475°, 2932%) (0.51-0.91) (0.96-1.86) (0.86-1.15) (0.71-1.07) (0.61-1.42) (0.84-2.24)
. 0.87 1.05 1.07 1.03 1.96** 057
= + o §
Return visit (n=5433", 15475°, 29329) (0.73-1.03) (0.86-1.27) (0.97-1.17) (0.91-1.17) (1.49-2.58) (0.43-0.75)
1.02 1.00 0.99 1.07 0.79 1.70%
= + o §
MD referral (n=5383", 15956°, 2932°) (0.80-1.30) (0.75-1.35) (0.88-1.12) (0.91-1.26) (0.53-1.19) (1.04-2.76)
NP=nurse practitioner PCMD=primary care physician PA=physician assistant HC=health center MD=physician *p<0.05

**p<0.01

+QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan status (rural), region, # chronic conditions, #

chronic conditions?, HC type, % with HS diploma or higher, and year iservice utilization and referral pattern measures controlled for
age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit, HC type, % with HS diploma or higher, and
year “‘negative binomial distribution and adjusted incidence rate ratio reported sample size differences reflect trimming due to

propensity score matching for each practitioner type—i.e., NP (¥), PCMD (°), PA (8)

errors
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Table 10B: Effect of State-granted NP Independence, by Practitioner Type—Weighted (HCs, 2006-2011)*
Propensity Score Matched Sample

Outcome Weighted Adjusted Odds Ratio (C1")
NP (N=6498) PCMD (N=18644)  PA (N=3475)
Practice Rx Practice Rx Practice RX
Quality Indicatort
. . 212 0.66 1.56 0.89 0.55 115
= + o §
Smoking cessation (n=1035", 2736°, 496°) (0.69-6.52) (0.20-2.17) (0.91-2.70) (0.42-1.88) (0.17-1.77) (0.50-2.64)
. 111 051 2.42%* 0.91 2.08 1.72
= + ° §
Depression treatment (n=708", 1710°, 388%) (0.45-2.70) (0.25-1.04) (L.40-4.22) (0.47-1.78) (0.52-8.38) (0.70-4.27)
0.94 0.54 0.76 1.23 117 0.92

. o o
Statin for hyperlipidemia (n=658", 1967°, 359°) (0.34-2.59) (0.14-2.13) (0.48-1.20) (0.66-2.31) (0.36-3.84) (0.30-2.81)

Service Utilization and Referral Pattern Measureif

. 0.61 1.64 1.07 0.78 0.99 1.28
= + ° §
Physical exam (n=5342", 15849, 2906%) (0.32-1.17) (0.79-3.44) (0.67-1.69) (0.45-1.35) (0.37-2.69) (0.70-2.37)
. . 0.94 1.66* 0.83 2.09% 0.63 1.24
/\ o + o §
Health education services”™ (n=5302", 15411°, 2738%) 3 64.1 38} (1.09-2.54) (0.62-1.12) (1.40-3.14) (0.37-1.05) (0.77-2.01)
o 0.87 1.26 1.11 1.02 1.20 1.19
N — + o §
Medications”™ (n=5433", 15619°, 2806°) (0.75-1.02) (1.04-1.53) (0.98-1.25) (0.86-1.20) (0.98-1.47) (0.98-1.45)
. 0.54 2.06 1.12 0.87 1.57 0.94
= + ° §
Imaging (n=5433", 15475, 2932) (0.19-1.49) (0.76-5.57) (0.78-1.60) (0.52-1.45) (0.80-3.07) (0.44-2.01)
iy 0.97 1.68 1.24 1.19 1.05 1.24
= ° §
Return visit (n=5433%, 154757, 2932%) (0.44-2.12) (0.67-4.21) (0.70-2.20) (0.51-2.82) (0.42-2.58) (0.47-3.25)
1.87* 0.64 0.83 1.18 0.46* 2.28*

= + o §
MD referral (n=5383", 15956°, 2932°) (1.09-3.24) (0.36-1.13) (0.51-1.36) (0.67-2.09)(0.26-0.84) (1.14-4.57)

NP=nurse practitioner PCMD=primary care physician PA=physician assistant HC=health center MD=physician -adjusted for
complex survey design and weighted for sampling probabilities *p<o0.05 **p<o0.01 7QIs controlled for age, age?, gender, race,
ethnicity, payer, metropolitan status (rural), region, # chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher,
and year fservice utilization and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status
(rural), region, reason for visit, HC type, % with HS diploma or higher, and year “*negative binomial distribution and adjusted
incidence rate ratio reported sample size differences reflect trimming due to propensity score matching for each practitioner type—i.e.,

NP (*), PCMD (°), PA (8) ”confidence intervals based on Taylor linearized standard errors
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Table 11: Overall Summary of the Effect of State-granted NP Independence on NP Patterns of Practice and
Quality of Care, by Category

) ) @) (4) (5)
Not Persistent Not Persistent Persistent after
Outcome No Detectable after Weighting after Weighting Weighting Persistent
Effects Not Persistent Persistent after Not Persistent Effects
after PSM PSM after PSM
Quality Indicator
Smoking Cessation X
Depression treatment X (+pract, —rx)
Statin for hyperlipidemia X (=rx)
Service Utilization and Referral Pattern Measure
Physical exam X
Health education services X (—pract, +rx)
Medications X (—pract, +rx)
Imaging X (—pract)
Return visit X (+pract)
MD referral X (+pract)
# measures/category 2 1 3 1 2

NP=nurse practitioner = PSM=propensity score matching

pract=treatment effect is associated with NPs’ independent practice authority = rx=treatment effect is associated with NPs’
independent prescriptive authority

+=AORoralRRis>1 —=AORoralRR<1

176



References

Abbo, E.D., Zhang, Q., Zelder, M., & Huang, E.S. (2008). The increasing number of
clinical items addressed during the time of adult primary care visits. Journal of
General Internal Medicine, 23(12), 2058-2065.

Addressing healthcare workforce issues for the future: Hearing before the United States
Senate Committee on Health, Education, Labor, and Pensions. 110th Cong., 2nd
sess. (2008) (testimony of A.B. Steinwald).

Akerlof, G.A. The market for “lemons”: Quality uncertainty and the market mechanismes.
(1970). The Quarterly Journal of Economics, 84(3), 488-500.

Albert, P.A., & Butar, F.B. (2004). Diffusion of naturopathic state licensing in the United
States and Canada. Complementary Health Practice Review, 9, 193-207.
American Association of Nurse Practitioners (AANP). (n.d,). Your partner in health: The
nurse practitioner. Available at http://www.aanp.org/images/documents/about-

nps/npbrochure.pdf

Andrews, C.J. (2000). Diffusion pathways for electricity deregulation. Publius: The
Journal of Federalism, 30(3), 17-34.

APRN Consensus Work Group & the National Council of State Boards of Nursing APRN
Advisory Committee. (2008, July 7). Consensus model for APRN regulation:
Licensure, accreditation, certification and education. APRN Consensus
Workgroup and NCSBN APRN Advisory Committee.

Ardoin P.J., & Grady, D. (2006). The politics of electricity restructuring across the
American states: Power failure and policy failure. State & Local Government
Review, 38(3), 165-175.

Arpino, B., & Mealli, F. (2011). The specification of the propensity score in multilevel
observational studies. Computational Statistics & Data Analysis, 55(4), 1770-

1780.

177


http://www.aanp.org/images/documents/about-nps/npbrochure.pdf
http://www.aanp.org/images/documents/about-nps/npbrochure.pdf

Arrow, K.J. (1963). Uncertainty and the welfare economics of medical care. American
Economic Review, 53(5), 942-973.

Auerbach, D. I. (2000). Nurse practitioners and primary care physicians: Complements,
substitutes and the impact of managed care. Harvard Health Policy Review, 1(1),
83-94.

Auerbach, D.I. (2012). Will the NP workforce grow in the future? New forecasts and
implications for healthcare delivery. Medical Care, 50(7), 606-10.

Berkowitz, S.A., Gerstenblith, G., Herbert, R., & Anderson, G. (2009). Improving
regional variation using quality of care measures. Risk Management and
Healthcare Policy, 2, 91-96.

Berry, F., & Berry, W. (2007). Innovation and diffusion models in policy research. In P.A.
Sabatier. (Ed.), Theories of the policy process (2nd ed) (pp. 223-260). Cambridge,
MA: Westview Press.

Bishop, T.F., Federman, A.D., & Ross, J.S. (2012). Association between physician quality
improvement incentives and ambulatory quality measures. American Journal of
Managed Care, 1;18(4):€126-34

Bowser, B.A.(Reporter). (2011, May 26). Are nurse practitioners the solution to a
shortage of primary-care doctors? [PBS Newshour].In PBS Newshour.
Washington, DC: WETA, NewsHour Productions, LLC. Available at

http://www.pbs.org/newshour/bb/health-jan-junell-nurses 05-26/

Bruen, B.K., Ku, L., Lu, X., & Shin, P. (2013). No evidence that primary care physicians
offer less care to Medicaid, community health center, or uninsured patients.
Health Affairs, 32(9), 1624-30.

Caliendo, M., & Kopeinig, S. (2008). Some practical guidance for the implementation of

propensity score matching. Journal of Economic Surveys, 22(1), 31-72

178


http://www.pbs.org/newshour/bb/health-jan-june11-nurses_05-26/

Chen, L.M., Farwell, W.R., & Jha, A.K. (2009). Primary care visit duration and quality:
Does good care take longer? Archives of Internal Medicine, 169(20), 1866-1872.

Christian, S., Dower, C., & O'Neil, E. (2007). Overview of nurse practitioner scopes of
practice in the United Sates—Discussion. San Francisco, CA: UCSF Center for
the Health Professions.

D’Agostino, R.B. (1998). Propensity score methods for bias reduction in the comparison
of a treatment to a non-randomized control group. Statistics in Medicine, 17,
2265-2281.

Declerq, E.R., Paine, L.L., & DeJoseph, J.F. (1998). State regulation, payment policies,
and nurse-midwife services. Health Affairs, 17(2), 190-200.

Dehejia, R. H., & Wahba, S. (1999). Causal effects in nonexperimental studies:
Reevaluating the evaluation of training programs. Journal of the American
statistical Association, 94(448), 1053-1062.

Dehejia, R. H., & Wahba, S. (2002). Propensity score-matching methods for
nonexperimental causal studies. The Review of Economics and Statistics, , 84(1),
151-161.

Derthick, M., & Quirk, P.J. (1985). The politics of deregulation. Washington, DC: The
Brookings Institution.

Doty, M.M., Abrams, M.K., Hernandez, S.E., Stremikis, K., & Beal, A.C. (2010).
Enhancing the capacity of community health centers to achieve high
performance: Findings from the 2009 Commonwealth Fund National Survey of
Federally Qualified Health Centers. New York, NY: Commonwealth Fund.

Dueker, M. J., Jacox, A. K., Kalist, D. E., & Spurr, S. J. (2005). The practice boundaries
of advanced practice nurses: An economic and legal analysis. Journal Of

Regulatory Economics, 27(3), 309-329.

179



DuGoff, E.H., Schuler, M., & Stuart, E.A. (2014). Generalizing observational study
results: Applying propensity score methods to complex surveys. Health Services
Research, 49(1), 284-303.

DuMouchel, W.H., & Duncan, G.J. (1983). Using sample survey weights in multiple
regression analyses of stratified samples. Journal of the American Statistical
Association, 78(383), 535-543.

Ehrenberg, R.G., & Schumann, P.L. (1984). Compensating wage differentials for
mandatory overtime? Economic Inquiry, 22, 460-478.

Fairman, J.A., Rowe, J.W., Hassmiller, S., & Shalala, D.E. (2011). Broadening the scope
of nursing practice. New England Journal of Medicine, 364(3), 193-6.

Fisher, E.S. & Wennberg, J.E. (2003). Health care quality, geographic variations, and the
challenge of supply-sensitive care. Perspectives in Biology and Medicine, 46(1),
69-79.

Friedman, M. (1962). Capitalism and freedom. Chicago, IL: University of Chicago Press.
Gadbois, E.A., Miller, E.A., Tyler, D., & Intrator, O. (2015). Trends in state regulation of
nurse practitioners and physician assistants, 2001 to 2010. Medical Care

Research and Review, 72(2), 200-219.

Gardner, W., Mulvey, E.P., & Shaw, E.C. (1995). Regression analysis of counts and rates:
Poisson, overdispersed Poisson, and negative binomial models. Psychological
Bulletin, 118(3), 392-404.

Gaumer, G. L. (1984). Regulating health professionals: A review of the empirical
literature. The Milbank Memorial Fund Quarterly. Health and Society, 62(3),
380-416.

Gellhorn, W. (1976). The abuse of occupational licensing. The University of Chicago Law

Review, 44(1), 6-27.

180



Gelman, A. (2007). Struggles with survey weighting and regression modeling. Statistical
Science, 22(2), 153-164.

Gilman, D. J., & Fairman, J. (2014). Antitrust and the future of nursing: Federal
competition policy and the scope of practice. Health Matrix, 24, 143.

Gjelten, T. (Host). (2012, August 7). Prognosis worsens for shortages in primary care. In
Talk of the Nation. [Radio broadcast]. Washington, DC: National Public Radio.

Available at http://www.npr.org/2012/08/07/158370069/the-prognosis-for-the-

shortage-in-primary-care

Goldman, L.E., Chu, P.W., Tran, H., Romano, M.J., & Stafford, R.S. (2012). Federally
Qualified Health Centers and private practice performance on ambulatory care
measures. American Journal of Preventive Medicine, 43(2), 142-9.

Goodman, D.C., Brownlee, S., Chang, C., Fisher, E.S. (2010). Regional and racial
variation in primary care and the quality of care among Medicare
beneficiaries. Hanover, NH: The Dartmouth Atlas Project.

Guo, S. & Fraser, M.W. (2015). Propensity score analysis: Statistical methods and
applications. Thousand Oaks, CA: Sage Publications, Inc.

Haas-Wilson, D. (n.d.). The regulation of health care professionals other than
physicians. Washington, DC: Cato Institute. Retrieved from
http://www.cato.org/pubs/regulation/regvl5n4/regl5n4d.htmi

Harder, V. S., Stuart, E. A., & Anthony, J. C. (2008). Adolescent cannabis problems and
young adult depression: Male-female. American Journal of Epidemiology, 168,
592—601.

Hartigan, C. (2011). APRN regulation: The certification-licensure interface. AACN

Advanced Critical Care, 22(1), 50—65.

181


http://www.npr.org/2012/08/07/158370069/the-prognosis-for-the-shortage-in-primary-care
http://www.npr.org/2012/08/07/158370069/the-prognosis-for-the-shortage-in-primary-care

Health Affairs. (2013, May 15). Health policy brief: Nurse practitioners and primary
care. Available at
http://healthaffairs.org/healthpolicybriefs/brief _pdfs/healthpolicybrief 92.pdf

Heckman, J. J., Ichimura, H., & Todd, P. E. (1997). Matching as an econometric
evaluation estimator: Evidence from evaluating a job training programme. The
Review of Economic Studies, 64(4), 605-654.

Hicks, L.S., O'Malley, J., Lieu, T.A., Keegan, T., Cook, N.L., McNeil, B.J., Landon, B.E., &
Guadagnoli, E. (2006). The quality of chronic disease care in U.S. community
health centers. Health Affairs, 25(6), 1712-1723.

Hirsch, B.T. Trucking regulation, unionization, and labor earnings: 1973-1985. Journal
of Human Resources, 23, 296-319.

Hofer, A.N., Abraham, J.M., & Moscovice, I. (2011). Expansion of coverage under the
Patient Protection and Affordable Care Act and primary care utilization. Milbank
Quarterly, 89(1), 69-89.

Hong, G., & Raudenbush, S. W. (2006). Evaluating kindergarten retention policy: A case
study of causal inference for multilevel observational data. Journal of the
American Statistical Association, 101(475), 901-910.

Iglehart, J. (2013). Expanding the role of advanced nurse practitioners—risks and
rewards. New England Journal of Medicine, 368(20), 1935-1941.

Institute of Medicine (IOM). (2006). Performance measurement: Accelerating
improvement. Washington, DC: National Academies Press.

Institute of Medicine (IOM). (2011). The future of nursing—leading change, advancing

health. Washington, DC: National Academy Press.

182



Jencks, S.F., Cuerdon, T., Burwen, D.R., Fleming, B., Houck, P.M., Kussmaul, A.E.,
Nilasena, D.S.,...Arday, D.R. (2003). Quality of medical care delivered to
Medicare beneficiaries: A profile at state and national levels. Journal of the
American Medical Association, 284(13), 1670-1676.

Ka, S, & Teske, P. (2002). Ideology and professionalism : Electricity regulation and
deregulation over time in the American States. American Politics Research, 30,
323-343.

Kale, M.S., Bishop, T.F., Federman, A.D., & Keyhani, S. (2013). Trends in the overuse of
ambulatory health care services in the United States. JAMA Internal Medicine,
28;173(2):142-8.

Kalist, D.E., & Spurr, S.J. (2004). The effect of state laws on the supply of advanced
practice nurses. International Journal of Health Care Finance and Economics,
4(4), 271-281.

Kaplan, L., Skillman, S., Fordyce, M., McMenamin, P., & Doescher, M. (2012).
Understanding APRN distribution in the United States using NPI data. Journal
for Nurse Practitioners, 8(8), 626-635.

Katz, A.B., Felland, L.E., Hill, I., & Stark, L.B. (2011). A long and winding road: Federally
Qualified Health Centers, community variation and prospects under reform.
Research Brief, 21, 1-9.

Kelcey, B. (2011). Assessing the effects of teachers’ reading knowledge on students’
achievement using multilevel propensity score stratification. Educational
Evaluation and Policy Analysis, 33(4), 458-482.

Kim, J., & Seltzer, M. (2007). Causal inference in multilevel settings in which selection
processes vary across schools. CSE Technical Report 708. National Center for
Research on Evaluation, Standards, and Student Testing (CRESST), University of

California. Los Angeles, CA: CRESST.

183



Kirch, D.G., Henderson, M.K., & Dill, M.J. (2012). Physician workforce projections in an
era of health care reform. Annual Review of Medicine, 63, 435-45.

Kleiner, M. M. (2000). Occupational licensing. The Journal of Economic Perspectives,
189-202.

Korn, E.L., & Graubard, B.l. (1995). Examples of differing weighted and unweighted
estimates from a sample survey. The American Statistican, 49(3), 291-295.

Ku, L., Frogner, B.K., Steinmetz, E., & Pittman, P. (2015). Community health centers
employ diverse staffing patterns, which can provide productivity lessons for
medical practices. Health Affairs, 34(1), 95-103.

Ku, L., Jones, E., Shin, P., Byrne, F.R., & Long, S.K. (2011). Safety-net providers after
health care reform: Lessons from Massachusetts. Archives of Internal Medicine,
171(15), 1379-1384.

Ku, L. C., Richard, P., Dor, A., Tan, E., Shin, P., & Rosenbaum, S. J. (2010).
Strengthening primary care to bend the cost curve: The expansion of
community health centers through health reform. Geiger Gibson/RCHN
Community Health Foundation Research Collaborative. Policy Research Brief
No. 19. Washington, DC: The George Washington University, Department of
Health Policy.

Kuo Y., Loresto, F.L., Rounds, L.R., & Goodwin, J.S. (2013). States with the least
restrictive regulations experienced the largest increase in patients seen by nurse
practitioners. Health Affairs, 32(7), 1236—1243.

Law, M. T., & Kim, S. (2005). Specialization and regulation: The rise of professionals and
the emergence of occupational licensing regulation. The Journal of Economic
History, 65(03), 723-756.

Leland, H.E. (1979). Quacks, lemons, and licensing: A theory of minimum quality

standards. Journal of Political Economy, 87(6), 1328-1346.

184



Lewis, T., Goldberg, E., Schenker, N., Beresovsky, V., Schappert, S., Decker,
S.,...Shimizu, I. (2014). The relative impacts of design effects and multiple
imputation on variance estimates: A case study with the 2008 National
Ambulatory Medical Care Survey. Journal of Official Statistics, 30(1), 147-161.

Lin, G., Burns, P., & Nochajski, T. (1997). The geographic distribution of nurse
practitioners in the United States. Applied Geographic Studies, 1(4), 287-301.

Linder, J. A, Singer, D. E., & Stafford, R. S. (2003). Association between antibiotic
prescribing and visit duration in adults with upper respiratory tract infections.
Clinical Therapeutics, 25(9), 2419-2430.

Lutz, J.M. (1986). The spatial and temporal diffusion of selected licensing laws in the
United States. Political Geography Quarterly, 5(2), 141-159.

Ma, J., & Stafford, R.S. (2005). Quality of US outpatient care: Temporal changes and
racial/ethnic disparities. Archives of Internal Medicine, 165, 1354-1361.

Ma, J., Xiao, L., & Stafford, R.S. (2009). Adult obesity and office-based quality of care in
the United States. Obesity, 17(5), 1077-1085.

McCormick, M.P., O’Connor, E.E., Cappella, E. & McClowry, S.G. (2013). Teacher-child
relationships and academic achievement: A multilevel propensity score model
approach. Journal of School Psychology, 51(61), 611-624.

Morgan, P., Everett, C., & Hing, E. (2014a). Nurse practitioners, physician assistants,
and physicians in community health centers, 2006-2010. Healthcare, 3(2), 102-
107.

Morgan, P., Everett, C., & Hing, E. (2014b). Time spent with patients by physicians,
nurse practitioners, and physician assistants in community health centers, 2006-

2010. Healthcare, 2(4), 232-237.

185



National Association of Community Health Centers [NACHC]. (2015, April). Increasing
the workforce capacity of health centers: Reimbursement and scope of practice.
State Policy report #54. Bethesda, MD: NACHC.

National Governors Association (NGA). (2012). The role of nurse practitioners in
meeting increasing demand for primary care. Washington, DC: NGA. Available

at http://www.nga.org/cms/home/nga-center-for-best-practices/center-

publications/page-health-publications/col2-content/main-content-list/the-role-

of-nurse-practitioners.html

Nerurkar, A., Bitton, A., Davis, R.B., Phillips, R.S., & Yeh, G. (2013). When physicians
counsel about stress: Results of a national study. JAMA Internal Medicine,
173(1), 76-77.

Nichols, L.M. (1992). Estimating costs of underusing advanced practice nurses. Nursing
Economics, 10(5), 343-350.

Olsen, R. N. (2000). The Regulation of Medical Professions. Bouckaert, B. et De Geest,
G.(dir. pub.) Encyclopedia of Law and Economics, Cheltenham: Elgar, 111,
(5870), 1018-1054.

Pan, S., Straub, L. A., & Geller, J. M. (1997). Restrictive practice environment and nurse
practitioners' prescriptive authority. Journal of the American Academy of Nurse
Practitioners, 9(1), 9-15.

Peltzman, S. (1976). Toward a more general theory of regulation. Journal of Law and
Economics, 9, 211-40.

Perry, J. (2012). State-granted practice authority: Do nurse practitioners vote with their
feet? Nursing Research and Practice, 2012, Article ID 482178, 5 pages;

doi:10.1155/2012/482178

186


http://www.nga.org/cms/home/nga-center-for-best-practices/center-publications/page-health-publications/col2-content/main-content-list/the-role-of-nurse-practitioners.html
http://www.nga.org/cms/home/nga-center-for-best-practices/center-publications/page-health-publications/col2-content/main-content-list/the-role-of-nurse-practitioners.html
http://www.nga.org/cms/home/nga-center-for-best-practices/center-publications/page-health-publications/col2-content/main-content-list/the-role-of-nurse-practitioners.html

Perry, J.J. (2009). The rise and impact of nurse practitioners and physician assistants on
their own and cross-occupation incomes. Contemporary Economic Policy, 27(4),
491-511.

Petterson, S.M., Liaw, W.R., Phillips, R.L., Rabin, D.L, & Bazemore, A.W. (2012).
Projecting U.S. primary care physician workforce needs: 2010-2025. Annals of
Family Medicine, 10, 503-509.

Phillips, S.J. (2010). Regulatory and legislative successes for APRNs. The Nurse
Practitioner, 35(1):24-47.

Phillips, S.J. (2013). Evidence-based practice reforms improve access to APRN care. The
Nurse Practitioner, 38(1), 18-42.

Pittman, P., & Williams, B. (2012). Physician wages in states with expanded APRN scope
of practice. Nursing Research and Practice, 2012.

Poghosyan, L., Nannini, A., & Clarke, S. (2013). Organizational climate in primary care
settings: Implications for nurse practitioner practice. Journal of the American
Academy of Nurse Practitioners, 25(3), 134-140.

Poghosyan, L., Nannini, A., Smaldone, A., Clarke, S., O'Rourke, N. C., Rosato, B. G., &
Berkowitz, B. (2013). Revisiting Scope of Practice Facilitators and Barriers for
Primary Care Nurse Practitioners A Qualitative Investigation. Policy, Politics, &
Nursing Practice, 14(1), 6-15.

Poghosyan, L., Nannini, A., Stone, P. W., & Smaldone, A. (2013). Nurse practitioner
organizational climate in primary care settings: Implications for professional
practice. Journal of Professional Nursing, 29(6), 338-349.

Pohl, J.M., Hanson, C., Newland, J.A., & Cronenwett, L. (2010). Unleashing nurse
practitioners’ potential to deliver primary care and lead teams. Health Affairs,

29(5), 900-905.

187



Reagan, P.B., & Salsberry, P.J. (2013). The effects of state-level scope-of-practice
regulations on the number and growth of nurse practitioners. Nursing Outlook,
61(6), 392-9.

Rickles, J. H. (2012). Using a two-stage propensity score matching strategy and
multilevel modeling to estimate treatment effects in a multisite observational
study. (Order No. 3511076, University of California, Los Angeles). ProQuest
Dissertations and Theses, 228. Retrieved from
http://search.proquest.com/docview/1022487601?accountid=11243.
(1022487601).

Romano, M.J., & Stafford, R.S. (2011). Electronic health records and clinical decision
support systems: Impact on national ambulatory care quality. Archives of
Internal Medicine, 171(10), 897-903.

Rose, J. (1979). Occupational Licensing-A Framework for Analysis. Arizona State Law
Journal, 189.

Rose, N.L. (1985). The incidence of regulatory rents in the motor carrier industry. RAND
Journal of Economics, 16, 299-318.

Rosenbaum, P. R., & Rubin, D. B. (1985). Constructing a control group using
multivariate matched sampling methods that incorporate the propensity score.
The American Statistician, 39(1), 33-38.

Rosenbaum, P.R., & Rubin, D.B. (1983). The central role of the propensity score in
observational studies for causal effects. Biometrika, 70(1), 41-55.

Rubin, D. B., & Thomas, N. (1996). Matching using estimated propensity scores: Relating
theory to practice. Biometrics, 52(1), 249-264.

Safriet, B. (2002). Closing the gap between can and may in health-care providers' scopes
of practice: A primer for policymakers. Yale Journal on Regulation, 19(2), 301-

334.

188



Schroeck, F. R., Kaufman, S. R., Jacobs, B. L., Skolarus, T. A., Hollingsworth, J. M.,
Shahinian, V. B., & Hollenbeck, B. K. (2014). Regional variation in quality of
prostate cancer care. The Journal of Urology, 191(4), 957-963.

Sekscenski, E.S., Sansom, S., Bazell, C., Salmon, M.E., & Mullan, F. (1994). State practice
environments and the supply of physician assistants, nurse practitioners, and
certified nurse-midwives. New England Journal of Medicine, 331(19), 1266-71.

Shi, L., & Samuels, M.E. (1997). Practice environment and the employment of nurse
practitioners, physician assistants, and certified nurse midwives by community
health centers. Journal of Allied Health, 26(3), 105-111.

Smith, A. (1937). An inquiry into the nature and causes of the wealth of nations. New
York, NY: Random House Modern Library. (Original work published in 1776).

Smith, J.A., & Todd, P.E. (2005). Does matching overcome LaLonde’s critique of
nonexperimental estimators? Journal of Econometrics, 125(2005), 305—353.

Smith, J. A., & Todd, P. E. (2001). Reconciling conflicting evidence on the performance
of propensity-score matching methods. American Economic Review, 91(2), 112-
118.

Solon, G., Haider, S. J., & Wooldridge, J. (2013). What are we weighting for? (No.
w18859). Cambridge, MA: National Bureau of Economic Research.

Spetz, J., Parente, S.T., Town, R.J., & Bazarko, D. (2013). Scope-of-practice laws for
nurse practitioners limit cost savings that can be achieved in retail clinics. Health
Affairs, 32(11), 1977—1984.

Stange, K. (2014). How does provider supply and regulation influence health care
markets? Evidence from nurse practitioners and physician assistants. Journal of

Health Economics, 33, 1-27.

189



Starfield, B., Powe, N.R., Weiner, J.R., Stuart, M., Steinwachs, D., Scholle, S.H., &
Gerstenberger, A. (1994). Costs vs quality in different types of primary care
settings. Journal of the American Medical Association, 272, 1903-1908.

StataCorp, LLP. (2011). Stata/SE version 12.1 [computer software]. College Station, TX:
Stata Corp, LLP.

Stigler, G.J. (1971). The theory of economic regulation. The Bell Journal of Economics
and Management Science, 2(10), 3-21.

Stuart, E.A. (2007). Estimating causal effects using school-level data sets. Educational
Researcher, 36(4), 187-198.

Stuart, E.A. (2010). Matching methods for causal inference: A review and look forward.
Statistical Science, 25(1), 1-21.

Studenmund, A.H. (2011). Using econometrics: A practical guide (6t ed.). New York,
NY: Addison-Wesley.

Tobler, L. (2010). A primary problem: More patients under federal health reform with
fewer primary care doctors spell trouble. State Legislatures, 36(10), 20-4.

Traczynski, J., & Udalova, V. (2014). Nurse practitioner independence, health care
utilization, and health outcomes. Retrieved from

http://www?2.hawaii.edu/~jtraczyn/paperdraft 050414 ASHE.pdf

U.S. Congress, Office of Technology Assessment. (1986). Nurse practitioners, physician
assistants, and certified nurse-midwives: A policy analysis. Washington (DC):
U.S. Government Printing Office. Health Technology Case Study no. 37, Pub. no.
OTA-HCS-37.

U.S. Department of Health & Human Services (DHHS). (2011). 2011 Report to
Congress: National Strategy for Quality Improvement in Health Care.
Washington, DC: DHHS. Retrieved at

http://www.ahrg.gov/workingforquality/ngs/ngs201lannlrpt.pdf

190


http://www2.hawaii.edu/%7Ejtraczyn/paperdraft_050414_ASHE.pdf
http://www.ahrq.gov/workingforquality/nqs/nqs2011annlrpt.pdf

U.S.

U.S.

U.S.

U.S.

U.S.

U.S.

U.S.

u.sS.

Department of Health & Human Services (DHHS), Agency for Healthcare Research
and Quality (AHRQ). (2011). Primary care workforce facts and stats no. 2.
Rockville, MD, AHRQ. Available at
http://www.ahrg.gov/sites/default/files/publications/files/pcwork2.pdf

Department of Health & Human Services, Health Resources and Services
Administration (HRSA). (2010). Findings from the 2008 National Sample
Survey of Registered Nurses. Rockville, MD: HRSA.

Department of Health & Human Services, Health Resources Services
Administration (HRSA). (n.d.). Health center terminology tip sheet. Rockville,
MD: HRSA. Retrieved at
http://bphc.hrsa.gov/technicalassistance/health_center_terminology sheet.pdf

Department of Health & Human Services, Health Resources and Services
Administration (HRSA). (2014). Highlights from the 2012 National Sample
Survey of Nurse Practitioners. Rockville, MD: HRSA.

Department of Health & Human Services, Health Resources Services
Administration (HRSA). (n.d.). The Affordable Care Act and health centers.
Rockville, MD: HRSA.

Department of Health & Human Services, Health Resources and Services
Administration (HRSA). (2013). Projecting the supply and demand for primary
care practitioners through 2020. Rockville, Maryland: HRSA.

Department of Health & Human Services, Health Services and Resources
Administration (HRSA). (2012-2014). UDS national data [Data file].

Department of Health & Human Services, National Center for Health Statistics
(NCHS). (2006-2011). NAMCS Micro-data file documentation. Retrieved from

ftp://ftp.cdc.gov/pub/Health Statistics/NCHS/Dataset Documentation/NAMC

S/

191


ftp://ftp.cdc.gov/pub/Health_Statistics/NCHS/Dataset_Documentation/NAMCS/
ftp://ftp.cdc.gov/pub/Health_Statistics/NCHS/Dataset_Documentation/NAMCS/

Walker, J. (1969). The diffusion of innovation among American states. American
Political Science Review, 63, 880-899.

White, M.W. (1996). Power struggles: Explaining deregulatory reforms in electricity
markets. Brookings papers on economic activity. Microeconomics, Volume 1996
(pp.201-250). Washington, DC: Brookings Institution.

White, W.D. (1983). Labor market organization and professional regulation: A historical
analysis of nursing licensure. Law and Human Behavior, 7(2/3), 157-170.

White, W.D. (2004). Market forces, competitive strategies, and health care regulation.
University of lllinois Law Review, 2004, 137-166.

White, W.D. (1987). The introduction of professional regulation and labor market
conditions: Occupational licensure of registered nurses. Policy Sciences, 20(1),
27-51.

Xue, Y., Ye, Z., Brewer, C., & Spetz, J. (2015). Impact of state nurse practitioner scope-of-
practice regulation on healthcare delivery: Systematic review. Nursing Outlook.
doi: 10.1016/j.outlook.2015.08.005

Zhang, Y., Baicker, K. & Newhouse, J.P. (2010). Geographic variation in the quality of
prescribing. New England Journal of Medicine, 363(21), 1985-1988.

Zhou, X. (1993). Occupational power, state capacities, and the diffusion of licensing in
the American States:1890 to 1950. American Sociological Review, 58(4), 536-

552.

192



Appendix A: Review of the Evidence
Section Il summarizes the evidence examining the impact of state scope of
practice restrictions on NP practice and quality. A more detailed description of

the 18 studies included in that review follows.

1. Impact of regulation on supply, utilization, and access

The first study examining the relationship between SOP and supply was
published in 1994. In it, researchers examined the relationship between the regulatory
environment for NPs, PAs, and nurse midwives and these practitioners’ supply per
100,000 population using a single year of cross sectional data. For each of the three
groups of practitioners, correlations were positive and statistically significant, suggesting
that states with more independent practice environments also had a greater supply of
these practitioners. Additionally, researchers found that in the 17 states with the highest
proportions of their populations living in primary care physician shortages, favorable
practice environments were associated with a greater supply of NPs, PAs, and midwives
(Sekscenski et al., 1994). A second, and more recent, cross sectional study confirmed
Sekscenski et al.’s findings (Reagan & Salsberry, 2013). Specifically, these researchers
found that restrictive NP practice environments reduced the number of NPs by 10 per
100,000 and the growth rate by 25%.

Two additional cross sectional studies, which examined the impact of state NP
restrictions on the distribution of practitioners, found that NPs were more likely to
practice in rural—rather than urban—areas in states with favorable practice
environments and be evenly distributed in counties in such stages (Kaplan et al., 2012;
Linetal., 1997)

In five other studies, researchers explored the direct or moderating effects of the

regulatory environment on various outcomes of supply, utilization, and/or access using
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data enabling more rigorous study designs (e.g., repeated cross sectional or longitudinal
datasets) (Auerbach, 2000; Kalist & Spurr, 2004; Perry, 2012; Stange, 2014; Traczynski
& Udalova, 2014). Because each study employed different dependent variables in its
analyses, it is not possible to draw conclusions across them. Separately, results suggest
that NP independence is associated with an increase in the number of enrollments in
master’s degree nursing programs (Kalist & Spurr, 2004), decrease in the probability of
NPs moving out of state (Perry, 2012), increase in the frequency of routine checkups
(Traczynski & Udalova, 2014), decrease in the number of emergency department visits
for ambulatory-sensitive conditions (i.e., diagnoses for which timely and effective
outpatient care can help prevent the onset of illness control acute episodes of illness or
manage a chronic disease) without any statistically significant effect on the frequency of
checkups (Traczynski & Udalova, 2014), and an improvement in patient-reported
appointment availability and ease of travel to appointments (Traczynski & Udalova,
2014). As a moderator of supply, Stange (2014) found that utilization is responsive to
NP supply in areas that grant NPs greater practice authority. This suggests that
increased NP utilization might depend on changes in supply that are realized through
more independent practice environments.

Two final studies—one from 1997 and the other from 2015—are directly
applicable to HCs, making them highly relevant to this investigation. These studies both
examined the impact of state-granted independence on the employment and use of NPs
and other clinicians in HCs. In both cases, researchers found that the number of NPs
employed by HCs was significantly and positively associated with state independence

(Shi & Samuels, 1997; Ku et al., 2015).
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2. Impact of regulation on NP services

In addition to an increased availability of and access to NPs, two studies provide
evidence that state-granted independence influences how clinicians practice. For
example, Kuo, Loresto, Rounds, & Goodwin (2013) examined Medicare claims of
beneficiaries 65 years of age and older from 1998-2010 and found a significant increase
in the number of patients who were seen by NPs, generally, as well as the percentage of
beneficiaries who had NPs as their primary care provider. Pan et al., 1997 found that
states’ regulatory environments were associated with broader and more autonomous

prescribing practices.

3. Impact of regulation on NP wages and income

In the last decade, three studies have been published explaining the relationship
between states’ NP regulatory environments and practitioners’ wages and/or income.
The first of these, Dueker, et al. (2005), examined the relationship between advanced

FhkKkAx

practice registered nurses' (APRNSs) professional autonomy and their earnings from
1999-2002 using data from the current population survey (CPS). The researchers
discovered that state-granted professional autonomy reduced APRNSs earnings by 21%,
increased PAs’ earnings by 36%, and had no statistically significant effect on PCMD
earnings. To explain the reduction in NP salaries, the authors note the increased supply
and reduced salaries that are likely to accompany greater NP autonomy. On the other
hand, they contend that, “...these regulatory changes might have caused a substitution

effect whereby physicians hired more PAs and fewer NPs resulting in a greater demand

for PAs and a commensurate increase in PA earnings” (p. 327).

=== A classification that includes all registered nurses with advanced, graduate education and
clinical training and certification in an area of specialty: NPs, nurse midwives, nurse anesthetists,
and clinical nurse specialists.
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Although Dueker and colleagues’ supply/demand rationale helps explain these
results, these phenomena might also be explained by compensating differentials—
differences in wages that must be paid to workers who assume jobs that are less desirable
(Ehrenberg & Schumann, 1984). In studies examining the impact of regulatory
constraints on entry and price competition on wage differentials in the trucking industry,
deregulation has been known to reduce wages especially in unionized environments
(Hirsch, 1988; Rose, 1985). In the case of NP SOP, less restricted environments—
perceived as being more favorable practice environments—could decrease wage
differentials and reduce NP earnings.

The second study on these relationships was published by John Perry in 2009
and produced results that conflict with Dueker et al. In his study, Perry examined the
effect of state NP and PA independence (prescriptive authority and reimbursement
authority) on the incomes of NPs, PAs, and physicians, without regard to specialty, in
1992, 1996, 2000, and 2004 using different data sources for each of the practitioner
group’s incomes (i.e., National Sample Survey of Registered Nurses, American Academy
of Physician Assistants’ Annual Census, and CPS). Although no statistically significant
effect was detected among any of the regulatory variables and NP earnings, Perry did
find a statistically significant positive relationship between the length of time NPs had
prescriptive authority and NPs’ earnings (a 1.6% increase in earnings each year). At the
same time, the length of time NPs had prescriptive authority reduced PAs’ earnings
(1.4% decrease each year) and PCMDs’ earnings (7.6% decrease in earnings each year).
These results are counterintuitive to traditional economic theory and rationalized by
Perry as limitations in the study.

The final contribution in this area is from Pittman & Williams (2012). In this
study, the researchers examined the effect of NP independence on the wages of primary

care physicians (family and general practice physicians, pediatricians) and surgeons but
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not NPs or PAs. Using one year of CPS data (2009), the wages of these physicians in
states that had granted NPs full practice and prescriptive independence were compared
to those in restricted states. Because of their overlapping areas of practice, the
researchers hypothesized that the wages of primary care physicians—but not surgeons—
would be negatively affected by NP independence; however, they ultimately found that
independence had no statistically significant effect on the wages of any of these physician

specialties.

4. Impact of regulation on cost and efficiency

The economic impact of restricted practice was explored in a 1992 study by
economist, Len Nichols. In it, he quantified the social welfare loss associated with the
underutilization of advanced practice nurses't'—a loss which is influenced by scope of
practice barriers. Based on Nichols’ assumptions regarding price, quantity, marginal
costs, and the proportion of primary care for which advance practice nurses could
substitute for PCMDs, underutilization, which included underuse due to restrictive
practice environments, resulted in a 5.5%-7.5% loss to consumer welfare—the equivalent
of $6.4-$8.75 billion annually (Nichols, 1992). While the economic impact of restricted
NP practice is sizable, Nichols’ projections do not account for contemporary
demographic, workforce, and health care trends which would likely increase his
estimates—for example, PCMD shortages, increases in the number of elderly, and gains
in the number of insured Americans under the Affordable Care Act (Hofer et al., 2011;
Kirch et al., 2012; Petterson et al., 2012).

Additionally, recent studies examining the impact of state NP independence on

efficiency have used measures of costs per episode, visit charges, and expenditures. In

T A classification that includes NPs, clinical nurse specialists, nurse anesthetists, and nurse
midwives.
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Stange (2014), NP supply and state practice environment are interacted and used to
predict price elasticity. Findings, which are either wrong-signed or small and not
statistically significant, suggest NP supply has minimal impact on visit price or
expenditures. Additionally, Stange regresses price and expenditure on states’
prescriptive authority and finds a modest, positive relationship with expenditures and
visit charges but not prices paid. The author interprets these findings to mean that
changes in NP “...prescriptive authority—one key component of the overall regulatory
environment—have only modest impact on the market for health care services.”(p. 15).
Another, recent study by Spetz, Parente, Town, & Bazarko (2013) examined
whether costs per episode in retail clinics—outpatient settings that are frequently staffed
by NPs—were lower in states where NPs were allowed independence and whether retail
clinic use and state-granted independence were associated with hospitalizations.
Findings from this study suggest that, in addition to retail clinic episodes having lower
total payments, clinics located in states where NPs practice independently had even
lower expenditures than those located in states with restricted NP practice
environments. Although prescription spending was higher for retail clinic episodes than
non-retail clinic episodes, the effect was counteracted when NPs practiced
independently. As they relate to the hospitalization patterns, no statistically significant

relationship with SOP was detected.

5. Impact of regulation on patient-reported satisfaction health outcomes

Two recent contributions are among the first—if not the first—to examine the
relationship between states’ practice environments and health care outcomes including
patient-rated health status and visit quality, preventative services (flu vaccination, blood
pressure and cholesterol screening, pap smear, and breast exam), and having a usual

source of care (Stange, 2014; Traczynski & Udalova, 2014). In both cases, the
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researchers used the Medical Expenditure Panel Survey (MEPS) as their primary data
source, but Stange models state independence as a moderator of the relationship
between NP supply and health outcomes and Trazynski & Udalova model the effect of
independence on them directly. Findings from these two studies are difficult to compare
given the different theoretical and methodological approaches. Nonetheless, Stange
found no moderating effect by NP autonomy on the relationship between NP supply and
any health outcome studied while Trazynski & Udalova found that NP independence
improved patient-reported health care quality, patient-rated visit quality (i.e.,
practitioner spent more time with patient, listened better, and explained things more

clearly), and patient-rated health status.
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Appendix Table B.1.: Alternative Specifications for NP Independence Variable, NP Sample (HCs, 2006-2011)

Full Sample, Unweighted Adjusted Odds Ratios (CIs)
Outcome (N=6498) (1a) (1b) (1c)

both (1, 0) practice (1-4) Rx (1-3) practice (1, 0) Rx (1, 0)
Quality Indicatort
. ._ 1.70%* 1.07 1.21 1.23 1.46
Smoking cessation (n=1213) (119-2.42)  (0.84-1.35) (0.84-1.73)  (0.80-1.88)  (0.93-2.33)
Depression treatment (n=872) 0.89 1.29 0.72 1.59% 0.64
P (0.61-1.28) (1.01-1.64) (0.49-1.04) (1.01-2.52) (0.39-1.04)
. o 0.37** 0.91 0.60* 0.91 0.40%*
Statin for hyperlipidemia (n=727) (0.24-0.59) (0.71-1.16) (0.40-0.92) (0.55-1.52) (0.22-0.74)
Service Utilization and Referral Pattern Measuretf
. ~ 1.11 0.93 1.22 0.90 1.25
Physical exam (n=5896) (0.86-1.43) (0.80-1.08) (0.95-1.55) (0.67-1.19) (0.90-1.74)
. . 1.45% 0.95* 1.43% 0.82%* 1.67%*
N —
Health education services™ (\=5856) 4 354 55 (0.90-0.99) (1.32-1.54) (0.75-0.90) (1.51-1.84)
o 1.07* 0.97 1.05 0.95 1.10*
N\ —
Medications” (n=5930) (L00-1.13)  (0.94-1.00) (100-111)  (0.89-1.02)  (102-1.19)
Imaging (n=5930) 0.95 0.76** 1.19 0.67** 1.29
ging (0.74-1.23) (0.66-0.87) (0.93-1.51) (0.50-0.89) (0.94-1.79)
o 0.91 0.86** 1.11* 0.85* 1.03
Return visit (n=5930) (0.78-1.05) (0.78-0.93) (0.97-1.28) (0.72-1.00) (0.85-1.24)
_ 0.96 0.91 1.12 1.04 0.96
MD referral (n=5930) (0.76-119)  (0.80-1.04)  (0.90-139)  (0.82-132)  (0.72-1.28)

NP=nurse practitioner HC=health center MD=physician *p<0.05 **p<0.01 7QIs controlled for age, age?, gender, race, ethnicity,
payer, metropolitan status (rural), region, # chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher, and year
tservice utilization and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural),
region, reason for visit, HC type, % with HS diploma or higher, and year “~negative binomial distribution and adjusted incidence rate
ratio reported ’confidence intervals based on robust standard errors
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Appendix Table B.2.: Alternative Specifications for NP Independence Variable, NP Sample (HCs, 2006-2011)"

Full Sample, Weighted Adjusted Odds Ratios (Cls)
Outcome (N=6498) (1a) (1b) (1c)

both (1, 0) practice (1-4) Rx (1-3) practice (1, 0) Rx (1, 0)
Quality Indicatort
. - 116 1.28 0.87 1.98 0.73
Smoking cessation (n=1213) (059-2.27)  (0.84-1.97)  (0.44-1.71) (0.71-5.51) (0.25-2.15)
Depression treatment (n=872) 0.54* 118 0.56* 1.32 0.43**
b (0.30-0.97)  (0.84-1.66) (0.34-0.91) (0.61-2.87) (0.23-0.81)
. o 0.47 0.92 0.80 1.14 0.42
Statin for hyperlipidemia (n=727) (0.20-1.11) (0.63-1.34) (0.41-1.56) (0.46-2.82) (0.12-1.44)
Service Utilization and Referral Pattern Measuretf
: _ 1.12 0.71 1.60* 0.63 1.66
Physical exam (n=5896) (0.72-1.74) (0.51-1.01) (1.06-2.42) (0.33-1.18) (0.82-3.35)
. . 1.57%* 0.96 1.55%* 0.94 1.65%
N —
Health education services™ (\=5856) (4 55 5 o) (0.83-1.10) (1.21-1.98) (0.65-1.37) (1.10-2.49)
o 1.13 0.94 1.19% 0.96 1.16
N\ —
Medications”™ (n=5930) (0.93-1.37)  (0.84-1.05)  (1.02-1.39)  (0.80-1.17)  (0.92-1.46)
\maging (n=5030) 1.18 0.70* 1.47 0.51 2.10
ging (0.77-1.80) (0.51-0.96) (0.94-2.29) (0.19-1.37) (0.79-5.61)
o 1.54 0.87 1.67* 0.94 1.63
Return visit (n=5930) (0.87-2.76) (0.71-1.06) (1.05-2.65) (0.46-1.92) (0.71-3.73)
_ 1.00 1.34% 0.83 1.87* 0.61
MD referral (n=5930) (0.65-152)  (L02-1.76) (059-115)  (1.16-3.02)  (0.36-1.03)
NP=nurse practitioner HC=health center MD=physician -adjusted for complex survey design and weighted for sampling

probabilities *p<0.05 **p<0.01 T7QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan status (rural), region, #
chronic conditions, # chronic conditions2, HC type, % with HS diploma or higher, and year. fservice utilization and referral pattern
measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region, reason for visit, HC type, % with HS
diploma or higher, and year "negative binomial distribution and adjusted incidence rate ratio reported ’confidence intervals based
on robust standard errors
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Appendix Table B.3.: Alternative Specifications for NP Independence Variable, PCMD Sample (HCs, 2006-2011)

Full Sample, Unweighted Adjusted Odds Ratios (CIs)

Outcome (N=18644) (1a) (1b) (1c)
both (1,0) practice (1-4) Rx (1-3) practice (1, O) Rx (1, 0)
Quality Indicatort
. ._ 0.93 1.09 0.68** 1.10 0.83
Smoking cessation (n=2996) (0.72-119)  (0.95-1.25)  (0.55-0.84)  (0.90-134)  (0.63-1.08)
. _ 1.55%* 1.18* 1.25 1.19 1.34*
Depression treatment (n=2073) (1.20-1.99) (1.02-1.36) (0.99-157)  (0.94-1.50) (1.01-1.79)
. o 0.99 0.99 0.96 0.84 1.12
Statin for hyperlipidemia (n=2265) (0.77-1.28)  (0.86-114)  (0.75-1.23)  (0.66-1.07)  (0.82-154)
Service Utilization and Referral Pattern Measuretf
. _ 0.97 1.02 1.08 1.10 0.93
Physical exam (n=16775) (0.83-1.14) (0.93-1.12) (0.93-1.25) (0.95-1.27) (0.77-1.12)
. . 1.26%* 1.00 1.10%* 1.01 1.26%*
N —
Health education services™ (N=16696) ;551 34y (0.97-1.03)  (L04-117)  (0.96-1.06)  (1.18-1.35)
o 1.08%* 0.98 1.05%* 0.97 1.10%*
N\ —
Medications” (n=16916) (104-112)  (0.97-1.00)  (LOL-1.08)  (0.94-1.00)  (1.04-115)
Imaging (n=16916) 0.93 0.95 0.95 0.96 0.95
ging (0.79-1.09) (0.87-1.03) (0.82-1.11) (0.84-1.11) (0.79-1.14)
o 1.04 1.02 0.97 1.03 1.04
Return visit (n=16916) (0.95-1.15) (0.97-1.08) (0.88-1.06) (0.94-1.12) (0.92-1.17)
_ 1.09 1.01 1.03 0.99 1.10
MD referral (n=16916) (0.95-126)  (0.94-1.09)  (0.90-117)  (0.88-112)  (0.94-1.29)
NP=nurse practitioner PCMD=primary care physician HC=health center MD=physician *p<0.05 **p<0.01 *QIs controlled

for age, age?, gender, race, ethnicity, payer, metropolitan status (rural), region, # chronic conditions, # chronic conditions?, HC type,
% with HS diploma or higher, and year. fservice utilization and referral pattern measures controlled for age, age?, sex, race,
ethnicity, payer, metropolitan status (rural), region, reason for visit, HC type, % with HS diploma or higher, and year “negative

binomial distribution and adjusted incidence rate ratio reported
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Appendix Table B.4.: Alternative Specifications for NP Independence Variable, PCMD Sample (HCs, 2006-2011)"
Full Sample, Weighted Adjusted Odds Ratios (Cls)
Outcome (N=18644) (1a) (1b) (1c)

both (1, 0) practice (1-4) Rx (1-3) practice (1, 0) Rx (1, 0)
Quality Indicatort
. ._ 1.20 1.26 0.81 1.52 0.90
Smoking cessation (n=2996) (0.70-2.06)  (0.97-1.63)  (0.48-1.37)  (0.96-2.41)  (0.50-1.65)
Depression treatment (n=2073) 161 L4z 1.12 2.12% 0.94
P = (0.88-2.94) (1.14-1.89) (0.74-1.71) (1.29-3.50) (0.53-1.65)
. o 0.94 1.22 0.79 1.02 0.93
Statin for hyperlipidemia (n=2265)  ,57.156)  (0.99-150)  (0.55-115)  (0.62-1.65)  (0.50-1.72)
Service Utilization and Referral Pattern Measuretf
. ~ 0.81 0.96 1.08 113 0.75
Physical exam (n=16775) (0.55-1.20) (0.75-1.22) (0.74-1.58) (0.72-1.78) (0.43-1.31)
. . 1.71% 0.90 1.56%* 0.81 2.00%*
N —
Health education services™ (n=16696) ;575 35y (078-1.04)  (1.14-216)  (0.60-L08)  (1.35-2.96)
o 1.14 1.11%* 0.98 1.13* 1.04
N\ —
Medications” (n=16916) (0.97-1.31) (L06-117)  (0.90-1.07)  (L02-1.26) (0.91-1.19)
Imaging (n=16916) 0.98 0.97 1.11 1.06 0.93
ging (0.68-1.42) (0.82-1.14) (0.80-1.55) (0.77-1.46) (0.58-1.49)
o 1.30 1.16 0.98 1.17 1.17
Return visit (n=16916) (0.71-2.40) (0.92-1.46) (0.59-1.60) (0.70-1.96) (0.56-2.47)
_ 1.00 0.93 1.08 0.88 1.10
MD referral (n=16916) (0.71-1.40)  (0.77-113)  (0.77-152)  (0.57-1.36) (0.67-1.81)

NP=nurse practitioner PCMD=primary care physician HC=health center MD=physician  *adjusted for complex survey design
and weighted for sampling probabilities *p<o0.05 **p<0.01 *QIs controlled for age, age?, gender, race, ethnicity, payer,
metropolitan status (rural), region, # chronic conditions, # chronic conditions2, HC type, % with HS diploma or higher, and year
tservice utilization and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural),
region, reason for visit, HC type, % with HS diploma or higher, and year “negative binomial distribution and adjusted incidence rate
ratio reported ’‘confidence intervals based on robust standard errors
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Appendix Table B.5.: Alternative Specifications for NP Independence Variable, PA Sample (HCs, 2006-2011)

Full Sample, Unweighted Adjusted Odds Ratios (CIs)

Outcome (N=3475) (1a) (1b) (1c)
both (1, 0) practice (1-4) Rx (1-3) practice (1, 0) Rx (1, 0)
Quality Indicatort
smoking cessation (n=601) 1.59 0.87 1.65 0.86 1.76
(0.96-2.61) (0.62-1.24) (0.93-2.92) (0.43-1.71) (0.89-3.49)
Depression treatment (n=436) 217 1.30 1.68 1.55 163
(1.23-3.83) (0.89-1.88) (0.90-3.13) (0.74-3.27) (0.77-3.46)
. o 1.38 0.90 1.33 0.98 1.40
Statin for hyperlipidemia (n=405) (0.75-2.54) (0.62-1.32) (0.72-2.47) (0.44-2.21) (0.59-3.28)
ervice Utilization an erterra attern easure
Service Utilizati d Referral P M I
Physical exam (n=3157) 0.67* 0.84 0.96 1.07 0.64
(0.47-0.96) (0.68-1.03) (0.66-1.41) (0.71-1.62) (0.40-1.02)
. . 0.91 1.02 0.86* 1.07 0.87
N —
Health education services™ (n=3110) 4 g5'1 o4y (0.95-1.19) (0.75-0.99) (0.92-1.25) (0.73-1.03)
o 1.55%* 1.05* 1.43%* 1.26%* 1.32%*
N\ —
Medications” (n=3183) (1.43-1.67) (1.01-1.10) (1.31-1.56) (1.14-1.38) (1.19-1.47)
maging (n=3183) 1.23 0.99 1.10 1.05 1.19
ging (0.87-1.73) (0.98-1.00) (0.77-1.59) (0.69-1.59) (0.74-1.90)
Return visit (n=3183) 0.84 1.40%* 0.74%* 1.87%* 0.55%*
= (0.69-1.03) (1.23-1.58) (0.58-0.93) (1.43-2.43) (0.42-0.72)
_ 1.31 1.07 0.79 0.80 1.56
MD referral (n=3183) (0.93-1.84)  (0.90-126)  (055-1.13)  (0.54-118)  (0.99-2.47)
NP=nurse practitioner PA=physician assistant HC=health center MD=physician *p<0.05 **p<0.01 7QIs controlled for age,

agez, gender, race, ethnicity, payer, metropolitan status (rural), region, # chronic conditions, # chronic conditions2, HC type, % with

HS diploma or higher, and year fservice utilization and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer,
metropolitan status (rural), region, reason for visit, HC type, % with HS diploma or higher, and year “negative binomial distribution
and adjusted incidence rate ratio reported ’confidence intervals based on robust standard errors
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Appendix Table B.6.: Alternative Specifications for NP Independence Variable, PA Sample (HCs, 2006-2011)"

Full Sample, Weighted Adjusted Odds Ratios (Cls)

Outcome (N=3475) (1a) (1b)
both (1, 0) practice (1-4) Rx (1-3) practice (1, 0) Rx (1, 0)
Quality Indicatort
smoking cessation (n=601) 1.14 0.92 1.27 0.44 1.99
(0.70-1.86) (0.52-1.62)  (0.60-2.68) (0.15-1.30) (0.92-4.31)
Depression treatment (n=436) 3.14%* 1.49 2.48* 2.16 2.00”
b = (1.60-6.18) (0.92-2.40) (1.23-4.97) (0.69-6.75) (1.02-3.92)
. o 1.05 0.97 1.08 1.13 0.97
Statin for hyperlipidemia (n=405) (0.47-2.36) (0.65-1.46) (0.51-2.28) (0.43-2.99) (0.43-2.16)
Service Utilization and Referral Pattern Measuretf
Physical exam (n=3157) 1.15 0.63* 1.71 0.90 1.24
(0.61-2.19) (0.41-0.96)  (0.90-3.24) (0.32-2.8) (0.60-2.57)
. . 0.91 1.02 0.86* 1.06 0.88
N —
Health education services™ (n=3110) 5 g5’ 4y (0.95-1.10) (0.74-1.00) (0.91-1.22) (0.74-1.04)
o 1.43%* 1.01 1.45% 1.11 1.35%*
N\ —
Medications™ (n=3183) (124-166)  (0.92-1.10)  (122-1.72)  (0.91-1.36) (1.12-1.62)
maging (n=3183) 1.24 1.19 0.96 1.56 0.93
ging (0.70-2.22) (0.90-1.58) (0.61-1.51) (0.90-2.69) (0.52-1.65)
o 113 1.18 1.33 1.15 1.04
Return visit (n=3183) (0.59-2.16) (0.80-1.72) (0.56-3.15) (0.46-2.84) (0.38-2.85)
_ 1.26 0.88 0.95 0.48* 2.18*
MD referral (n=3183) (0.74-213)  (0.64-1.22)  (0.45-2.00)  (0.26-0.89)  (1.05-4.51)

NP=nurse practitioner PA=physician assistant HC=health center MD=physician
weighted for sampling probabilities *p<0.05

**p<0.01

adjusted for complex survey design and
+QIs controlled for age, age?, gender, race, ethnicity, payer, metropolitan

status (rural), region, # chronic conditions, # chronic conditions?, HC type, % with HS diploma or higher, and year 1service
utilization and referral pattern measures controlled for age, age?, sex, race, ethnicity, payer, metropolitan status (rural), region,

reason for visit, HC type, % with HS diploma or higher, and year

reported ’confidence intervals based on robust standard errors
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