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Abstract of Dissertation
Building a New Measure of Underservice to Assess How Far Physicians in Maryland’s
State Visa Waiver and Loan Repayment Programs Are Serving Medicare’s Underserved

The United States has a widely acknowledged problem of medical
“underservice”, responses to which include programs that provide incentives for
physicians to practice in “underserved areas”. This research study investigates the impact
of these programs while viewing underservice as a complex and ill-defined phenomenon.
Lack of definition of underservice inhibits the alignment of incentive programs with
wider strategies for improving healthcare systems and outcomes.

The study focuses on state programs, where the bulk of incentive program
capacity is administered, where greater flexibility in how participating physicians are
deployed can be exercised than in the National Health Service Corps’ federal program,
and where much of the strategic effort to overcome problems in healthcare delivery is
taking place. Recognizing that states have limited resources to monitor incentive
program impact in order to align the programs more closely with wider state health
policies, the study seeks to facilitate better alignment by developing a new measure of
underservice, the Medicare Index of Service to the Underserved, that enables program
impact to be monitored more accurately and efficiently than at present.

Based on the case mix of individual primary care physicians, the new measure
departs from traditional reliance on data aggregated across geographic areas. It expands
beyond the traditional HPSA concept by incorporating, in addition to the rural/urban
location that weighs heavily in the HPSA designation, measures of medical risk and

socioeconomic status of Medicare patients treated that are derived from Medicare data.
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In the main analysis of this study the new index is used to assess the impact of
Maryland’s State Loan Repayment Program and J-1 Visa Waiver Program for physicians,
using program participation data supplied under a Data Transfer and Use Agreement with
Maryland Department of Health’s Office of Population Health Improvement. This data,
extending from 2002 through 2017, permits long-term as well as short-term impact to be
assessed. Utilizing both difference-in-means and difference-in-difference methods to
quantify, understand and describe program impact, the study finds that primary care
physicians participating in Maryland’s J-1 Visa Waiver and State Loan Repayment
Programs are significantly and substantially more active in providing care to underserved
populations than other primary care physicians, but the nature of this service varies
between programs and through time. Specific findings include:

¥ a greater tendency of waiver than loan repayment physicians to serve populations
with high medical need;

¥ a greater tendency of loan repayment physicians to remain working in rural areas;

¥ high career mobility among waiver physicians, with substantial loss of waiver
program participants to non-primary care specialties and/or to other states;

¥ low career mobility among loan repayment physicians, resulting in longer-term
commitment to underserved populations but with uncertainty about whether that
commitment might have been in place even absent participation in the program.

The study concludes with recommendations for research and for policy that
would, firstly, address important data limitations identified during the study, and,
secondly, assist in improving alignment between state physician incentive programs and

wider policies for improving healthcare systems and outcomes.
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Chapter 1: Introduction
Purpose of the Study

The aims of this study are: (a) to identify the limitations of existing approaches to
measuring underservice; (b) to develop and test a new measure of physician service to the
underserved that overcomes some of these limitations by focusing on the actual patient
population served by each physician; and (c) to use the new measure to assess the impact
of physician incentive programs on underservice in the state of Maryland.

The Research Topic

The United States has a long-standing and widely acknowledged problem of
medical “underservice”. For a variety of reasons, some sectors of the population benefit
more from health services than others. People living in rural and isolated areas, people
who are members of minority groups and people who lack health insurance have lower
life expectancy, higher mortality rates and increased risk of chronic diseases compared to
people outside of those groups (Institute of Medicine, Committee on the Consequences of
Uninsurance, 2002; Singh et al., 2017; Woolhandler & Himmelstein, 2017). Defining,
measuring and attempting to remedy medical underservice are therefore activities that
have been pursued for the better part of a century (Taylor & Ricketts, 1995).

Among U.S. policy initiatives that aim to alleviate underservice are grants for
Federally Qualified Health Centers to expand health care services in isolated or low-
income communities and programs that incentivize physicians to locate in underserved
areas. Given that the health centers cannot operate without physicians to staff them, these
two types of underservice initiative are interdependent. Notably, both respond to the idea
that the most important element in underservice is maldistribution in the health
workforce, especially among physicians (Kahn, Hagopian, & Johnson, 2010).
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Maldistribution pertains when there are higher numbers of health care workers in some
areas than in others, relative to the local population and its needs. Rural areas in
particular, it is argued, suffer from chronic physician shortages, but so also do some low-
income urban areas (Kahn et al., 2010).

Traditional measures of geographic access like physician-to-population ratios tend
to overstate the extent of maldistribution (Rosenthal, Zaslavsky, & Newhouse, 2005), and
whether the perceived maldistribution is a result of “market failure”, or simply a
consequence of markets operating efficiently within a poorly-designed health care
system, remains open to conjecture (Newhouse, Williams, Bennett, & Schwartz, 1982;
Newhouse, 1990). Nevertheless, physician incentive programs enable safety-net
organizations such as Community Health Centers to recruit the physicians they often
struggle to hire, and moreover they do so in a way that relieves them of much of the
costly burden typically associated with health manpower recruitment (NACHC, 2016;
Schutte, 2013).

Central to efforts to address underservice is the adoption of eligibility conditions
that typically revolve around the formal designation of areas and populations as
“underserved”. These designations include the Medically Underserved Area (MUA),
Medically Underserved Population (MUP), and Health Professional Shortage Area
(HPSA). The extent of these designations provides a crude indicator of the scale of
underservice in the U.S., with 17 million people residing in MUAs and as many as 78

million (a quarter of the U.S. population) residing in primary care HPSAs!.

! https://data.hrsa.gov/topics/health-workforce/shortage-areas?tab=muapHeader
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Programs that incentivize physicians to work in underserved areas fall into two
distinct types according to the type of incentive offered. In one type the incentive is a
financial one available only to U.S. citizens and U.S. nationals and typically consisting of
either a scholarship covering a portion of medical school tuition costs or repayment of a
portion of outstanding medical educational loans (Pathman, Konrad, King, Taylor, &
Koch, 2004). The other type of incentive, available to foreign physicians, is a waiver of
the requirement to return to their country of origin on completion of their U.S. residency
(Patterson, D. G. et al., 2015). In both types of program, the physician’s ‘payment’ in
order to receive their incentive is a period of practice in an underserved area.

Although the two types of incentive program differ in both their eligibility criteria
and service obligation requirements, each relies heavily on federal designations of
underservice as the method for targeting resources, and both try to focus mainly on
primary health care providers. (There is a substantial literature on the significance of
primary care in the overall function of health systems (Starfield, Shi, & Macinko, 2005),
detailed examination of which is beyond the scope of this dissertation.) Both programs
also carry significant costs. The federal government’s National Health Services Corps
(NHSC) budget in 2018 was $310 million? with states also contributing significant
resources (Pathman et al., 2000). The “cost” of the visa waiver programs is measured not
so much in financial terms (other than administrative costs, there is no direct cost to
organizations recommending a visa waiver) as in the impact on developing countries of a
policy that, in effect if not in intent, encourages emigration of their physicians to the

United States (Hagopian, Meredith, Thompson Matthew, Hart, & Johnson, 2004).

2 https://www.hrsa.gov/sites/default/files/hrsa/about/budget/HRSA-fy-2019-budget-in-brief.pdf
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Physician incentive programs are administered by a diverse set of institutions,
most notably the NHSC but also including all of the U.S. states. Unfortunately, there is
little coordination between these administering bodies, which have differing policies,
overlapping jurisdictions and varying communication with each other (United States
General Accounting Office, 1996). One consequence of this lack of coordination is a
lack of good data on program outcomes. This makes research a challenging task,
especially for state-administered programs, and visa waiver programs in particular - and
state-administered programs in general — are consequently under-researched.

In an effort to address this research shortfall this dissertation examines what is
known about physician incentive programs and the difficulties that lie in the way of
answering questions such as, “What difference do these programs make?” and “How can
they be improved?” We focus on a specific state because states’ physician incentive
programs represent a gap in the research literature, and on physicians because billing data
provides insight into their practice, while also anticipating that the results of this work
will be relevant to other states and to other health professions.

A core theme explored in this dissertation is that, while states are responsible for
the administration of the bulk of physician incentive program capacity, they have limited
tools and resources to help them make optimal use of program resources in their efforts to
tackle underservice. We review the adequacy of present methods of measuring
underservice for determining incentive program impact and hope that the alternative
measure of underservice that we develop may assist states in knowing whether their

programs are designed and implemented for best effect.



When the invitation was issued to Maryland state officials to provide data on
Maryland’s physician programs to test out the new measure of underservice, the response
from Maryland’s Director of Population Health Improvement (whose responsibilities
include Maryland’s Primary Care Office) was enthusiastic and immediate in anticipation
of benefits to their future work in updating the design and implementation of their efforts
to remedy underservice across the state.

Outline of Remaining Chapters

The dissertation is in three parts, firstly identifying the limitations of existing
approaches to measuring underservice, secondly, developing a new measure of physician
service to the underserved that overcomes some of these limitations by focusing on the
actual patient population served by each physician, and thirdly, using this new measure to
assess the impact of physician incentive programs on underservice in the state of
Maryland. The dissertation also reports briefly on feedback from officials of Maryland’s
Primary Care Office on the findings.

Chapter 2 describes relevant literature, including a review of research into visa
waiver and loan repayment programs, and explores the ongoing debate about measures of
underservice and their relevance to the research topic. Chapters 3 and 4 describe the
methodology for the present study, beginning in chapter 3 with a conceptualization of
“underservice” before providing details of the method used to develop the proposed new
underservice measure, and then, in chapter 4, describing how this measure can be used to
assess incentive program impact. Chapter 5 presents the results and limitations of the
analysis together with some sensitivity analysis. Chapter 6 discusses the findings and
lessons emerging from the study and make recommendations for future research and

policy.



Chapter 2: A Review of the Literature
Chapter Summary

This chapter examines the existing body of literature and research into physician
incentive programs, including financial incentive programs, such as National Health
Service Corps loan repayment programs, and J-1 visa waiver (including Conrad 30)
programs for immigrant physicians, with a view to identifying key gaps showing the need
for, and potential contribution of, the present study. It also explores important contextual
issues such as options for measuring underservice.

The chapter is divided into two sections. The first section, largely descriptive,
covers the background to loan repayment and visa waiver programs and addresses:

¥ The origins, development and scale of the programs. The number of physicians
placed through financial incentive and visa waiver programs are roughly
comparable.

¥ The background to existing systems for federal designation of areas and
populations as underserved and their dominant role in determining where
physicians can serve when participating in incentive programs.

¥ The important contribution of state-administered programs within overall
incentive program capacity, through which states serve a role that is subtly, but
importantly, different to that of the NHSC.

¥ The role of state Primary care Offices and the limited resources typically available
for fulfilling their responsibilities.

The second section is more analytical and addresses:

¥ Alternative ways of measuring outcomes of physician incentive programs.



¥ Concepts and standard measures of health care underservice.

¥ The limitations of area-based measures of underservice, such as Health
Professional Shortage Areas, used in the federal designation systems, including
the possibility that different physicians serving in any given area, likely operating
in different practices in different districts within the overall area, may not all be
alleviating underservice to the same extent.

¥ The consequent need for an alternative measure of underservice for the study of
physician incentive programs.

Section 1: Loan Repayment and Visa Waiver Programs

Origins and Development of Physician Incentive Programs

As noted in the introduction to this dissertation, programs that incentivize
physicians to work in underserved communities exist in two distinct types according to
the nature of the incentive, namely financial incentive programs and visa waiver
programs.

The rationale behind the financial incentive approach arises from the high cost of
obtaining a medical education. According to the Association of American Medical
Colleges, in 2018 newly qualified physicians had a mean educational loan debt of almost
$200,0003. Although at least five types of financial incentive programs can be identified
that address physician debt (Pathman et al., 2000; Pathman, Konrad, Dann, & Koch,
2004), the great majority provide either scholarships for medical school education or
repayment of educational loans already accumulated. In return, these programs require

physicians to undertake a period of work in underserved communities. Scholarship

3 https://store.aamc.org/downloadable/download/sample/sample_id/240/

7




awards require a service obligation period at some time later than the payment of the
tuition incentive, while the payment in loan repayment programs occurs alongside the
service obligation period (Pathman et al., 2004; U.S. General Accounting Office, 1995).
Research suggests that this difference in when payment is made is at least partially
responsible for higher contract breach rates and lower post-service retention rates among
scholarship program service obligations, encouraging the belief that loan repayment
programs offer a better return on investment (Heinrich, 2000; Pathman et al., 2004; U.S.
General Accounting Office, 1995).

Many people think of the National Health Service Corps as the most important
program for placing physicians in underserved communities. As we will discuss below,
that distinction probably belongs to the J-1 Visa Waiver Program. Nevertheless, the
NHSC does provide a large number of loan repayment and scholarship opportunities to
physicians*. The majority of NHSC funds support a centralized (“federal””) program that
places healthcare personnel (including physicians) in almost every state across the nation
(Heisler, E. J., 2018), mostly through repayment of qualifying educational loans (known
as the Loan Repayment program, or “LRP”). The NHSC federal program has been the
subject of the bulk of research and reports on physician incentive programs (Fryer et al.,
2006; Health Resources and Services Administration, 2016; Heinrich, 2000; Heisler,
2018; Holmes, 2004; Loynd & Constantino, 2008; Negrusa, Ghosh, & Warner, 2014;
Negrusa, Hogan, Ghosh, & Watkins, 2016; Pathman et al., 2006; Pathman et al., 2012;
Pathman, Konrad, & Schwartz, 2012; Pathman & Konrad, 2012; Porterfield et al., 2003;

U.S. General Accounting Office, 1995). In addition, a portion of the NHSC’s budget is

4 And to other health professionals too.



used to provide a 50% match to state-administered loan repayment programs operating
under NHSC-designated criteria (known as the State Loan Repayment Program, or
“SLRP”). Many states also operate their own fully state-funded programs (Donohoe,
1990; Pathman et al., 2000; Pathman, Morgan, Konrad, & Goldberg, 2012; Pathman et
al., 2012).

The incentive provided by the J-1 visa waiver is very different to that offered by
financial incentive programs and arises from a feature of U.S. immigration policy as it
relates to the physician training pipeline. In order for a physician to be licensed to
practice medicine in the U.S. he or she must complete, after graduating from medical
school, “Graduate Medical Education” in the form of a residency period of final training
in a specialty of their choice (Patterson et al., 2015). However, this residency must be
undertaken in the U.S., a requirement that presents particular challenges to foreign
physicians, who must obtain an immigration visa in order to do this (Patterson et al.,
2015). Many succeed in obtaining only an “exchange visitor” (or “J”’) visa, a condition
of which is that they must, on completing their residency, return to their country of origin
or last residence for at least 2 years before becoming eligible to apply for any form of
temporary U.S. work visa (Aronovitz, 2006; Coopey, Frazier, Felton, Wade, &
Weidenbacher-Hoper, 2014; Crouse & Munson, 2006). The incentive that visa waiver
programs offer is a waiver of this return to home country requirement in return for a
period of service in an underserved area. Foreign physicians completing their U.S.
residencies on other visa types (such as the H-1 temporary worker visa) are not subject to
the return to home country requirement but, although changes in immigration law have

from time to time altered the relative proportions of “J” to other visa types among



residents in training, the J visa continues to be in widespread use (Aronovitz, 2006;
Coopey et al., 2014).

When the return to home country requirement was introduced in 1956 it allowed
for waiver recommendations to be made by “Interested Government Agencies” (IGAs),
provided the application is “in the public interest” (United States General Accounting
Office, 1996). Although initially limited to U.S. government agencies, the power to
recommend waivers was extended to the states by the “Conrad 20” legislation of 19943,
which permitted recommendations for up to 20 applications for waivers annually
(extended to 30 annually by the 2002 “Conrad 30" amendment) to be made by each of the
50 states plus the District of Columbia and three U.S. insular areas (Aronovitz, 2006). In
addition, the Appalachian Regional Commission delegates administration of its waivers
to states having counties located in its region of operation, allowing some states
(including Maryland) to add to their quota of Conrad 30 waivers®. A limited number of
waivers are still obtained through other federal government bodies, including the
Department of Health and Human Services’, the Veterans Administration® and the Delta
Regional Authority, but state recommendations now dominate the visa waiver program
(Aronovitz 2006).

Scale of Physician Incentive Programs

Available data, though patchy, suggests that visa waiver programs likely secure
more physician-years of obligated service in underserved areas than do financial

incentive programs. A 2018 report to Congress cited NHSC field strength at 10,179

5 Pub. L. No. 103-416, § 220, 108 Stat. 4305, 4319

® From a private conversation with a Maryland Department of Health official

7 For foreign medical graduates willing to work in a Rural Clinic or a Federally Qualified Health Clinic
8 In return for 2 years’ service in a VA facility.
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providers in 2017, of which 20.2% (i.e. 2056) were physicians (Heisler, 2018). The
figures do not give a breakdown into federal and state-match physician numbers but an
estimate can be arrived at by noting that 535 out of 5,801 (9.22%) NHSC awards in 2017
were for the NHSC state loan repayment programs. Assuming that physicians were in
the same proportions in the state match programs as in the national program there would
be 190 physicians in the state match program, leaving 1,866 in the federal programs.
(These, and the figures that follow, are summarized in Table 1 below.)

Information about the scale of states’ independent financial incentive programs is
also sparse, but in 1996, following a spate of growth during a period when the NHSC
national program was waning, it was reported that there were 82 state programs across 41
states providing financial incentives for physicians to work in underserved areas
(excluding programs receiving state-match funding from the NHSC) (Pathman et al.,
2000). Most were either loan repayment programs or scholarship programs, together
with a few loan (as distinct from loan repayment) programs, direct financial incentive
programs and resident support programs (Pathman et al., 2000). In combination, these
programs were supporting 1,306 physicians serving fully state-funded financial incentive
program obligations (Pathman et al., 2000).

Since that time, given the effects of the recession of 2008 and the substantial
expansion that took place in the NHSC federal program through the 2009 American
Recovery and Reinvestment Act and the 2010 Affordable Care Act, it is possible that
states have cut back on financing for their programs, and current numbers of state-
administered financial incentive programs and participants are unknown (Pathman et al.,

2012). However, even if we were to assume that states are still operating their fully state-
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funded physician programs at the same level as in 1996, Table 1 indicates that the total of
physicians serving in financial incentive programs in 2017 would be no more than 3,362.

The Conrad 30 program, on the other hand, has a theoretical capacity of up to
1,620 new waivers per year (30 for each of the 50 states plus D.C. and three U.S. insular
areas), and a minimum three year service obligation (some states require four or five
years) (Aronovitz, 2006; Hagopian, Thompson, Kaltenbach, & Hart, 2003)). Although
not all states take up their full allocation, the actual number of waiver applications under
this program has hovered at around 1,000 per year in recent years (Berry, 2017), and
indeed has been around that level or higher since at least the 1990s (Aronovitz, 2006;
Patterson et al., 2015). Given that the Delta Regional Authority processed 162
applications for waivers in 2018, that several other IGAs are also processing
applications, and that 90% or more of participants in the visa waiver program are
estimated to complete their full service obligation (United States General Accounting
Office, 1996), a reasonable guesstimate is that at least 3,450 physicians (perhaps 3,300 in
state-administered programs and 150 in other agencies’ programs) are serving in visa
waiver programs at any one time — a figure comparable to the combined number serving
in all federal and state financial incentive programs, and far more than the 2,056

estimated to be supported by the NHSC.

9 https://dra.gov/initiatives/promoting-a-healthy-delta/delta-doctors-how-to-apply/
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Table 1: Estimated Physician Field Strength of Different Types of Incentive

Programs
Source of Incentive
NHSC Fglly S.tate —Func}ed I-1 Visa Waiver
(2017 field Financial Incentive (applications*})
strength)* (field strength)* pprications
Program
NHSC Federal 1,866
NHSC State Match 190
States 1,306 950
Delta Regional Commission 162
Other agencies 50
Total 2,056 1,306 1,150
Service Obligation Period N/R N/R 3
(years)
Total. (in obligated service at 2,056 1,306 3,450
one time)
Combined totals 3,362 3,462

* See text for derivation of estimates.
1 Application numbers likely closely mirror waivers granted as applications are rarely refused (Aronovitz,
2006); table entries assume 95% acceptance and fulfilment of obligation.

The current predominance of visa waiver programs over NHSC programs as a
source of physicians working with the underserved is not a recent phenomenon. A report
in 2000 indicated that, in the previous year, over 2,000 physicians had waivers and were
practicing in or contracted to practice in underserved areas, compared with 1,356 NHSC
physicians, even including those in state-match programs, adding that, “The number of
waiver physicians is now large enough to total over one-third of the full-time primary
care physicians needed to eliminate HPSA designations nationwide,” (Heinrich, 2000).

Also notable in the figures of Table 1 is the extent to which state-administered
physician incentive programs dwarf the NHSC-administered federal program, with an
estimated 4996 physicians serving in state-administered programs (including the NHSC
state-match program and the visa waiver programs) compared to only 1866 in NHSC-
administered programs. On these figures, state-administered programs provided more

than two thirds (71.8%) of the incentive program physicians serving in 2017. Taking
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other providers than physicians into account would likely reduce the predominance of
state-administered programs, given that Conrad 30 waivers are limited to physicians!®,
but the relative contribution that state-administered physician incentive programs are
making to efforts to alleviate underservice is clearly a very substantial one.

Federal Underservice Designations

Federal underservice designations represent the principal criteria for where almost
all participants in physician incentive programs must practice to fulfil their service
obligation (Heisler, 2018; Patterson et al., 2015). Two independent federal designation
systems exist. One — the Medically Underserved Area (MUA) designation — was
introduced in the Health Maintenance Organization Act of 1973 (P.L. 93-222) to assign
priority for grants and contracts to HMO applicants whose memberships include at least
30 percent enrollment from medically underserved populations (Wysong, 1975). The Act
limited its description of underservice to, ““...a lack of personal health services,” but
mandated the development of more specific criteria through which certain areas of the
country would be designated as “medically underserved” (Kviz & Flaskerud, 1980;
Wysong, 1975). These criteria were then developed in 1974 with the assistance of an
expert group at the University of Wisconsin. The result was an “Index of Medical
Underservice” (IMU) that aimed to “...predict the judgment experts would make as to the
degree of medical underservice if they were to make site visits to all possible areas,”
(Lee, 1979).

The IMU criteria as published in the Federal Register of September 1975 (Wright,

Andres, & Davidson, 1996) comprised, for each county in the United States, the county’s

10 https://www.uscis.gov/working-united-states/students-and-exchange-visitors/conrad-30-waiver-program
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primary care physician-to-population ratio, infant mortality rate, percent of the population
below the poverty level, and percent of population over age 65 (Lee, 1979). The
resulting IMU for each county could range from 0 to 100, with lower scores indicative of
underservice. A cut-off of 62 (the median IMU score for all US counties in 1975) was
established as the score below which a county would be designated as an MUA. Half of
the country’s counties (though a much lower percentage of the country’s population'?)
were consequently designated as MUAs.

The HMO grants program supported by the original MUA designation is defunct.
The designation now instead determines eligibility for community health center grants
under a different program authorized in 1975 (Sardell, 1989) but it is also used to qualify
physician practice sites for visa waiver service. Legislation passed in 1986'? added the
MUP (Medically Underserved Population) designation for specific medically
underserved populations residing within broader geographic areas. The IMU scoring
criteria have evolved through subsequent legislation and are currently derived from a
combination of population to provider ratio, percentage of population in poverty or over
65, and infant mortality rate (Figure 1).

Figure 1: Calculation of Index of Medical Underservice'’

Provider per 1,000 Percent of Population Percent Population

Infant Mortality Rat IMU Sco
population ratio at 100% FPL age 65 and over + BN WoiTonly (s = 1o

: =
[28.7 points max] [25.1 points max] [20.2 points max] [26 points max] Out of 100

! The distribution of U.S. counties by population is highly skewed towards lower population values,
making the median population value much lower than the mean. The total population of the least populous
50% of U.S. counties in 2017 was less than 20 million, or only about 6.3% of the total population of the
U.S. Without a listing of which counties had an IMU below 62 it is not possible to calculate the proportion
of the U.S. population living in the designated counties, but it is certainly much less than 50%.

12 (P.L. 99- 280)

13 https://bhw.hrsa.gov/shortage-designation/muap-process
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The Health Professions Educational Assistance Act of 1976 created a second type
of underservice designation, the Health Manpower Shortage Area (HMSA). The main
purpose of this alternative designation was to ensure that manpower from the National
Health Service Corps, which had been established in 1970, was allocated to those areas
most in need of additional health resources. Congress built more detailed objectives into
this new legislation than it had done with the IMU, including a requirement that the
designation criteria encompass not only physician-to population ratio but also indicators
of need for health service, namely indicators of infant mortality, access to health services,
and population health status (Lee, 1979). Eligibility for designation was extended to
include not only geographic areas but also population groups, and there was an added
requirement to distinguish the degree of shortage in each HMSA (Lee, 1979).

When the new HMSA criteria were published in the federal register in 1978 they
set out seven different health manpower groupings, one of which was primary medical
care (to include physicians, nurse practitioners and physician assistants) (Lee, 1979).
Designation was to be a two-stage process: designation as a HMSA would be based
purely on population-to-provider ratio, but a separate “HMSA score” was introduced to
indicate the degree of shortage (Lee, 1979). Also built into the regulations was the
concept of a “rational service area” (RSA) for health care as an alternative to designation
of whole counties; for primary care, the RSA was based on a maximum travel time of 30
minutes to access health care (Lee, 1979).

Subsequent legislation renamed the HMSA designation as the “HPSA” (Health

Professionals Shortage Area). The Health Care Safety Net Amendments of 200214

14 P.L. 107-251, as amended by P.L. 108-163, which amended Section 332 of the PHS Act
16



enabled HPSA designation of facilities as well as geographic areas and subpopulations,
including “automatic” facility HPSA designation of all Federally Qualified Health
Centers (FQHCs) and Rural Health Clinics (RHCs)!". Like the MUA/P designation,
HPSA designations qualify physician practice sites for visa waiver service, while the
HPSA also continues to fulfill its original function of defining sites as eligible for NHSC
service. As with the MUA/P designation, the criteria for primary care HPSAs have been
amended through time, with the “HPSA score” being currently derived from a
combination of population-to-provider ratio, percent of population below federal poverty
level, an infant health index derived from infant mortality rate and low birth weight rate,
and travel time to nearest source of care (Figure 2). HPSA scores lie between 0 and 25,
with higher scores indicating a greater shortage of health professionals'®. Population-to-
provider ratio is the dominant factor in Primary Care HPSA designations, accounting for
40% of the score (and arguably 60% if travel time to nearest source of care is viewed as a
proxy for population-to-provider ratio).

Figure 2: Calculation of Primary Care HPSA Score!”

Population-to- Percent of Population Infant Health Index

Provider Ratio below 100% FPL (Based on IMR Travel Time to NS e [
== E L . p—
[10 points max] [5 points max] IS potats max] Out of 25
[5 points max]

As of 10" October 2019 there were 7,590 primary care HPSAs in the United

States, encompassing a population of over 78 million people!®, and almost 17 million

15 Subject to the facility meeting the requirements of Section 334 of the Public Health Service Act (such as
offering a sliding fee scale for low-income patients). In the original legislation designation was for six
years but the Health Care Safety Net Act of 2008 [P.L. 110-355] made automatic HPSA designation
permanent for these entities (U.S. Department of Health and Human Services 2011).

16 https://bhw.hrsa.gov/shortage-designation/hpsa-process

17 HRSA website

18 https://data.hrsa.gov/topics/health-workforce/shortage-areas?tab=muapHeader
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people were living in areas designated as MUAs, MUPs or MUA/Ps!®. Nevertheless,
neither the HPSA designation nor the MUA/P designation incorporate any explicit
definition of underservice.

The Special Role of State-Administered Incentive Programs

Although NHSC funding is limited to supporting physicians working in
designated HPSAs (Heisler, 2018), states are not restricted to nearly the same extent in
the locations and populations they regard as underserved. In fact, there is evidence that
through greater flexibility in program design combined with their local knowledge of
underservice problems, states, in both their loan repayment and visa waiver programs,
can respond to elements of underservice that elude the federal underservice designation
and in so doing serve a role that is subtly, but importantly, different to that of the NHSC.

For example, states can modify the way federal designations are used. Among the
loan repayment programs, only 10% of state programs surveyed in a 2000 nationwide
study used the federal Health Professional Shortage Area (HPSA) or Medically
Underserved Area (MUA) criteria without modifications, while 35% of programs used
the federal HPSA or MUA designations in combination with state-devised criteria, the
remaining 55% using fully state-devised criteria (Pathman et al., 2000). Even in the
NHSC state-match program, the practice site, though it must still be in a HPSA, is
determined by the state, with no requirement to follow NHSC guidance about giving
priority to sites in the highest-score HPSAs (Pathman et al., 2012). In their own, fully
state-funded loan repayment programs, of course, states need not adhere to NHSC criteria

at all.

19 https://data.hrsa.gov/topics/health-workforce/shortage-areas?tab=muapHeader
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In their visa waiver programs states have some opportunities to recommend
waivers for positions outside of HPSAs and MUAs altogether. Legislation requires that
20 of each state’s 30 waivers must be reserved for physicians practicing in MUAs and
HPSAs, but the remaining 10 (the “flex 10” waivers) can be used for physicians to serve
at sites outside of MUAs and HPSAs. Although those receiving flex waivers must serve
“patients who reside in...” federally designated underserved areas?® there is considerable
variation in how states interpret this provision. Arkansas and Louisiana, for example,
require evidence only that at least of 30% of patients reside in a HPSA or MUA, while
Louisiana will also accept proof that the practice site is within a thirty minute drive of
HPSA/MUA locations; Illinois requires a minimum of 51%, Pennsylvania 20% (30% if
from a low-income HPSA/MUA), Mississippi 25%, Tennessee 50%, and North Carolina
80%. New Mexico simply requires “a substantial amount of care” and California only a
“significant percentage” (Seltzer, 2010).

In addition, many state programs place physicians in a wider range of
organizations than the NHSC federal program does. Table 2, taken from a collaborative
study between the NHSC and 11 states, shows that 33.6% of NHSC physician LRP
participants worked in federally qualified health centers compared to fewer than 20% of
participants in each of the state loan repayment programs except California (Pathman et
al., 2012). The difference seems to be mostly made up in the “Other Primary Care
Practice” category, in which only 3.0% of NHSC physicians are to be found compared to
more than 10% of placements in three of the six state loan repayment programs, one of

which placed 41.2% of its physicians in this category. Similarly, 13.6% of NHSC LRP

20 INA § 214(1)(1)(D)(ii)
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participants worked in prisons compared to 3.1% or fewer in the state programs, and
17.2% of NHSC LRP participants worked in rural health centers compared to a range of
zero to 12.5% in the state programs. Among states’ visa waiver programs in 2005, three-
quarters of waivers were for placements in hospitals or private practices (Aronovitz,
2006) rather than in non-profit primary care clinics such as Federally Qualified Health
Centers.

Table 2: Types of Organizations where Participants in State and Federal Loan
Repayment and Scholarship Programs Worked Out their Service Obligation*

Federally Rural Mental Prison “Other” Other Indian Hospital- Tribal
qualified health health and Practice ~ Primary Health  Based Site
health center substance Type Care Service  Clinic
center abuse facil. Practice
All Programs 35.9% 17.2% 14.0% 11.1% 4.4% 3.9% 3.8% 3.6% 2.3%
Combined
NHSC Loan Repayment 33.6% 16.8% 17.2% 13.6% 4.7% 3.2% 3.0% 3.6% 1.8%
(all states)
Alaska 27% 6% 10% 0% 2% 0% 27% 2% 21%
California 40% 10% 5% 38% 2% 1% 0% 1% 0%
Delaware 67% 0% 6% 0% 0% 22% 0% 6% 0%
Iowa 26% 16% 39% 3% 5% 3% 0% 7% 0%
Kentucky 19% 24% 36% 7% 6% 3% 0% 4% 0%
Montana 26% 20% 24% 2% 13% 4% 1% 5% 2%
Nebraska 26% 26% 13% 16% 4% 4% 3% 3% 4%
New Mexico 35% 21% 13% 0% 6% 3% 11% 8% 0%
North Carolina 31% 25% 9% 9% 6% 6% 0% 6% 0%
North Dakota 15% 32% 37% 2% 4% 4% 3% 2% 0%
Washington 52% 8% 20% 8% 1% 3% 3% 3% 3%
NHSC Scholarship 57.1% 19.9% 0% 3.1% 2.5% 1.2% 8.7% 1.9% 3.1%
(all states)
State Programs
Alaska SHARP 17.2% 13.8% 10.3% 0% 0% 3.4% 24.1% 3.4% 24.1%
(Loan Repayment)
California State Loan 67.6% 14.7% 1.5% 1.5% 0% 2.9% 1.5% 2.9% 1.5%
Repayment
Delaware State Loan 11.8% 0% 0% 0% 5.9% 41.2% 0% 5.9% 0%
Repayment
Nebraska Loan 2.6% 35.9% 2.6% 2.6% 5.1% 17.9% 0% 10.3% 0%
Repayment
Nebraska Student 0% 12.5% 12.5% 0% 18.8% 12.5% 6.3% 6.3% 0%
Loan Program
New Mexico 18.8% 34.4% 6.3% 3.1% 18.8% 0% 18.8% 0% 0%
Health Prof. LRP *

e Republished with permission (Pathman et al., 2012), see Appendix 2.

As well as being able to exercise flexibility around organizations and locations,
state programs can also accept physicians from a wider range of specialties than the
NHSC federal program. For example, whereas virtually all NHSC participants are from

primary care specialties (United States Congress Office of Technology Assessment,
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1990), state loan repayment programs can support other clinical disciplines (Pathman et
al., 2012) and do appear to have a looser focus on primary care (Donohoe, 1990). States’
willingness to accept physicians from non-primary care specialties is even more marked
in their visa waiver programs, where there are no federal restrictions on physician
specialty. One analysis found that half or fewer of waiver requests nationally in 2005
were for physicians practicing exclusively in primary care (Aronovitz, 2006), a trend that
has continued since the early years of this century (Patterson et al., 2015). More recent
national figures collected informally by the (now former) head of one state primary care
office indicate that 57% of almost 3000 visa waiver applications made by states between
2014 and 2016 were for non-primary care physicians (Berry, 2017), while key informants
in a study of Nebraska loan repayment and visa waiver programs reported that the visa
waiver was particularly important for filling slots in specialties dominated by IMGs (e.g.
neurology and endocrinology) (Opoku et al., 2015). States are also typically more
flexible than the NHSC in their willingness to include additional specialties, such as
hospitalists and general surgery, in the definition of primary care itself (Patterson et al.,
2015; Seltzer, 2010), a variation on a point raised in one study that noted that nominally
primary care physicians participating in a visa waiver program might have received
fellowship training in a subspecialty area and therefore might not really be practicing as
generalists (Hagopian et al., 2003; United States General Accounting Office, 1996).
Differences between the choices the NHSC federal program and state programs
make as to which applicants and sites to accept for loan repayment participation may be
best understood in terms of a complex relationship between the NHSC and the states

whereby states use the programs they administer strategically to “fill gaps” that they see
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as being left by the NHSC federal program (Pathman et al., 2012); for example, states’
commitment to primary care is almost certainly qualified by demands they perceive for
other physician skills. Furthermore, states may use their programs to support
underserved communities not designated as HPSAs, or practices that do not qualify for
NHSC support for reasons like not having the required sliding fee scale (Pathman et al.,
2012). Other examples of “strategic” behavior by states in relation to the NHSC federal
program include providing additional years of loan repayment for clinicians whose debt
is not exhausted after participation in the NHSC, providing support to surgeons and to
clinicians in hospital-based positions, and waiting until the NHSC has confirmed its
annual site placement decisions and then tailoring their own placement site decisions to
fill these gaps (Pathman et al., 2012).

The overall position as regards the use of federal designation systems in physician
incentive programs therefore appears to be that, while the NHSC federal program adheres
to HPSA designations fairly rigidly, states can and do exercise greater flexibility to build
on the HPSA and MUA/P designations and on primary care as a key specialty, filling
gaps as they see fit in order to meet the health care needs of their underserved
populations. The reasons these gaps exist may include inherent limitations in the federal
designations of underservice, an issue that will be explored further in section 2 of this
chapter, although whether states are correctly identifying and filling gaps is an important
question for state officials to consider.

The Role of State Primary Care Offices

Given the substantial output of state-administered incentive programs, states’
ability to flexibly allocate this type of resource is likely of great importance to the overall

effort to alleviate underservice across the country, provided the best use is being made of
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this opportunity. This involves, at the very least, monitoring physicians during their
service obligation and tracking them afterwards with a view to adjusting selection criteria
for sites and physicians so as to better meet states’ goals for alleviating underservice.

This task falls to states’ Primary Care Offices (PCOs) - state agencies operating
under an agreement between the United States Department of Health and Human
Services, Health Resources and Services Administration and each of the fifty states, the
District of Columbia and three U.S. insular areas?!. PCOs locally coordinate federal
initiatives including NHSC programs, HPSA designations and the J-1 Visa Waiver
Program (Pathman et al., 2012). Alongside their monitoring and tracking duties, these
offices help NHSC and state program applicants learn about service-eligible sites and, in
some cases, help applicants identify well-suited sites, interview, and evaluate
employment contracts. Some provide assistance to clinicians after they have signed
NHSC or state program contracts and are serving, and a few help obligated clinicians
settle into their service sites, negotiate roles, avoid burnout or help spouses find suitable
employment (Pathman et al., 2012).

However, state PCOs have very limited resources for carrying out this work. The
federal government provides no financial support for the Conrad 30 program (Hagopian
et al., 2003). Respondents in one study with 42 states participating reported that their
states allocated a range of zero to one (average of 0.44) full-time-equivalent (FTE)
positions for all of their waiver program administration (Hagopian et al., 2003); another
study, with 26 states responding, found that staff allocations ranged from .005 to 2.0

FTEs, with a mean of 0.43 (Patterson et al., 2015). Not surprisingly, only a quarter of

21 http://www.astho.org/t/pb/mult.aspx?pageid=6305
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states in one national study reported doing any post-service tracking (Hagopian et al.,
2003), while a 2005 survey found that six states, accounting for 13% of states’ waiver
requests that year, conducted no monitoring activity at all that year (Aronovitz, 2006).

States have also indicated other limitations in their ability to make best use of
their incentive program resources, including only 17 of 42 respondents in one study
believing that state rules for their waiver programs ensure that low-income populations
are well served, and almost a quarter of respondents reporting that their main criterion for
choosing between applicants was “first come, first served” (Hagopian et al., 2003). Few
studies have assessed the rates at which practitioners complete their service obligations or
their practitioners' rates of satisfaction and retention, and even states able to undertake
self-evaluation seldom have comparative data on other states’ programs (Pathman et al.,
2004). Without such data, and the resources to analyze it, states will inevitably struggle
to assess their programs’ central outcome of program participants’ service to underserved
population; instead, states find themselves adding, dropping, and modifying their
programs without adequate evidence of their effectiveness (Heinrich, 2000).

All of this sets the context for the immediate interest of Maryland officials when
contacted about participating in the present study. Maryland has a unique position among
U.S. states having for more than 40 years been granted a Medicare waiver allowing it set
hospital prices across the state that are the same for Medicare, Medicaid and commercial
insurers, on condition that annual cost targets are met. Now, under an ambitious “Total

Cost of Care Waiver”, the state is required to meet challenging new Medicare and
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Medicaid cost targets that include costs for health care in the community as well as in
hospital care??.

Maintaining efficient and effective health care services, including in underserved
parts of the state, is therefore a key state priority, and Maryland’s physician incentive
programs form an important element in this effort. With a view to improving how it uses
physician incentive programs to meet state health care goals Maryland has recently
introduced a new scoring system for program applications, and officials are anxious to
find ways to assess outcomes. The potential for this research to develop new tools to
assist in this work is therefore of considerable interest to Maryland’s Department of
Health.

Section 2: Measuring Underservice
Physician Incentive Program Outcomes

In order to assess the contribution their programs make to alleviating
underservice, states (and researchers) draw on a variety of measures of underservice. The
core outcome measure in almost all incentive program outcome research is “years of
physician service in an underserved area resulting from participation in an incentive
program”. This measure can focus on the service obligation period, or on post-obligation
service (“retention”), or both. Retention is a particularly contentious issue as it can be
defined in so many different ways. Some studies have defined “retention” as continued
employment at the service obligation site (Heinrich, 2000; U.S. General Accounting
Office, 1995) or at least in the service obligation community (Crouse & Munson, 2006;

Renner, 2010), but the retention rates reported using either definition are disappointingly

22 https://hscre.state.md.us/Documents/Modernization/Total%20Cost%200f%20Care%20Model%20-
%20Background%20and%20Summary 7 26 17.pdf

25



low. Heinrich, for example, reported only a 48% retention rate at federal NHSC sites one
year post-obligation (Heinrich, 2000). Visa waiver programs report similarly poor
retention rates, with one study reporting a 55% retention rate one-year post-obligation
and less than one third after four years (Crouse & Munson, 2006) (Figure 3), and another
reporting a median retention period at the service obligation site of just 23 months (Kahn
et al., 2010).

Figure 3: Comparison between J-1 Visa Waiver Program Recruitment and
Traditional Recruitment for Physician Retention in Rural Communities*t

Nonparametnc survival plot for physician retention, Kaplan-Meier Method.
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Figure 1. Retention of rural Wisconsin physicians.

* Measured from date of hire, not date of service obligation completion.
1 Figure republished with permission from WMJ. 2006;105(7):16-20. Copyright 2006 Board of Regents of
the University of Wisconsin System and The Medical College of Wisconsin, Inc.

With such low retention rates it is unsurprising that some authors have argued that
acceptable outcome measures for incentive programs should include continued service in
any underserved area (Opoku et al., 2015) or with any underserved population (Kahn et

al., 2010; Pathman et al., 2012; Porterfield et al., 2003). Studies reporting more than one
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measure of retention have confirmed that these broader measures do portray outcomes in
a more favorable light (Holmes, 2004; Negrusa et al., 2014; Pathman et al., 2004). One
of these studies reported a one-year post-obligation retention rate of 82% based on
working in any HPSA compared to 49% based on working in the same HPSA as the
service obligation site (Negrusa et al., 2016) (Figure 4).

Figure 4: Retention Analysis, NHSC Federal Program*

Figure lll.3: Retention Rates of NHSC Participants and Non-Participants—Primary
Care
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e Republished with permission (Negrusa et al., 2016), see Appendix 2.

Nevertheless, all these estimates of program outcomes may be overly generous
given that it has proved very difficult to establish the extent to which physicians enrolling
in incentive programs already have a preference for working in an underserved area. The
question, “What would have happened if the program had not existed?” is especially a

problem for loan repayment programs, which typically permit physicians to enroll when
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already working in a position in an underserved area?3, a position they may have accepted
regardless of the existence of the loan repayment program. One study, which attempted
to control for this problem by comparing the “retention” of successful NHSC applicants
with those who had been accepted for an award but were not placed owing to NHSC
funding limitations, found that, on average, the unfunded NHSC applicants spent 1.8
years in HPSAs compared to almost 2 years on average for funded applicants, indicating
a “recruitment effect” of only 10% (Negrusa et al., 2014).

In the face of such disappointing results an important question is whether states,
through their greater understanding of local underservice problems and additional
flexibility to address it, can successfully complement what the NHSC is able to achieve.
Answering this question requires the use of a measure of underservice. However, if the
core outcome measure is years of physician service in an underserved area resulting from
participation in an incentive program (as we suggested earlier), this places a heavy
reliance on area-based designation criteria in general, and on the almost half-century-old
federal designations of underservice in particular as the underservice designations in
widest use. For NHSC federal and state match program participants, site eligibility is
determined by the site’s location in a HPSA; for visa waiver programs and many fully
state-funded programs, it is determined by its location in a HPSA or MUA/P. Given the
extent of this reliance, it is important to ask, firstly, whether federal designations of
underservice capture “underservice” adequately enough for states’ purposes, and,

secondly, whether merely being located in an underserved area (HPSA or MUA) is a

23 This issue is discussed in greater detail in the methods chapters of this dissertation.
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sufficiently discriminating measure of physicians’ contribution to alleviating
underservice to satisfy states’ program evaluation requirements.

Area-Based Measures of Underservice

From the inception of physician incentive programs researchers have struggled
with the question: “What is “‘underservice’?” There remains little consensus about what
the term actually means, what are its causes, and how it might be alleviated. The
tendency to conflate “underservice” with physician maldistribution ignores a vast
literature describing a far wider problem that results from many types of barriers
preventing some people from receiving the medical care enjoyed by others (Mertz, Jain,
Breckler, Chen, & Grumbach, 2007; Office of Disease Prevention and Health Promotion,
(ODPHP), n.d.). Underservice in this wider interpretation includes not only workforce
maldistribution but also economic and cultural barriers to access.

Both the HPSA and the MUA/P?* designations of underservice are primarily
derived from area-level summary data on populations, despite well-acknowledged
difficulties with the use of area-based measures. Three main types of critique have been
levied, mostly with reference to the federal designations of underservice. The first is that
the federal designation criteria are conceptually and scientifically unsound in being based
on a concept of “underservice” never actually defined and relying merely on the
deliberations of “expert” groups unsubstantiated by any actual scientific investigation

(Berk, Bernstein, & Taylor, 1984; Kleinman & Wilson, 1977; Lee, 1979; Ricketts et al.,

24 “The MUP designation process mirrors the MUA process, with applicants utilizing data specific to the
population group in order to calculate the P2P ratio ... [but] other components of the current MUP model
(infant mortality rate, the percentage of the population age 65 and older, and the percentage of the
population below poverty) are typically calculated based on the data for the entire geographic area in which
the population group resides.” (U.S. Department of Health and Human Services 2011). HPSA population
designations follow a similar process.
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2007; Taylor & Ricketts, 1995; Wysong, 1975). For example, as noted earlier in this
chapter, the IMU aims to “ ...predict the judgment experts would make as to the degree
of medical underservice if they were to make site visits to all possible areas,” (Lee,
1979), which is hardly a definition. This absence of definition results in a “...failure to
distinguish between medical underservice and other concepts such as availability and
accessibility of service and health status, which are obviously closely related and in
common use,” (Wysong, 1975).

A second critique is over basic flaws in the design and implementation of the
federal designations. These include over-reliance on primary care population-to-provider
ratios without taking account of the role that some non-primary care specialty physicians
have in acting as primary care providers for some of their patients (Newhouse et al.,
1982; U.S. General Accounting Office, 1995); the designations not being kept up to date
as underservice eases in some designated areas and worsens in other, as-yet undesignated
areas, with the result that some areas continue to be designated even where designation is
no longer appropriate, while other areas that should become designated, as their
characteristics change, are not (Salinsky, 2010; United States General Accounting Office,
1995); and the reliance of a large number of different national and state programs on just
two types of underservice designation, risking a fundamental disconnect between the
varying factors that lead to different types of underservice and the remedies provided by
each program, potentially leading to the funding of “solutions” that do not address the
real need (United States General Accounting Office, 1995).

A third critique, which strikes to the heart of the controversy over area-based

measures of underservice, concerns whether, despite their basic flaws, existing area-
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based designations still do a reasonable job of identifying populations that are
underserved and in need of government resources to address this. Three studies have
specifically tackled the question of empirical validity by utilizing national survey data to
search for correlations between residence in designated underserved areas and survey
variables that could be regarded as indicative of people actually experiencing
underservice — things like the number of outpatient or hospital visits, current health
status, travel time to usual source of care and satisfaction with care (Berk et al., 1984;
Kleinman & Wilson, 1977; Taylor & Ricketts, 1995). The first study looked at the MUA
designation, the second at the HMSA designation (the HPSA precursor), while the third
developed a range of alternative area-based “test indices” of underservice to assess
whether any of them could do a reasonable job of identifying underserved populations on
the basis of where people resided.

All three studies were consistent in their failure to find meaningful correlations
between underservice indices and any experience of underservice by survey respondents
residing in areas designated as “underserved”. Limited univariate correlations found in
the Berk study disappeared in a multi-variate analysis controlling for income, racial
composition and insurance coverage, with the authors concluding that problems with
access were not primarily due to population-to-provider ratios in a given geographical
area but to factors associated with some of the individuals living in those areas (Berk et
al., 1984). Going further, Taylor and Ricketts suggest that medical underservice may be
best considered, not as the small-area phenomenon assumed by the federal designation
systems, but as a symptom of the way the U.S. organizes and finances health services

(Taylor & Ricketts, 1995).
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It is not difficult to come up with reasons why the relationship between area of
residence and experience of underservice may not be a straightforward one. For
example, certain population groups within geographic areas may not have access to
primary health care equal to that of the general population of that area (U.S. Department
of Health and Human Services, 2011), in which case aggregation of population data
across the area to arrive at a measure of underservice risks blurring within-area
differences between members of the local population?. In addition, patients’ willingness
(or ability) to travel in order to access a preferred source of care might undermine any
area-based analysis (Newhouse et al., 1982; Newhouse, 1990).

The importance of this when it comes to evaluating physician incentive programs
is that it makes clear that different physicians serving in any given area, likely operating
in different practices in different districts within the overall area, may not all be
alleviating underservice to the same extent (Fink, Phillips, Fryer, & Koehn, 2003; Mertz
et al., 2007; United States General Accounting Office, 1996). The fact that area-based
measures of underservice will not be able to detect within-area differences between
physicians creates an obvious problem for states wanting to know the extent to which
physicians participating in their incentive programs are providing care to underserved
members of the population.

In conclusion, if area-based designations cannot accurately define the populations
for which policy intervention is needed, and similarly cannot accurately capture the

degree to which physicians participating in underservice incentive programs are

25 “While designation as a geographic HPSA implies that the federal assistance is needed to address access
problems for all residents of the HPSA, HHS and state officials agree that specific subpopulations within
the area may be those actually at risk,” (U.S. General Accounting Office 1995).
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providing care to underserved groups, they constitute both a poor targeting strategy and a
poor outcome measure.

Implications for Outcome Measures for Physician Incentive Programs

The preceding discussion provides a rationale for the development of alternative
measures of underservice that are not primarily based on area-level data. Problems with
the federal designation systems, and with area-based underservice measures in general,
have in fact long been recognized by government (U.S. General Accounting Office,
1995) but progress in improving existing systems has been slow (U.S. Department of
Health and Human Services, 2011); after all, it is easier to critique existing measures of
underservice than to work out what to replace them with.

To be of most value to states wanting to make best use of their physician
incentive programs, a new measure of underservice would need to provide outcome
information that is independent of area boundaries, capable of being readily updated, and
be based on the actual patients served by each physician. Such a measure remains a key
gap in the research literature. The next chapter describes the methodological approach
and development of a measure of underservice that meets these criteria by drawing on

provider-level case mix data instead of area-level population data.
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Chapter 3: Methods Part 1: Developing a Case-Mix Based Index of Underservice for

the Medicare Population

Chapter Summary

The chapter deals with the design and construction of a measure of underservice

appropriate for assessing the impact of physician incentive programs and describes:

¥

A conceptual framework guiding the development of the new measure and based
on barriers to the translation of need into demand, demand into utilization, and
utilization into appropriate health outcomes.

Development and testing of the new measure of underservice, the Medicare
Index of Service to the Underserved (MISU), derived from Medical
Expenditure Panel Survey data and linkage to actual physician service data in
Maryland obtained from Medicare data. Linkage is established between variables
indicating people’s actual experience of underservice (underservice “indicator
variables”) and variables found in the Medicare physician-level dataset
(underservice “proxy variables”).

The identification of three proxy variables that act as key predictors of
underservice and distinguish the three principal domains for the MISU: medical
risk of patients (based on risk score), socioeconomic status (based on Medicare-
Medicaid dual eligible status) and geographic access (based on rural/urban status
of physicians).

Calibration of the MISU using additional proxy variables, based on diagnoses of
patients served, to create a new, physician-level index of underservice, that is
aligned with existing measures of underservice while extending beyond them.

Limitations of the approach taken.
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Data and Methods

The new measure is derived from physician-level data published in the “Medicare
Physician and Other Supplier” files of the “Medicare Provider Utilization and Payment
Data” dataset (PUF, or “public use files”)?®. The public use files are a suite of files that
summarize Medicare claims data at multiple levels of aggregation. The files used for the
present analysis are those that aggregate patient case mix at the level of the individual
provider of Medicare Part B (office-based) services, including data on the proportion of
each provider’s Medicare patients who have a diagnosis of a chronic condition, are
members of minorities or are dual eligible for Medicare and Medicaid.

Data at the level of individual providers is particularly suited to the task of
assessing the contribution that these providers (and by extension the underservice
programs they participate in) make to alleviating underservice: not only can data on
physician’s case mix be aggregated without regard to geographic area boundaries, but the
files are also timely, being published annually about eighteen months after the end of
each calendar year. Importantly for the proposed analysis, the files include the provider’s
name and national provider identifier number, enabling the files to be merged with data
on physician participation in incentive programs. Importantly for the state of Maryland,
the Medicare population, who the files specifically report on, are a patient group at the
core of efforts to maintain the state’s unique Total Cost of Care Medicare waiver®’.

Development of the proposed Medicare Index of Service to the Underserved is

undertaken through a three step process: first, a conceptual framework for underservice is

26 https://www.cms.gov/research-statistics-data-and-systems/statistics-trends-and-reports/medicare-
provider-charge-data/physician-and-other-supplier.html

27 https://hscre.state.md.us/Documents/Modernization/Total%20Cost%200f%20Care%20Model%20-
%20Background%20and%20Summary 7 26 _17.pdf
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set out that informs the selection of factors that may be contributing to underservice;
second, a preliminary choice is made of a set of variables from a national survey to act as
proxy measures for those factors; and third, using data about HPSAs and Federally
Qualified Health Centers (FQHCs), selection and weighting of equivalent PUF proxy
variables is carried out.

Step 1: Developing a Conceptual Framework for the Relationship between Health
Care Delivery and Underservice

Chapter 2 described problems arising from the lack of a definition of underservice
and referenced a wide range of underservice literature concerned not only with physician
maldistribution but with the whole concept of access to care (Office of Disease
Prevention and Health Promotion, (ODPHP), n.d.). However, “access to care” remains
itself undefined, and for the purposes of constructing any valid measure of underservice a
clearer and more explicit conceptual framework is required (Taylor & Ricketts, 1995).
The framework Taylor & Ricketts proposed, which revolved around the fit between
health care need, demand and infrastructure, acts as a guide, but the importance to
Maryland’s Total Cost of Care Waiver of effective and efficient health care delivery
suggest that the Taylor & Ricketts conceptual framework should be modified to also take
into account the nature of care utilization, including quality of care.

“Underservice” is therefore defined for the purposes of this study as “Unmet
healthcare need, relative to prevailing standards of healthcare provision, resulting from
limitations in the accessibility, availability and/or appropriateness of healthcare
utilization.” Given this definition, underservice may arise from accessibility barriers to
translating need into demand, from availability barriers to translating demand into

utilization, and from appropriateness barriers that result in utilization failing to meet
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need. These barriers are organized into a conceptual diagram in Figure 5, which also
shows some of the factors reported in the literature as contributing to the barriers (Office
of Disease Prevention and Health Promotion, (ODPHP), n.d.; Wright et al., 1996).

Figure 5: Conceptual Diagram of Underservice
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Step 2: Establishing the Linkage between MEPS “Indicator Variables” and PUF
“Proxy Variables”

The design for the new index is adapted from the method used in several earlier
studies that assessed the validity of federal underservice designation systems by testing
whether national survey responses that might indicate individuals experiencing
underservice are more commonly given by people resident in geographic areas
designated as underserved (Berk et al., 1984; Kleinman & Wilson, 1977; Taylor &
Ricketts, 1995). The MISU design process applies this method in reverse by looking first
for “underservice indicator variables” in a national health survey that reports
respondents’ experiences with the accessibility, availability and appropriateness of health
care, and then identifying “underservice proxy variables” in the same survey dataset that

are correlated with these indicator variables but for which direct equivalents can be found
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in the PUF (Medicare) files. Once appropriate PUF variables are identified in this way,
the underservice index can then be built up by selecting the subset of those variables that
best predicts underservice.

The national health survey utilized for this purpose is the Medical Expenditures
Panel Survey (MEPS)?®. MEPS is a set of large-scale surveys of families and individuals
and their medical providers and employers across the United States. It is the most
complete source of data on the use and cost of health care and health insurance coverage
and has been conducted every year since 1996.

Compared to the methodology of the three studies cited in Chapter 2 as testing the
validity of federal designations, an additional step is necessary to develop the MISU,
namely the identification of equivalent proxy variables common to both the MEPS and
PUF datasets. The analysis therefore requires assessment of both within-MEPS
correlations and MEPS-PUF equivalences (Figure 6).

Figure 6: Process Diagram Showing Linkage from MEPS Underservice Indicator
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To begin with within-MEPS correlations, MEPS reports on a range of respondent

experiences that are suggestive of underservice. Table 3 lists these “indicator” variables

28 https://meps.ahrg.gov/mepsweb/index.isp
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and categorizes them using the three major types of barriers to receiving care identified in
the conceptual diagram of Figure 5.

Table 3: Listing of MEPS Underservice Indicator Variables According to
Underservice Conceptual Categories

MEPS Underservice Indicator Variable Underservice Conceptual Category
1. Travel time to usual source of care* Access to care

2. Experienced delay in getting care

3. Was unable to get care Availability of care

4. Not got care when needed it right away*

5. No usual source of care A ot ¢

6. Rating of health care* bpropriateness ot care

93107 I H#E%!- +4.2)0,(.1 )+ F/21 @5-0)322),

Variables 2, 3 and 5 of Table 3 are binary variables in MEPS. The remaining
three are categorical variables which for this analysis are converted to binary variables
using two alternative cut-off points for each. This results in a total of nine underservice
indicator variables.

MEPS also includes a number of variables that, while not directly indicative of
underservice, are indicative of some of the factors illustrated in Figure 5 as potentially
involved in underservice. Such “underservice proxy variables”, which might be expected
to be correlated with the underservice indicator variables, include: proxies for medical
need such as chronic condition percentages, the HCC risk score and age over 75; the
percentage of dual eligible patients as a proxy both for ability to pay and (through the link
between socio-economic status and education) for awareness of own medical need; the
percentages of minority groups as proxies for language and culture barriers; and non-
MSA location as a proxy for physician availability (based on the generally lower
numbers of physicians outside of urban areas relative to population size (Brooks,

Mardon, & Clawson, 2003)).
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The importance of this selection of MEPS proxy variables for the development of
the MISU is that data on HCC risk score?, minority group membership and nine of the
MEPS chronic condition variables also appear in the PUF dataset, poverty in the MEPS
dataset is closely equivalent to the PUF’s percentage of beneficiaries dual-eligible for
both Medicare and Medicaid, and age group also appears in both datasets; in addition,
MEPS provides data on whether respondents are in a non-MSA location, something the
provider’s practice address in the PUF can also indicate. Table 4 lists these proxy
variable correspondences.

Table 4: Correspondence between MEPS and PUF Proxy Variables

MEPS Proxy Variables PUF Proxy Variables
(Data is on each physician’s case mix)
Chronic conditions diagnosis (9 Percent of beneficiaries with each chronic condition
variables) diagnosis (same 9 conditions)
Age Percent of beneficiaries aged 75+
RRSHCCMC risk score* Average HCC score of beneficiaries
Black Percent of beneficiaries black non-Hispanic
Hispanic Percent of beneficiaries Hispanic
Medicare + Medicaid eligible Percent of beneficiaries dual-eligible
Non-MSA location of respondent* | Rural/urban continuum® (by recoding of the RUCA
code for the provider’s practice ZIP code)

*These variables are not included in the most recent years of MEPS data

Figure 7 presents a full schematic of the linkage between the MEPS underservice
indicator variables, MEPS underservice proxy variables and PUF equivalent proxy
variables. It should be noted that the MEPS indicator and proxy variables are patient-
centric, while the PUF proxies are physician-centric. We are therefore measuring from

different perspectives in the two datasets, trusting that there is convergence.

29 HCC risk score is a cost-focused measure of patients’ health status developed for use in Medicare
Advantage program remuneration but available for all Medicare patients:
https://www.cms.gov/Medicare/Health-Plans/Medicare AdvtgSpecRateStats/Downloads/RTC-Dec2018.pdf
30 Categorization taken from http://depts.washington.edu/uwruca/ruca-uses.php
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Figure 7: Full Schematic for Linkage between MEPS Underservice Indicator
Variables, MEPS Proxy Variables and PUF Proxy Variables

MEPS Indicator
Variables:
(MEPS Questions
involving factors possibly
indicating underservice)
* No usual source of
care

* Poor quality health
care

* Delay in receiving
health care

* Unable to get health
care

* Not got care when
needed it

* Travel time to usual
source of care

MEPS Proxy Variables:
(MEPS Questions with
equivalent PUF variables)

* HCC Risk Score

* Presence of chronic
health conditions

* Income below poverty
level

» Non-MSA location

PUF Proxy Variables:

* Average patient HCC
Risk Score

* Percent of patients
with each chronic
health condition

* Percent of patients
who are dual eligible

* Urban/rural location

MEPS Underservice Proxy Variables and PUF Equivalent Proxy Variables

To test for within-MEPS correlations, MEPS files from 2012 through 2016 were

downloaded and restricted to respondents on Medicare. Respondents under the age of 20
were excluded on the grounds that they would most likely receive care from pediatricians
and censoring of cells with 10 or fewer patients in the PUF may render pediatrician data
too heavily censored to be reliable.

Because HCC risk score and MSA variables are not included in all years of the
MEPS data, within-MEPS correlations were run for two different time periods: 2002-
2009 (for which both HCC risk score and MSA location are provided) and 2010-2016
(where HCC risk score and MSA location are not provided). Given that variation can be
expected between the four U.S. Census regions and that the intent is to use this analysis
for a study of physicians in Maryland, a state technically located in region 3 (the South)
but which borders and likely shares many of the characteristics of region 1 (the

Northeast), correlations were run separately for region 1, for region 3 and for all regions
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nationally. Combining the regional options with the two time periods thus made for a
total of 6 sets of correlation data. The goal was to discover the most consistent
correlations across time periods and regions and this was achieved by counting the
instances of statistically significant correlations across the six correlation sets. All the
cross-correlations were 2 x 2 correlations using logistic regression to derive P values and
direction of correlation; where correlations were negative, instances of significance were
treated as negative instances during counting.

In a review of the results, “No usual source of care” was found to be mostly
negatively associated with the MEPS proxy variables. Although at first glance this flies
in the face of the common wisdom that having a usual source of care is a feature of high-
quality care rather than of underservice, this may not the case for the Medicare
population, where rates of uninsurance are low and rates of chronic conditions are high.
Those who assess themselves as being in excellent or very good health may require little
regular health care and, thus, be somewhat less likely to have established a usual source
of care than those who have fair or poor health, have chronic or acute health problems
and require more regular care. “No usual source of care” was consequently dropped from
the analysis. In addition, a review of the number of actual MEPS responses underlying
each correlation revealed that “Not getting care when needed” had only one third of the
respondents of the other underservice indicator questions owing to survey branching,
making it a less reliable indicator; both versions of this indicator were therefore dropped.

This left six indicator variables in use. Two pairs of these were alternative binary
splits of a categorical variable; a reasonable compensation for this in counting the

instances of significance was to halve the count value of instances of significance for
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those variables. This produced the results shown in Table 5, in which the MEPS
underservice indicator variables are the column variables and the MEPS underservice
proxy variables are the row variables. Each cell shows the count of instances of
statistical significance for each of the two time-periods, with 2002/09 placed first. The
table uses the .05 level of statistical significance — a sensitivity analysis using a .01
significance level did not materially alter the results.

Table 5: Summary of Within-MEPS Variable Correlations

MEPS Underservice Indicator Variable
o N ° 2 2
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MEPS Proxy Variable 2 - -
Asthma Medical need 1/1.5 1/1.5 3/3 2/3 0.5/0 0/1 7.5/10
Cancer Medical need -0.5/-1.5 0/-1.5 0/0 -1/0 0/0 -0.5/0 -2/-3
CKD Medical need 1/1 1/0.5 1/2 2/2 0/0 0/0.5 5/6
Depression Medical need 1.5/1.5 1.5/1.5 3/3 3/3 1/0 1/1 11/10
Diabetes Medical need 0.5/1 0/0 1/2 1/0 1/1 0/1 3.5/5
High cholesterol Medical need 0/0 0/0.5 0/0 0/1 0/0 0/0 0/1.5
High blood pressure Medical need 01 0/1 0/0 0/1 0/0 0/0 0/3
CHD Medical need 0/0 0/0 0/2 0/0 0.5/0 0/0.5 | 0.52.5
Stroke Medical need 1/1.5 0/1 0/1 0/2 0/0 0/0 1/5.5
Black non-Hispanic Minorities 1.5/1.5 1.5/1.5 -2/-1 0/0 0/0 0.5/0 1.5/2
Hispanic Minorities 0.5/0 1/0 -2/-1 2/0 0/1 1/1.5 | 2.5/1.5
Over 75 Medical need -1/-1 -1.5/-1.5 | -2/-3 | -3/-3 | -1.5/-0.5 | -1/-1 | -10/-10
Dual eligible SE status 1.5/1.5 1.5/1.5 2/3 2/3 0/0.5 1/1 8/10.5
HCC risk score* Medical need 1/ 0.5/ 3/ 1/ 0/ 0/ 5.5/
Non-MSA* Availability 0/ 0/ 1/ 0/ 1/ 1/ 3/

* Data only available for the 2002-2009 period

The maximum possible score in each time period was 12. MEPS proxy variables

attaining a count of at least three significant correlations with MEPS underservice

indicator variables in at least one time period were considered “promising” proxies for

underservice, while those with negative correlation counts in both time periods were

considered “likely unsuitable”. The remainder were considered “possible” proxies

requiring further investigation in step 3 of the analysis. Table 6 presents a simplified
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listing in order of significance counts and includes the classification of underservice
factors already described.

Table 6: Conclusions on the Value of MEPS Variables as Proxy Measures of

Underservice
Measure Category Significance counts Assessment

Depression Medical need 11/10 Promising
Dual eligible Socio-Economic status 8/10.5 Promising
Asthma Medical need 7.5/10 Promising
CKD Medical need 5/6 Promising
HCC risk score* Medical need 5.5/ Promising
Diabetes Medical need 3.5/5 Promising
Stroke Medical need 1/5.5 Promising
Non-MSA* Physician availability 3/ Promising
High blood pressure Medical need 0/3 Promising
Hispanic Minorities 2.5/1.5 Possible
Black non-Hispanic Minorities 1.5/2 Possible
CHD Medical need 0.5/2.5 Possible
High cholesterol Medical need 0/1.5 Possible
Cancer Medical need -2/-3 Likely unsuitable
Over 75 Medical need -10/-10 Likely unsuitable

Step 3: Developing and Calibrating a Final Design for the MISU

The third and final step of the analysis was to develop, test and calibrate
alternative specifications for a Medicare Index of Underservice using PUF proxy
variables equivalent to those MEPS variables classified as “promising” or “possible”
proxies for underservice. The two variables considered “likely unsuitable” were also
included as a check on whether they had been classified correctly. Two alternative
methods of identifying underserved populations were used for testing versions of the
index: the primary method was the HPSA score for physicians’ practice locations, while
whether physicians were working in a Federally Qualified Health Center (FQHC) was
used as a secondary method. The expectation was that the ability of the index to predict
the HPSA scores of the locations where physicians are working would be an informative
test of the validity of the index; similarly, the ability of the index to predict which

physicians are working in FQHCs would be a further informative test. In the FQHC test,
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geographic HPSA score was used as a control variable to avoid conflating these two
separate tests of underservice validity.

To carry out this part of the analysis, data on all primary care physicians in
Maryland were downloaded from the 2014, 2015 and 2016 PUFs, with “primary care”
defined to include the specialties of internal medicine, family practice and general
practice. Pediatricians were excluded for reasons already stated. Whether a physician
was working within a geographic HPSA was determined by geocoding of Maryland
primary care physicians listed in the PUF using a physician-to-HPSA ID file*! and
merging this back into 2016 HPSA datafiles available from HRSA that include HPSA
score and type®2. Whether a physician was working in an FQHC was assessed using
archived December 2014, November 2015 and December 2016 Physician Compare
files** and matching the physician organization listed in those files with the names of
Maryland FQHCs listed in HRSA 2016 data’*; this data was then merged with the 2014,
2015 and 2016 PUF data by NPI number.>

Each PUF proxy variable was standardized using Stata’s <std> function after
winsorizing by clipping outliers greater than 3 standard deviations from the mean to yield
a set of potential “service to the underserved” index components with a standard

deviation of one and values between zero and one; each component was then rescaled to

31 File provided by Dr. Eric Luo from HRSA project work.

32 File BCD_HPSA _FCT DET_PC from the “Shortage Areas” tab of https://data.hrsa.gov/data/download
33 Physician Compare Archive

34 Health Center Service Delivery and Look-Alike Sites

35 (Note that Physician Compare files do not exist for years prior to 2014. Also, it is assumed that the
FQHC listing for 2014 and 2015 and 2016 will be closely similar to current FQHC status but this is
something that can be checked with Maryland’s Primary Care Office staff in a later phase of the study. Itis
also necessary to assume that HPSA data for 2014 and 2015 will be closely similar to 2016 as this is the
only year for which HPSA score data is available from HRSA.)
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arange from 1 to 100%¢. Versions of the index were then constructed by summing
standardized components and dividing by the number of components, which ensured that
the value of the index would always lie between 1 and 100. The index was first
calculated at the level of the individual provider and then aggregated for groups of
physicians. Weighting based on the number of Medicare patients of each physician was
considered, but rejected on the grounds that the index is not intended to be used an area
measure but as a measure of each physician’s service to the underserved, regardless of
the proportion of their patients who are eligible for Medicare.

Linear regression methods were used to perform testing to assess the
combinations of variables best able to predict, firstly, geographic HPSA score and,
secondly, FQHC working while controlling for HPSA score. To begin this process,
bivariate regressions were used to test the ability of each index component to predict
HPSA score, based on R? values and Beta coefficients. As Table 7 shows, some
components were stronger than others in this respect. The pooled regression form was
used (although the PUF data spanned three years and is, strictly speaking, panel data, the

results when using a panel analysis were virtually identical in either regression form).

36 This procedure is similar to the “clipped equal interval scale” used by the Negotiated Rulemaking
Committee (U.S. Department of Health and Human Services 2011).
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Table 7: Bivariate Analysis of Ability of Each Proxy Variable to Predict

Geographic HPSA Score
MEPS Proxy Variable PUF Equivalent Coefficient Coelegf;tca;en ¢ RA_ S(Jl llll;t:edd

Non MSA+t Non MSA 0.0612%** -0.253 0.0649
Poverty Dual Eligible 0.0546%** -0.23 0.0538
Risk scoref HCC Risk Score 0.0602%*** -0.224 0.0507
CHDDX binary Ischemic Heart Disease 0.0462*** -0.201 0.0411
depress_binary Depression 0.0499*** -0.189 0.0367
DSKIDNS53 binary Chronic Kidney Disease 0.0382%*** -0.185 0.0345
ASTHDX binary Asthma 0.0460%** -0.194 0.0317
HIBPDX binary Hypertension 0.0365*** -0.14 0.0204
DIABDX binary Diabetes 0.0369%** -0.131 0.0181
STRKDX binary Stroke 0.0232%** -0.103 0.0114
Black Hispanic -0.0232%** -0.0623 0.0048
Hispanic Black or African American 0.00898*** -0.042 0.0026
CHOLDX binary Hyperlipidemia 0.00316 -0.0137 0.0011
CANCERDX binary Cancer 0.00331 -0.0121 0.001

Over 75? Aged 75 or Over 0.000551 -0.00263 0.0009

T Only available in 2002-2009 MEPS datasets.  *** P<.01
10176 observations. Results that are not significant are highlighted.

It can be seen that three of the PUF proxy variables (cancer, high cholesterol and
age) were not significant predictors of HPSA score. Two of these three were classified as
“likely unsuitable” in step 1 of the MISU development process, so this result reinforced
the validity of that earlier judgment, while the third, hyperlipidemia, was the lowest-rated
of the “possible” proxy variables. All the other variables were highly significant
predictors (P<.01), but the very low R? values and Beta coefficients for the two
race/ethnicity variables suggest that, regardless of the strong P value, they were weak
predictors of HPSA score. This may seem surprising given the known association
between underservice and minorities but likely arises because of collinearity between the
minority variables and other variables that remained in contention. Of the remaining
significant proxy variables, dual eligible, rural location and HCC risk score were the
strongest predictors of HPSA score, with R? values above 0.05 and Beta values of more
than 0.22; in other words, each explained more than 5% of the variation in HPSA score

(R?), while a one standard deviation change in the predictor led to a 0.22 or greater
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standard deviation change in HPSA score (Beta coefficient). The three chronic condition
variables most strongly predictive of HPSA score were CHD, depression and CKD.

A multi-collinearity check shows that there was considerable multi-collinearity in
play (Table 8). This was particularly evident, as would be expected, between many of the
chronic condition variables and between those variables and HCC risk score. However,

HCC risk score and dual-eligible were also strongly correlated (0.455).
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Table 8: Multicollinearity Check on PUF Proxy Variables

Asthma | Cancer | Chronic | Depress Diab- Hyperli | Hyperte | Ischem- | Stroke HCC Aged Black/ | Hispan- Dual Wheth-
Kidney ion etes pidemia nsion ic Heart Risk 75 or African ic Eligible | errural
Disease Disease Score Over Americ
an
Asthma 1.000
Cancer 0.474 1.000
Chronic Kidney Disease 0.667 0.489 1.000
Depression 0.658 0.453 0.662 1.000
Diabetes 0.459 0.278 0.668 0.442 1.000
Hyperlipidemia 0.385 0.443 0.479 0.371 0.507 1.000
Hypertension 0.397 0.328 0.551 0.408 0.598 0.632 1.000
Ischemic Heart Disease 0.647 0.555 0.807 0.695 0.606 0.566 0.542 1.000
Stroke 0.580 0.590 0.718 0.656 0.486 0.428 0.424 0.722 1.000
HCC Risk Score 0.574 0.345 0.862 0.605 0.583 0.290 0.437 0.721 0.663 1.000
Aged 75 or Over -0.241 -0.304 -0.068 -0.133 -0.163 -0.205 -0.120 -0.144 -0.179 0.032 1.000
Black/African American 0.160 0.085 0.225 0.065 0.375 0.034 0.235 0.129 0.184 0.235 -0.177 1.000
Hispanic -0.018 -0.041 0.010 -0.018 0.085 0.027 0.003 0.005 0.022 -0.007 -0.033 0.021 1.000
Dual Eligible 0411 0.049 0.423 0.511 0.521 0.123 0.324 0.366 0.356 0.455 -0.124 0.408 0.189 1.000
Non MSA 0.016 0.002 -0.030 -0.006 -0.007 0.063 0.050 0.004 0.002 -0.063 -0.047 -0.122 -0.053 0.003 1.000

10,176 observations
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Bearing this collinearity in mind the next stage of the analysis was a stepwise
multivariate analysis in which the three primary predictors of HPSA score (HCC risk
score, dual eligible and non-MSA location) were regressed together on HPSA score and
other predictors then added incrementally. Two preparatory steps were taken. First,
noting that censoring in the PUF would likely bias the results toward the mean for
chronic condition, race/ethnicity and dual eligible variables, whereas HCC risk score and
non-MSA location are available for all physicians, the 1697 observations where the “dual
eligible” cell was censored (out of 10,176, i.e. 16.7% of physicians) were dropped.
Second, the three primary predictors were weighted to maximize the value of adjusted R?
in the regression on geographic HPSA score, using weights obtained by regressing the
three components on HPSA score.

The first of these steps increased the baseline value of R? to 0.156 (with weights
0f 0.632, 0.701 and 1.000 for HCC risk score, dual eligible and non-MSA location
respectively). By adding variables stepwise, a formula for an index of underservice that
best predicted HPSA score was arrived at. At each step the variable selected for
inclusion in the following steps was the one that gave the best improvement in R?, with
the proviso that adding it to the regression not result in a total of more than 20% of
observations being dropped through PUF censoring (i.e. at least 8140 observations must
remain in the dataset).

Table 9 shows the first round of incremental testing, in order of R? improvement,
leading to the selection of ischemic heart disease for inclusion in the next round of testing
and a new adjusted R? value of 0.168. Table 10 shows the incremental effect on R? of

adding the preferred additional proxy variables, in the order they were added.
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Table 9: Single-Variable Additions to Baseline MISU Components

Coefficients/significance level}

Additional Proxy Variablet HCC Risk Dual Whether Additional Beta Adjusted | Diffin Obser-

Y Score Eligible MSA variable coefficient R Sq. R Sq. vations§
None 0.0424*** | 0.0471*** | 0.0671%** N/A N/A 0.1558 0 8,479
Ischemic Heart Disease -0.00929 | 0.0569*** | 0.0652*** | 0.0543*** (0.201) 0.1680 0.0122 8,304
Diabetes 0.0500%** | 0.0528*** | 0.0674*** | -0.0211*** | (-0.0653) 0.1595 0.0037 8,383
Chronic Kidney Disease 0.0395%** | 0.0504*** | 0.0674*** 0.000770 (0.00335) 0.1593 0.0035 8,233
Hyperlipidemia 0.0480%** | 0.0444*** | 0.0679*** | -0.0103*** | (-0.0422) 0.1581 0.0023 8,415
Hypertension 0.0370%** | 0.0475*** | 0.0665*** | 0.00861*** (0.0397) 0.1574 0.0016 8,436

T Regression includes year fixed effects.
§ Variables are greyed out if they do not meet the minimum number of observations test.

Table 10: Incremental Effect of the Preferred Additional Proxy Variables

Variable New Adjusted R** I{lcremental R’ O.b s.eerltions
improvement Remaining in Dataset
None 0.1558 N/A 8479
Ischemic heart disease 0.1680 0.0112 8304
Hyperlipidemia 0.1740 0.0060 8301
Diabetes 0.1771 0.0031 8298
Hypertension 0.1817 0.0046 8290
Chronic kidney disease 0.1841 0.015 8189

* Regression includes year fixed effects

Regression coefficients from the final regression on HPSA score were extracted
using Stata’s matrix function to create a weighted formula for the new index (Table 11).
As this is a predictive rather than causal model, negative weights likely represent small
corrections to the predictive effect of some of the variables with positive coefficients.
The main impact on variability in the regression comes from the three main factors in our
conceptualization of underservice: access (dual eligible proxy), availability (rural/urban
proxy) and need (the ischemic heart disease proxy in this case, although if all the chronic
condition proxy variables are omitted from the regression HCC risk score then has a Beta

coefficient comparable with those of dual eligible and rural/urban).
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Table 11: Proxy Variables and Weights for the Medicare Index of Service to the

Underserved
Proxy Variable ‘(zeclogehf;ii?el::::? P value Beta coefficient
HCC Risk Score 0.00640 0.411 0.025
Dual Eligible 0.0544 0.000 0.207
Whether MSA 0.0654 0.000 0.281
Ischemic Heart Disease 0.0648 0.000 0.269
Hyperlipidemia -0.0279 0.000 0.116
Diabetes -0.0287 0.000 0.089
Hypertension 0.0218 0.000 0.102
Chronic Kidney Disease -0.0151 0.021 0.068

* Regression includes year fixed effects

In a secondary check on results using working in an FQHC as an alternative test

of validity, PUF variables for fixed physician characteristics of gender, medical education

(M.D. or D.O.) and specialty were added to the regression on HPSA score alongside an

indicator variable for whether the physician was working in an FQHC. This led to an

increase in the adjusted R? value to 0.1889 (Table 12). Working in an FQHC was seen to

be consistent with an increase in geographic HPSA score of 3.23 (P<0.001).
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Table 12: Regression on Geographic HPSA Score with Preferred Proxy Variables
and Controls

. do "/var/folders/sn/t4p69pjj3438j938x7rykpb00000gn/T//SD04910.000000"

reg hpsascore_geog i.year fghc_v2 male do famprac genprac ///
std_averagehccriskscore_3 std_pcnt_dualcount_3 std_rural_urban_binary_3 ///
std_pcnt_isch_3 std_pcnt_hpl_3 std_pcnt_diab_3 std_pcnt_hypert_3 ///
std_pcnt_ckd_3, beta

Source SS df MS Number of obs = 8,290
F(15, 8274) = 129.69
Model 52528.145 15 3501.87634 Prob > F = 0.0000
Residual 223410.015 8,274 27.0014521 R-squared = 0.1904
Adj R-squared = 0.1889
Total 275938.16 8,289 33.2896803 Root MSE = 5.1963
hpsascore_geog Coef. Std. Err. t P>t Beta
year
2015 .2655609 .1411156 1.88 0.060 .021756
2016 5533176 .1481506 3.73 0.000 .0453304
fghc_v2 3.226241 .5902195 5.47 0.000 .055673
male -.3190712 .1177794 -2.71 0.007 -.0272573
do -.0095028 .2727454 -0.03 0.972 -.0003521
famprac -.9107472 .1474658 -6.18 0.000 -.0693421
genprac .5211083 .4706349 1.11 0.268 .0110936
std_averagehccriskscore_3 .0074138 .0077711 0.95 0.340 .0284628
std_pcnt_dualcount_3 .0523397 .0035178 14.88 0.000 .1989782
std_rural_urban_binary_3 .066325 .0023845 27.82 0.000 .2851624
std_pcnt_isch_3 .0662582 .0052513 12.62 0.000 2746422
std_pcnt_hpl_3 | -.0292893 .00337 -8.69 0.000 -.1211213
std_pcnt_diab_3 -.0289437 .0051768 -5.59 0.000 -.0891881
std_pcnt_hypert_3 .019889 .00309 6.44 0.000 .0932697
std_pcnt_ckd_3 -.0196047 .006579 -2.98 0.003 -.0879533
_cons .2028574 .2750829 0.74 0.461

One apparently odd result in the regression was the negative coefficient for
<famprac> but it is important to remember that this is a predictive model, not a causal
one. The omitted variable for physician specialty is internal medicine, and while the
negative <famprac> coefficient would seem to suggest that family practitioners are not
serving underserved populations to the extent that internists are, this may be an incorrect
conclusion resulting from the form of the regression: in a separate analysis, family

practitioners were found to be more likely than internists to work in FQHCs, while the
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MISU is seen to be significantly higher for physicians working in FQHCs even when
geographic HPSA score is controlled for. In addition it is likely that family practitioners
have a different Medicare case-mix depending on where they practice: in urban areas, the
case mix of family practitioners is likely focused on children and younger adults, with
perhaps only occasional work with Medicare patients and then only with the less
complicated patients, whereas in remote areas family practitioners are more likely
required to handle the full mix of patients living in the area, including complex Medicare
patients.

The newly-calibrated MISU was standardized and rescaled in order to constrain
its values to the range 1 to 100 before amending the regression so that HPSA score was
regressed on MISU, along with FQHC working and the physician characteristic control
variables. In this revised regression, working in an FQHC and being male were
significantly positively associated with MISU value (P<0.001 for both) while being a DO
was positively associated with MISU value but not quite significantly so (P=0.060, Table
13). A one-unit increase in the geographic HPSA score was associated with an increase
in MISU value score of 0.98. The adjusted R? value of 0.1908 indicates that just over
19% of the variability in MISU is explained by the regression equation. Summarizing

MISU shows a mean value of 35.1 and a standard deviation of 13.3 (Table 14).
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Table 13: Regression of Geographic HPSA Score and Control Variables on MISU

reg misu_std_alt hpsascore_geog i.year fqghc_v2 male do famprac genprac, beta

Source SS df MS Number of obs = 8,290
F(8, 8281) = 245.26
Model 291756.901 8 36469.6127 Prob > F = 0.0000
Residual 1231345.78 8,281 148.6953 R-squared = 0.1916
Adj R-squared = 0.1908
Total 1523102.68 8,289 183.749871 Root MSE = 12.194
misu_std_alt Coef. Std. Err. t P>t Beta
hpsascore_geog .9783499 .0234431 41.73 0.000 .4164238
year
2015 -.6616225 .3290461 -2.01 0.044 -.023071
2016 -.6360354 .3292801 -1.93 0.053 -.0221788
fqghc_v2 7.944798 1.357014 5.85 0.000 .0583542
male 1.423792 .2733206 5.21 0.000 .0517705
do 1.195635 .6362701 1.88 0.060 .0188578
famprac -1.824435 .3140181 -5.81 0.000 -.0591246
genprac -.5320614 1.094256 -0.49 0.627 -.0048211
_cons 32.2936 .3102961 104.07 0.000

Table 14: Summary of Medicare Index of Service to the Underserved

Variable Observations Mean Std. Dev. Min Max
MISU 8,290 35.05805 13.31034 1 100
Results

The association between HPSA score and MISU can be visualized in histograms
of observations by MISU. Figure 8 shows MISU distributions for physicians in high-
score HPSAs (HPSA score > 14) and those not in HPSAs, and also graphs each of the
three components of the MISU separately. Figure 9 shows distributions for physicians
working in FQHCs vs. those not working in FQHC:s, firstly for all physicians and

secondly only for physicians working in high-score HPSAs.
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Figure 8: Histogram Showing the Distribution of Maryland Primary Care

Physicians by MISU and Whether Working in High-Score HPSA (Score>=14)
with Major Components Shown Separately
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Discussion

The MISU described in this chapter possesses several important characteristics
that distinguish it from existing federal designations of underservice while appearing to
satisty the requirements outlined in the previous chapter (and repeated in the introduction
to the present chapter) for a measure of underservice that is appropriate for use in
assessing states’ physician incentive programs. First, the measure has a clear conceptual
underpinning in which “underservice” has a specific definition that overcomes simplistic
conflation of underservice with physician maldistribution. Second, it is constructed from
variables demonstrably correlated with people’s experience of being underserved. Third,
it is assessed on the actual patient case mix for each physician and does not rely on area-
based measures that may blur differences between an area’s residents. Fourth, annual
updating of the PUF means the index can be revised in a reasonably timely fashion as
physicians’ careers develop and their patient case mix changes through time. And finally,
it is calibrated for the underservice characteristics of the Medicare population of a
particular region and state of the U.S. and therefore may more accurately reflect that
population than would a more generalized measure.

The calibration process used here is inevitably imperfect. The “best” R? of
0.1889 obtained when the MISU and other variables were regressed on HPSA score
indicates that less than one fifth of the variability in HPSA score can be explained
through the MISU. This may be a perfectly acceptable result given the reservations
outlined in chapter 2 about the HPSA designation system; however, it may also mean that
the MISU calibration process used here is itself less than ideal. A better test of the
performance of the MISU in identifying underservice may be whether it produces results

that make sense to state officials who work closely with local underservice challenges, a
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dialogue that will take place during the next stage of this work in which the MISU will be

used to assess the contribution that physicians enrolling in loan repayment and visa

waiver programs are making to alleviating underservice in Maryland.

Further questions that can be explored about the design of the MISU include the

following.

1.1

Does the small improvement in R? secured by the inclusion of chronic conditions
variables in the index justify the additional complexity this introduces? Does the
index in fact perform adequately even if limited to the three major predictors of

dual eligible, HCC risk score and rural/urban?

I' Physicians working in two of the FQHCs were found to exhibit much higher

MISUs than those in other FQHCs, resulting in MISUs of FQHC physicians
falling into two distinct groups (Figure 9). Whether this is an appropriate
difference or reflects limitations of the MISU methodology is something that

could be explored with Maryland public health officials.

.I' What is the best way to handle the PUF limitations that cells with 10 or fewer

patients are censored and that posted percentages of patients with each chronic
condition cannot exceed 75% in the PUF? This latter concern is particularly
pertinent for hypertension (for which more than half of physicians are recorded as
having 75% of their patients diagnosed) and hyperlipidemia (with approximately
one in six patients so recorded). A sensitivity analysis in chapter 5 explores the

censoring problem further.

Limitations

Aside from these outstanding questions about the detailed design of the MISU

there are a number of limitations of this general approach to capturing underservice.
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First, the data in the Medicare PUF is incomplete. As already mentioned, censoring of
cells with 10 or fewer patients has resulted in 20% of physicians being dropped from the
analysis, while no physician can be reported to have more than 75% of their patients
diagnosed with a particular chronic condition. Physicians serving 10 or fewer Medicare
beneficiaries in a year are omitted from the files altogether. Furthermore, the PUF only
contains data on Medicare fee-for-service and not Medicare Advantage. In Maryland,
Medicare Advantage penetration in the market is quite modest at around 9% in 2016, but
in other states this percentage can be substantially higher’’. Second, the index tells us
nothing directly about underservice experienced by those patients not served by any
office-based physicians, or about the uninsured, although uninsurance is less of an issue
in Maryland than elsewhere given the state’s low adult uninsurance rate (6.9% in 20173%),
and even less of an issue for the Medicare population in general. Third, there are some
specialties (such as nephrology) in which physicians can act as primary care doctors to
long-term patients but, since primary care is not their principal Medicare activity, these
specialists are not included in the index calculation. Fourth, the index does not attempt to
capture differences in productivity between physicians; studies of physician incentive
programs typically assume that differences in physician productivity are randomly
distributed between those participating in incentive programs and those not participating,
and this study follows that lead. Lastly, the MISU developed here is (by design) derived
for a single state and for Medicare beneficiaries and may not be applicable for other

states or other insurance types without modification.

" https://www kff.org/medicare/issue-brief/medicare-advantage-2017-spotlight-enrollment-market-update/
¥ hittps://wallethub.com/edu/uninsured-rates-by-state/4800/
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Conclusion

The process described in this chapter enables the construction of a Medicare
Index of Service to the Underserved based on the PUF variables and weights set out in
Table 11. This measure may be used alone, to provide an overall “underservice”
measure, or in conjunction with its three major components (medical need, indicated by
risk score, low-income, indicated by dual-eligibles, or rurality). The next chapter applies
the new measure to an assessment of the contribution physicians enrolling in Maryland’s

incentive programs make to the alleviation of underservice in the state.
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Chapter 4: Methods Part 11, Main Analysis

Chapter Summary

This chapter describes the methodology of the primary phase of the study, in

which the new index of underservice is used to assess the contribution made by physician

loan repayment and J-1 Visa Waiver Programs to alleviating underservice. The study

uses data on participation in these programs supplied under a Data Transfer and Use

Agreement with Maryland Department of Health. The chapter sets out, for the primary

phase of the study:

¥

¥

The research design used.

The core research question and a secondary research question.

The datasets used.

Challenges in assessing changes in the underservice measure associated with J-1
Visa Waiver and loan repayment programs, including control of confounding
variables, the relationship between pre-existing preferences and selection into
incentive programs, and the problem of describing and measuring an effect that
varies across an extended period of time.

Solutions to the key research challenges, including use of difference-in-difference
methods and control variables to control for confounding, and adoption of an
event-study framework as a means of capturing and describing time-dependent
program effects.

This study was approved by the Maryland Department of Health Institutional
Review Board, IRB #19-27. In addition, the George Washington University

Committee on Human Research, Institutional Review Board, entered into an IRB

61



Authorization Agreement under which the Maryland Department of Health IRB
was relied upon as the IRB of Record.

Research Design

The study uses a quasi-experimental, time-series design where, “...assignment to
conditions is by self-selection or .. administrator selection,” (Shadish, Cook, & Campbell,
2002). In quasi-experiments the researcher enumerates alternative explanations, decides
which are plausible and uses logic, design and measurement to assess whether each might
explain any effect (Shadish et al., 2002).

The study consists of quantitative analyses of data on the case mix of primary care
physicians, including those participating in Maryland’s !"#"$%& #(%)$*#+,$("%-.'/.#,% or
J-1 Visa Waiver Programs. In addition, there was an opportunity to share results and
findings with officials of Maryland Department of Health seeking confirmation or
otherwise of the validity of the Medicare Index of Service to the Underserved and its
usefulness in analyzing the contribution of the state’s physician incentive programs to
alleviating underservice.

The core research question for the quantitative analysis is: “Do incentive
programs result in participating physicians working with underserved populations to a
greater degree than would have been the case absent the program?” A secondary
question is: “Do incentive program physicians serve the underserved to a greater degree
than those who never participated?” The Medicare Index of Service to the Underserved
(MISU) developed in the previous chapter is used as the principal measure of the degree
of working with underserved populations. Disaggregation of the results into the index

components provides additional insights into program impact. A secondary analysis
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using county premature death rate rankings instead of HPSA scores as the MISU
calibration variable was also conducted as a sensitivity test of the validity of the index.

Approach to Quantitative Analysis

The quantitative analysis methodology for this study faces two research
challenges in particular: causal inference, and the aggregation of results across the
physician career.

For the first of these, the key to causal inference is controlling for confounding
factors (Angrist & Pischke, 2009). In the present study, physicians who have ever
participated in an incentive program are the treatment group and never-participating
physicians are the control group. If participation in incentive programs were randomly
assigned then a simple difference-in-means between participating and non-participating
physicians would provide an unbiased estimate of the average program effect (Wing,
Simon, & Bello-Gomez, 2018), but program participation is not randomly assigned. For
example, only U.S. citizens and U.S. nationals can participate in loan repayment
programs, while only foreign physicians participate in J-1 Visa Waiver Programs.
Furthermore, both types of program are more likely to attract younger physicians — either
U.S. physicians who have not yet discharged their educational debt or foreign physicians
who have not yet secured U.S. permanent residency status. There may also be
differences by specialty, gender, medical education and upbringing, any of which might
impact physicians’ preferences for working with the underserved. In addition, the data
used in the analysis cover program participation in different calendar years and there may
be time-varying changes in either the treatment or the control group. If between-group

differences are correlated with service to underserved populations, a program effect
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calculated as a difference of means between treatment and control groups may be biased
unless the differences are controlled for.

The second challenge arises because, as shown by prior research, any effect
during the period of service obligation is followed by a non-trivial retention effect that
typically trends asymptotically downwards, albeit concern has often been expressed
about retention being disappointingly low (Crouse & Munson, 2006; Heinrich, 2000;
Kahn et al., 2010). In addition, given that physicians apply for loan repayment programs
having already accepted a position in an underserved area, they may already be working
with the underserved to a greater degree than non-participant physicians even before they
enroll in the program (Negrusa et al., 2014; Negrusa et al., 2016). The expected
trajectory of program effect is therefore quite a complex one, as illustrated in Figure 10.

Figure 10: Schematic of Trajectory of Service to the Underserved in Physician
Incentive Programs
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Although a comprehensive set of observable effect variables can be used to
control for differences between the treatment and control groups (Pathman et al., 2004) to
obtain an estimate of PE1 (the program effect during the service obligation period) and

PE2 (the retention effect) in Figurel0, the datasets used in the present study provide few
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such variables. However, the difference-in-difference (DD) method can be used to
control for some of the unobservable effects (Angrist & Pischke, 2009), potentially
enabling the reporting of PE3 (the DD coefficient) and PE4 (a measure of program effect
using a modified DD approach where there is no physician case mix data prior to service
obligation, as in J-1 Visa Waiver Programs).

The standard DD approach assumes all treatment occurs at the same time point,
but this study uses a dataset in which treatment (in the form of participation in an
incentive program) occurs at different times over a sixteen calendar-year period from
2002 through 2017. We therefore use, instead, the generalized difference-in-difference
approach, a quasi-experimental method for addressing bias resulting from non-random
assignment of treatments occurring at different time points (Angrist & Pischke, 2009).
The method uses two-way fixed effects estimation to control both for time-invariant
differences between treatment units and for time trends that are common to all units in
the panel data (Bertrand, Duflo, & Mullainathan, 2004; Wing et al., 2018), the treatment
unit in this study being the individual physician.

The generalized DD formula with many time periods and arbitrary treatment
patterns for individual level panel data can be expressed as:

yit = A+ Wit T Xiey + i tui, t=1,..,T (Equation 1)

where yit is the MISU value for physician i in period ¢, A are time fixed effects,
wit 1s a treatment dummy that is 1 if the treatment is in place for physician 7 in period ¢
and zero otherwise, x;; are controls, ¢; are unobserved effects and u;; are the idiosyncratic
errors (Wooldridge, 2007). The coefficient 7 is the average treatment effect after c;is

removed using unit fixed effects. This approach can be used for unbalanced samples,
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where data is not available for all time periods and all units, and for treatment that
switches on and off*.

The identifying assumption in DD is that, although the level of the outcomes may
differ across groups outcomes in treated and untreated units, outcomes would follow a
common path through time in the absence of a treatment effect (the “parallel trends
assumption”) (Angrist & Pischke, 2009). Treatment effects are measured as a widening
or narrowing of the gap between treated and control units when treated units are actually
treated. The validity of the parallel trends assumption can be tested using ‘placebo’
testing of whether there is no effect in periods where treatment is absent (Bertrand et al.,
2004).

However, even if the DD method successfully accounts for bias in the results, an
appropriate system for analyzing and presenting program effect is needed. The complex
effect trajectory illustrated schematically in Figure 10 suggests that the usual DD effect
measure of average treatment effect is not a particularly informative way to present
program impact. Studies typically report either a “retention effect”, using a simple
comparison between the treatment group and the control group in the post-obligation
period (PE2), or a simple difference of means between treatment and control groups
immediately following treatment (PE1), but neither of these captures the full scope of
possible program impact illustrated in Figure 10.

To more fully capture this complex trajectory we use a regression series where the
treatment group is divided into single event-year cohorts of ever-participating physicians,
where an “event-year” is defined by the time difference between the PUF data calendar

*® Class PPA 8022, fall 2017, lecture 3: “Difference-in-difference”, Trachtenberg School of Public Policy
and Public Administration
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year and the initial year of the service obligation. In this approach, the treatment is
considered to be not in place for the treatment group in years preceding their service
obligation, and for the non-treatment group at all time periods. Each event-year cohort’s
effect is obtained by excluding from the regression, for that event-year, observations for
physicians who are in the treatment group but where the observation is for a different
event-year than the one of interest (unless the event-year is prior to the commencement of
the service obligation and therefore part of the DD estimation procedure). This is similar
to an event study framework (Bitler & Carpenter, 2016; Simon, Soni, & Cawley, 2017;
Wooldridge, 2007) absent the event study assumption that the event is unanticipated.
(For ease of understanding, in the remainder of this dissertation the term “program-year”
is used instead of “event year”, but with the same meaning.)

This regression series approach requires a modification of the DD equation in
which (Kj; =t — E;) denotes “relative time”—the number of periods relative to the event.
The indicator variable in Equation 1 for being treated can now be written as wic = 1 {t>E;}
= 1{Kit> 0}. This leads to a modified DD equation as follows:

Vit =Mt Dpe—oo Vi LH{Kit =k} + Xit + ¢i + uic (Equation 2)

where i is the DD coefficient for relative time (event-year) k, with {y«} for k<0
corresponding to pre-trends, and for k>0 to dynamic effects & periods relative to the event
(Borusyak & Jaravel, 2017). The approach generates a time series of DD results for the
observed treatment effects that can be charted to show program effect.

Difference-in-difference methods usually compare values of the dependent
variable before and after treatment. In this study, not only is there is no pre-treatment

data for one of the programs (the waiver program) but the impact of treatment may be
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transitory given that participating physicians are free to move to a new job after
completing their service obligation. However, the extended time range of the dataset
used for this study (2002-2017) makes an alternative DD approach possible in which the
comparison is between participants’ early years of service and program-years 10 and
beyond, by which time (as we will discuss below) most of the treatment effect has likely
disappeared. These later years of service are used as a proxy for the preference of J-1
Visa Waiver physicians to serve underserved populations, and the DD dummy term of
Equation 1 is then wi=1{0 <Kj <9} (i.e. the DD dummy is reset to zero for program-
years 10 and above), shown as PE4 in Figure 10.

This alternative, or “non-traditional”, DD method will provide a more
conservative measure of program effect than PE3 if there is any retention effect persisting
at ten years and beyond. Nevertheless, the downward bias is likely to be small given that
both Opoku and Kahn et al found a retention effect for J-1 Visa Waiver physicians that
was only around 12% by year seven (Kahn et al., 2010; Opoku et al., 2015) while
Negrusa found a retention effect for the NHSC federal program of less than 20% at the
same time point (Negrusa et al., 2014). By controlling for some of the differences
between ever-participant physicians and non-participant physicians, this DD result might
offer stronger validity than the simple difference of means measures. Both results are
reported.

It was originally anticipated that the “non-traditional” DD strategy would be used
only for the waiver program because loan repayment physicians do have prior practice.
On reviewing the physician program participation data, however, the number of

observations of prior practice in the !"#"$%&#(%)$*#+,$("%-.'/.#,% proved too low for
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the pre/post treatment DD method to be considered reliable and so the alternative DD
strategy was carried out for both types of incentive program.

In the simple difference of means analysis, the benefits of the DD approach are
not conferred and the analysis is limited to relying on unit random effects to handle bias
in both the DD and the difference-in-means analyses (random effects are preferable to
fixed effects for event study designs (Borusyak & Jaravel, 2017). Random effects also
allow fixed physician characteristics such as gender and specialty, which in the fixed
effects model are absorbed within the constant, to be included*® so that their impact can
be explored.

In conclusion, we undertake two main types of analysis for each program. The
identification strategy for the difference of means analysis is ...fo seek to determine
whether primary care physicians participating in incentive programs in Maryland have
systematically higher MISUs than those who never participated in such programs. The
identification strategy for the DD analysis is ... to seek to determine whether primary
care physicians participating in incentive programs in Maryland have MISUs higher
than for non-participating physicians to a systematically greater degree during their
service obligation period and the early years following it than they do either in the years
before program participation or ten or more years after beginning participation in the
program.

All regressions that follow utilize random effects and robust standard errors. Data

analysis was carried out using Stata statistical analysis software, version 16.0*!,

%&https://www.princeton.edu/~otorres/Panel 101 .pdf

%' © 1985-2019 StataCorp LLC, 4905 Lakeway Drive, College Station, Texas 77845 USA;
http://www.stata.com.
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Chapter 5: Results of Main Analysis
Chapter Summary

This chapter sets out descriptive statistics and results for a test application of the
new MISU measure to J-1 Visa Waiver and !"#"$%&'#(%)$*#+,$("%-."/.#,0
administered by the state of Maryland’s Office of Population Health Improvement. As
noted in the preceding chapter, this analysis utilizes both difference-in-means and
difference-in-difference methods to quantify, understand and describe program impact.
Descriptive statistics include:
¥ Numbers and types of physicians participating in Maryland’s !"#"$%&#(%
)$*#+,5("% and J-1 Visa Waiver Programs who were successfully matched with
observations in the Medicare dataset used to assign underservice index scores to
each physician.
¥ Numbers of observations of matched physicians by Medicare data year and
incentive program start year. Results are presented by program and for physicians
in adult primary care and non-primary care specialties.
¥ The distribution of observations across program-years, where program-year 1 is
the year that participation in the incentive program begins. Again, results are
presented by program.
¥ Gender, credential (M.D. or D.O.) and specialty of physicians participating in
programs, compared with all Maryland physicians in the Medicare dataset.
¥ An equivalent table to the above showing physician observations (as opposed to

physicians).
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Event study framework results are presented for the J-1 Vis Waiver Program
analysis first, followed by results for the I"#"$%&#(%)$*#+,$("%-."/.#,% analysis. Only
results for adult primary care physicians are presented in this chapter but those for non-
primary care physicians are included in a separate appendix. We first present results
based on simple means that compare MISU underservice measures for program
participants vs. comparison physicians over time, then present more refined multivariate
analyses showing the estimated impact of the J-1 Visa Waiver and !"#"$%&#(%)$*#+,$("%
-'1#,0% on different aspects of underservice. The process is repeated for difference-in-
difference results. Briefly, we find:

¥ On average, primary care physicians in Maryland J-1 Visa Waiver Programs
perform significantly better (i.e., have roughly 15 to 20 point higher MISU
scores) than comparison physicians during the three years of their visa waiver
obligation and for five years beyond that, but the differences then decline quickly.

There are no appreciable differences roughly ten years after entry into the visa

waiver program.

¥ The improvement in J-1 Visa Waiver Program MISU scores is driven by
improvement in all three underlying components (need, low-income and
rural/urban location).

¥ In the difference-in-difference analysis, which enables account to be taken of the
loss of many J-1 Visa Waiver Program physicians from the data through time, the
deterioration in mean MISU following completion of the service obligation is

much faster, especially in the rural/urban component.
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¥ Primary care physicians in Maryland’s I"#"$%&#(%)$*#+,$("%-./.#,  perform
somewhat better (i.e., 6 to 12 point higher MISU scores) than comparison
physicians during their first three years following program commencement.
While there is relatively modest deterioration in the first few years after the two-
year obligation ends, there are no further differences beyond 10 years or so after
entry into the loan repayment program. MISU levels are somewhat elevated in
the year prior to entry into the loan repayment program, suggesting possible
anticipatory effects prior to actual selection and receipt of loan repayments.

¥ Most of the increase in MISU associated with participation in the State Loan
Repayment Program is driven by the rural/urban component of the index, while
none at all is driven by medical need.

¥ There are some limitations to these analyses, such as the difficulty of interpreting
the impact of attrition of J-1 Visa Waiver Program physicians out of measurement
because they may have changed specialties, moved out of the state, etc.
Additional sections of this chapter present descriptions of:

¥ The effects of introducing interaction terms into the regression equations used to
create the regression results tables.

¥ Several types of sensitivity analysis testing the effect of varying the assumptions
and specifications used in the primary analysis.

¥ Feedback obtained during a presentation of the main results to officials of
Maryland’s Department of Health.
An overview and discussion of the results can be found in the final chapter of the

dissertation.
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Data

Data on physician case mix are obtained from the “Medicare Provider Utilization
and Payment Data” (PUF, or “public use files”)*?, the same data used in the design of the
MISU, again limited to physicians billing Medicare Part B from a Maryland practice
address. The main analysis is on Maryland physicians recorded as working in adult
primary care specialties, defined as internal medicine, family practice, general practice
and geriatrics (analysis of physicians from non-primary care specialties is reported in a
separate appendix). The 2012 PUF provides data on 3,288 Maryland physicians in adult
primary care specialties and 8,175 in all other specialties, with the numbers increasing
gradually through later years; a breakdown of the 2017 data can be seen in Table 21.

Data on physician participation in the programs was provided by Maryland’s
Office of Population Health Improvement, a unit within Maryland’s state Department of
Health (MDH). The data lists all physicians who have participated in Maryland’s State
Loan Repayment Program* or in J-1 Visa Waiver Programs administered by the state
(this includes both Maryland’s Conrad 30 waivers and the Appalachian Regional
Commission waivers for physicians working in Maryland counties) in the years 2002
through 2017. Included in the data are the physicians’ names, the program they
participated in, the date their service obligation commenced and the length of their
service obligation. Results are evaluated independently for the loan repayment program

and the visa waiver program, taking advantage of the unusual opportunity to compare and

%(https://www.cms.gov/research-statistics-data-and-systems/statistics-trends-and-reports/medicare-
provider-charge-data/physician-and-other-supplier.html

%!In addition to the federal state match (SLRP) loan repayment program Maryland operates a fully state-
funded program, the Maryland Loan Repayment Program (MLARP). Only the federal state match program
was included in this study.
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contrast the two types of program, only one prior study having done this (Opoku et al.,
2015).

The MDH data does not include the national provider identifier (NPI) number that
uniquely identifies providers in the PUF*, so fuzzy matching software*> was used to
search for physician names that appeared in both the Maryland data and the PUF. NPI
numbers from this matching process were added to the Maryland data, which were then
merged with the 2012-2017 PUF data files. The inclusion of physicians participating in
programs from as long ago as 2002 provided at least ten years of physician data prior to
2012 (the first year of the Medicare data) for the assessment of long-term “retention”.

The MDH data set consists of 580 physicians who were enrolled in Maryland
physician incentive programs from 2002 to 2017, 173 of them having participated in the
State Loan Repayment Program and 407 in the J-1 Visa Waiver Program. Continuation
awards in the loan repayment program are excluded in order to maintain focus on the
initial enrollment date. After data matching, two unbalanced longitudinal data panels
were obtained. One, consisting of 116 physicians and 375 physician-year observations,
was comprised of physicians who participated in the MDH waiver program, including
waivers administered by MDH on behalf of the Appalachian Regional Commission, and
were successfully matched to records of physicians in adult primary care specialties*®
in the Medicare PUF dataset in one or more years (Tables 15 and 16); the other, with 251
physician-year observations of 57 physicians, was comprised of physicians who

participated in the state’s federal-state match NHSC program and were similarly matched

“MDH did not routinely collect NPI numbers until 2016.

%) Reclink2: https://www.stata-journal.com/article.html?article=dm0082

%" As already stated, the included adult primary care specialties are family practice, general practice,
geriatric medicine and internal medicine.
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(Tables 15 and 17). The number of observations per year of Medicare data ranged from
53 to 83 for the primary care waiver physicians, and from 38 to 47 for the primary care
loan repayment physicians (Tables 16 and 17). The number of observations per program-
year for the primary care waiver physicians ranged from 1 to 47, with the maximum
number occurring in program-years 1 and 2 (Table 20); the range of program-years was
from 1 to 18, with 10 or more observations occurring in all years up to program-year 15.
For primary care physicians in the loan repayment program the range of observations per
program-year was from 1 to 21, with the maximum number occurring in program-year 7
(Table 20). The range of program-years was from -5 to 16, with 10 or more observations
occurring in program-years 1 through 12. (Note that, since the number of physicians
enrolling in either program varies considerably between start years, differences in
program-year observation numbers do not unambiguously reflect retention of physicians
within the datasets.)

Among the non-primary care specialties, one dataset included 411 observations
of 111 J-1 Visa Waiver Program physicians matched to the Medicare data, while the
other consisted of 113 observations of 30 State Loan Repayment Program physicians
(Tables 15, 18 and 19). The number of observations per year of Medicare data ranged
from 51 to 95 for the waiver physicians, and from 15 to 23 for the loan repayment
physicians (Tables 18 and 19). The number of observations per program-year for the
waiver program physicians ranged from 1 to 39, with the maximum number of
observations occurring in program-year 4 (Table 20); the range of program-years was
from 1 to 18 with 10 or more observations occurring in program-years up to program-

year 14. The range of observations per program-year for primary care physicians in the
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loan repayment program was from 1 to 15 with the maximum number of observations
occurring in program-year 1 (Table 20); the range of program-years was from -5 to 15
with 10 or more observations occurring only in program-years -1 through 3.

The overall matching rates for all specialties were 53.1% for J-1 Visa Waiver
Program physicians and 49.1% for State Loan Repayment Program physicians (Table
15). For adult primary care specialties only, the corresponding rates were 28.5% and
32.9% (the denominator here is all participating physicians, not just those in primary care
specialties: the MDH dataset did not include physicians’ declared specialty, which in any
case might differ from the specialty recorded in the Medicare files). Physicians might not
be successfully matched because the name-matching process did not permit them to be
reliably identified; because they did not bill Medicare part B from 2012 through 2017
although continuing to practice medicine; because they left the state of Maryland prior to

2012; or because of attrition from the Medical profession.
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Table 15: Number of Physicians Participating in Incentive Programs, and Number
Name-Matched to PUF, by Program, Start Year and Whether in Adult

Primary Care Specialty
J-1 Waiver Program Physicians State Loan Repayment Program
Matched to PUF 2012-2017 Physicians Matched to PUF 2012-2017
Year of Program . Adult All Other Program . Adult All Other
MDH Starts Primary Care Specialties Starts Primary Care Specialties
Data Specialties Specialties
2017 31 11 6 14 3 5
2016 29 7 10 35 6 5
2015 30 16 4 13 1 3
2014 31 9 10 15 1 5
2013 30 10 11 13 5 2
2012 29 13 8 8 3 3
2011 32 9 14 6 4 1
2010 18 4 3 10 6 0
2009 22 4 7 10 4 1
2008 19 4 7 9 6 1
2007 19 2 9 4 3 0
2006 26 5 5 4 2 0
2005 26 3 7 4 2 0
2004 16 5 6 0 0 0
2003 18 8 2 15 6 4
2002 11 3 1 13 5 0
2001 10 0 0 N/A 0 0
2000 8 3 1 N/A 0 0
1999 2 0 0 N/A 0 0
Total 407 116 111 173 57 30
Matching 28.5% 27.3% 32.9% 17.3%
Rates* 53.1% 49.1%

* Matching rates are percentages of total starts in each program regardless of specialty. Adult Primary
Care and All Other Specialties add up to slightly more than the total of unique physician matches owing to
some physicians appearing in the PUF with different specialties in different years. However, the joint

matching rates given are based on unique physician matches.
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Table 16: Number of Matched J-1 Visa Waiver Program Physician Observations by
Start Year and PUF Year (Adult Primary Care Specialties Only)

Medicare PUF Data Year
Program 2012 2013 2014 2015 2016 2017 Total
Start Year
2017 0 0 0 0 0 11 11
2016 0 0 0 0 4 7 11
2015 0 0 0 9 11 15 35
2014 0 0 7 7 6 7 27
2013 0 5 5 6 3 6 25
2012 11 10 7 7 7 5 47
2011 7 7 9 6 3 2 34
2010 3 3 2 1 1 2 12
2009 3 3 3 3 3 4 19
2008 4 4 4 2 2 2 18
2007 2 2 2 2 2 2 12
2006 5 4 4 4 4 3 24
2005 3 3 3 2 2 2 15
2004 3 3 3 3 2 4 18
2003 8 8 8 7 6 7 44
2002 3 3 3 2 2 2 15
2001 0 0 0 0 0 0 0
2000 1 1 1 2 1 2 8
Total 53 56 61 63 59 83 375

Table 17: Number of Matched State Loan Repayment Program Observations by
Start Year and PUF Year (Adult Primary Care Specialties Only)

Medicare PUF Data Year
P"’g?;‘rsm 2012 2013 2014 2015 2016 2017 Total

2017 1 1 1 1 2 3 9

2016 2 2 2 2 3 5 16
2015 1 1 1 0 1 1 5

2014 0 1 1 1 1 1 5

2013 3 4 5 5 4 4 25
2012 1 1 3 3 3 3 14
2011 3 3 3 3 3 4 19
2010 4 3 3 4 4 4 22
2009 4 4 4 4 3 3 22
2008 2 2 4 5 4 5 22
2007 3 3 3 3 3 3 18
2006 2 2 2 2 2 2 12
2005 2 2 2 2 1 1 10
2004 0 0 0 0 0 0 0

2003 6 6 3 3 3 3 24
2002 4 5 4 5 5 5 28
Total 38 40 41 43 42 47 251
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Table 18: Number of Matched J-1 Visa Waiver Program Physician Observations by
Start Year and PUF Year (Specialties other than Adult Primary Care)

Medicare PUF Data Year
Program 2012 2013 2014 2015 2016 2017 Total
Start Year
2017 0 0 0 0 0 6 6
2016 0 0 0 0 8 10 18
2015 0 0 0 3 3 3 9
2014 0 0 6 7 6 8 27
2013 0 5 6 6 9 10 36
2012 2 4 5 5 4 7 27
2011 8 9 7 8 10 11 53
2010 3 3 3 3 3 3 18
2009 7 7 6 6 5 4 35
2008 5 5 4 4 4 6 28
2007 7 7 6 8 7 7 42
2006 5 5 5 5 5 5 30
2005 6 6 5 5 4 5 31
2004 5 5 5 5 5 6 31
2003 1 1 1 2 2 2 9
2002 1 1 1 1 1 1 6
2001 0 0 0 0 0 0 0
2000 1 1 1 0 1 1 5
Total 51 59 61 68 77 95 411

Table 19: Number of Matched State Loan Repayment Program Observations by
Start Year and PUF Year (Specialties other than Adult Primary Care)

Medicare PUF Data Year
P"’g?;‘rsm 2012 2013 2014 2015 2016 2017 Total
2017 2 2 2 2 2 5 15
2016 2 2 2 3 3 3 15
2015 1 1 1 1 2 3 9
2014 3 4 4 3 3 2 19
2013 1 0 2 2 2 2 9
2012 2 2 3 2 3 3 15
2011 1 1 1 1 1 0 5
2010 0 0 0 0 0 0 0
2009 0 0 0 1 1 1 3
2008 1 1 0 0 0 0 2
2007 0 0 0 0 0 0 0
2006 0 0 0 0 0 0 0
2005 0 0 0 0 0 0 0
2004 0 0 0 0 0 0 0
2003 2 3 4 4 4 4 21
2002 0 0 0 0 0 0 0
Total 15 16 19 19 21 23 113
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Table 20: Number of Observations by Program-Year, Program and Specialty

Adult Primary Care Specialties All Other Specialties
Program- SLRP J-1 Waiver SLRP J-1 Waiver
Year Observations Program Observations Program
Observations Observations

-5 1 0 2 0

-4 3 0 4 0

-3 4 0 5 0

-2 4 0 8 0

-1 9 0 11 0

1 12 47 15 30

2 16 47 13 38

3 17 44 12 32

4 18 32 7 39

5 19 28 7 37

6 19 18 5 38

7 21 17 1 36

8 19 16 1 29

9 14 18 1 32

10 18 22 2 29

11 17 22 3 24

12 11 19 4 16

13 8 15 4 14

14 8 13 4 10

15 8 10 4 4

16 5 4 0 1

17 0 1 0 1

18 0 2 0 1
Total 251 375 113 411

Tables 21 and 22 provide descriptive statistics for physicians and for observations
by program and specialty type and indicate some marked differences between the J-1
Visa Waiver and the State Loan Repayment Program participants. Matched visa waiver
program physicians were 61.2% male for adult primary care physicians and 64.0% male
for other specialties, compared to 36.8% male for the loan repayment adult primary care
physicians and 36.7% for loan repayment non-primary care specialty physicians.
Matched visa waiver program observations were 64.5% male for both adult primary care
and non-primary care specialties compared to 39.8% male for the loan repayment adult
primary care physicians and 40.7% for loan repayment non-primary care specialty
physicians. Matched visa waiver program physicians were 100% M.D. (vs. D.O.) for

both adult primary care physicians and for other specialties, compared to 82.5% for the
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loan repayment adult primary care physicians and 90.0% for loan repayment non-primary
care specialty physicians. Matched visa waiver program observations were 100% M.D.
(vs. D.O.) for both adult primary care and non-primary care specialties compared to
78.9% for the loan repayment adult primary care physicians and 96.5% for loan
repayment non-primary care specialty physicians.

Tables 21 and 22 also show that J-1 Visa Waiver and State Loan Repayment
Program participants appear to have differing specialty distributions. Matched visa
waiver physicians were 43.1% internist and 6.9% family practitioners (39.2% and 7.8%
respectively for observations); matched loan repayment physicians on the other hand
were 18.8% internists and 45.9% family practitioners (17.8% and 50.3% respectively for
observations). Among visa waiver participants, the most frequent non-primary care
specialty was psychiatry (7.9% of matched visa waiver physicians and 7.1% of
observations) with other specialties at around 5% each or lower; among loan repayment
participants two non-primary care specialties predominated: psychiatry (16.5% of
matched loan repayment physicians and 15.8% of observations) and obstetrics and

gynecology (10.6% and 10.0% respectively).
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Table 21: Descriptive Statistics for Physicians Participating in Maryland Incentive
Programs, 2002-2017, and Matched to 2012-2017 PUF Data

. . All Maryland Part B
J-1 Visa Waiver New SLRP Awards Physicians (2017)
Adult Other Adult Other Adult Other
Physician Characteristic Primary | Specialties Primary Specialties Primary Specialties
Care Care Care
Percent Male 61.2% 64.0% 36.8% 36.7% 55.8% 67.7%
Percent MD 100% 100% 82.5% 90.0% 94.9% 96.3%
Specialty Distribution
Percent Internal Medicine 43.1% N/A 18.8% N/A 19.6% N/A
Percent Family Practice 6.9% N/A 45.9% N/A 7.9% N/A
Percent General Practice 0.0% N/A 0.0% N/A 0.5% N/A
Percent Geriatrics 0.9% N/A 0.0% N/A 0.4% N/A
Percent Psychiatry N/A 7.9% N/A 16.5% N/A 4.7%
Percent Ob/Gyn N/A 2.3% N/A 10.6% N/A 4.5%
Percent Emrgncy. Medicine N/A 5.1% N/A 2.4% N/A 5.8%
Percent Endocrinology N/A 4.6% N/A 0.0% N/A 1.2%
Percent Neurology N/A 4.2% N/A 0.0% N/A 2.6%
Percent Infectious Disease N/A 3.7% N/A 3.5% N/A 1.4%
Percent Pediatrics N/A 0.0% N/A 1.2% N/A 0.4%
Percent Other Specialties N/A 21.3% N/A 1.2% N/A 51.1%
Total (all specialties) 100% 100% 100%

Table 22: Descriptive Statistics for Observations of Physicians Participating in
Maryland Incentive Programs, 2002-2017, and Matched to 2012-2017 PUF

Data
J-1 Visa Waiver New SLRP Awards
Variable Adult Primary Other Adult Primary Other
Care Specialties Care Specialties
Percent Male 64.5% 64.5% 39.8% 40.7%
Percent MD 100% 100% 78.9% 96.5%
Specialty Distribution

Percent Internal Medicine 39.2% N/A 17.8% N/A
Percent Family Practice 7.8% N/A 50.3% N/A
Percent General Practice 0.0% N/A 0.0% N/A
Percent Geriatrics 0.8% N/A 0.0% N/A
Percent Psychiatry N/A 7.1% N/A 15.8%
Percent Ob/Gyn N/A 2.4% N/A 10.0%
Percent Emergency Medicine N/A 53% N/A 1.4%
Percent Endocrinology N/A 4.2% N/A 0.0%
Percent Neurology N/A 3.9% N/A 0.0%
Percent Infectious Disease N/A 4.5% N/A 3.1%
Percent Pediatric Medicine N/A 0.0% N/A 1.1%
Percent Other Specialties N/A 24.8% N/A 0.6%
Totals 100% 100%
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J-1 Visa Waiver Program Analysis

Table 23 presents the results for J-1 Visa Waiver Program adult primary care
physicians using a simple difference of means analysis for program-year cohorts 1
through 15, with the year in which program participation begins labelled as program-year
1. The service obligation period for Maryland’s waiver program is three years, although
for many participants the first year of post-obligation service might be program-year 5
given that the PUF data reports on calendar years of case mix whereas waiver program
service rarely starts at the beginning of a calendar year*’.

In this analysis, State Loan Repayment Program ever-participants are excluded
from the control group because their participation in the loan repayment program may
create a change in propensity to serve the underserved that would bias the results if they
were not excluded. (Likewise, J-1 Visa Waiver Program ever-participants were excluded

from the analysis of loan repayment program physicians).

%"The PUF is published as calendar year annual summaries. Program year 1 is the year that they begin
participating in the physician incentive program, and for waiver physicians this is also first calendar year in
which the physician appears in the PUF. Program years 1 through 3 will therefore provide data based on
physicians’ obligated service in underserved areas. However, if program participation begins part-way
through a year (and assuming a three-year service obligation) the data for program year 4 will also include
some obligated service. Program year 5 therefore the first year of PUF data when the whole year’s PUF
data does not include any obligated service.
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Table 23: Simple Difference in Mean MISU between Physicians Participating in the J-1 Visa Waiver Program and Never-Participating Physicians (Adult Primary Care

Specialties)
Program-yeart 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Waiver program 14.70%** 18.52%** 15,18%** 17.37%** 16.37%** 18.64%** 15.30%** 17.39%** 12.13%** 2.605 0.223 0.967 1.270 3.396 2.671 16.67* 29.57*** 33.65***
(2.537) (2.417) (2.277) (2.818) (3.154) (4.109) (4.724) (4.689) (4.406) (2.890) (2.161) (2.427) (3.693) (4.238) (5.107) (8.608) (0.273) (4.801)
2013.year -0.887*** -0.885%** -0.881*** -0.885%** -0.880*** -0.882%** -0.883*** -0.884*** -0.880*** -0.881*** -0.884*** -0.882*** -0.884*** -0.882*** -0.882*** -0.882*** -0.882*** -0.882***
(0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876) (0.0876)
2014.year -1.298%*** -1.300%** -1.298*** -1.300%** -1.296%** -1.294%** -1.298%** -1.298*** -1.297*** -1.295%** -1.299*** -1.298*** -1.298*** -1.297*** -1.296*** -1.297*** -1.297*** -1.297***
(0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104)
2015.year -1.397%** -1.397%** -1.400*** -1.401%** -1.397%** -1.397%** -1.395%** -1.398*** -1.397*** -1.397*** -1.399*** -1.398*** -1.400*** -1.397*** -1.398*** -1.397*** -1.398*** -1.398***
(0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113)
2016.year -1.362%** -1.363%** -1.362%** -1.367*** -1.364%** -1.362%** -1.363%** -1.362%** -1.362%** -1.362%** -1.365*** -1.364*** -1.365%** -1.365*** -1.363*** -1.363*** -1.363*** -1.363***
(0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122)
2017.year -0.260* -0.255* -0.257% -0.259* -0.258* -0.256* -0.258* -0.256* -0.253* -0.254* -0.257* -0.256* -0.258* -0.257* -0.258* -0.257* -0.256* -0.256*
(0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139) (0.139)
male 1.349*** 1.308*** 1.340*** 1.370*** 1.337*** 1.308*** 1.315%** 1.318*** 1.329*** 1.304*** 1.293*** 1.296*** 1.294*** 1.304*** 1.297*** 1.319*** 1.310*** 1.310***
(0.363) (0.363) (0.363) (0.363) (0.363) (0.364) (0.364) (0.364) (0.364) (0.363) (0.363) (0.363) (0.363) (0.364) (0.364) (0.364) (0.364) (0.364)
do -0.00514 -0.0125 -0.0160 -0.0178 -0.0141 -0.0134 -0.0158 -0.0192 -0.0232 -0.0176 -0.0110 -0.0113 -0.0121 -0.0103 -0.0109 -0.00693 -0.00740 -0.00737
(0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975) (0.975)
famprac -2.161%** -2.152%** -2.132%** -2.118%** -2.138%** -2.149%** -2.140%** -2.129%** -2.115%** -2.138*** -2.159*** -2.157*** -2.156*** -2.158*** -2.159*** -2.163*** -2.164*** -2.165%**
(0.470) (0.469) (0.469) (0.469) (0.469) (0.469) (0.470) (0.469) (0.470) (0.469) (0.469) (0.469) (0.469) (0.469) (0.469) (0.470) (0.470) (0.470)
genprac -0.695 -0.689 -0.684 -0.680 -0.686 -0.689 -0.685 -0.682 -0.676 -0.686 -0.694 -0.693 -0.692 -0.693 -0.693 -0.697 -0.697 -0.697
(0.899) (0.899) (0.898) (0.898) (0.899) (0.899) (0.899) (0.898) (0.898) (0.898) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899)
geriat -0.296 -0.272 -0.263 -0.258 -0.265 -0.268 -0.266 -0.253 -0.244 -0.277 -0.258 -0.265 -0.271 -0.271 -0.271 -0.273 -0.273 -0.273
(1.188) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191) (1.188) (1.188) (1.187) (1.187) (1.187) (1.190) (1.190) (1.190) (1.190) (1.190) (1.190)
Constant 41.48*** 41.50*** 41.47*** 41.46*** 41.48*** 41.50*** 41.49*** 41.49%** 41.47*** 41.49*** 41.51%** 41.51%** 41.51%** 41.50*** 41.51%** 41.49*** 41.50*** 41.50***
(0.306) (0.306) (0.306) (0.306) (0.306) (0.307) (0.307) (0.307) (0.307) (0.306) (0.306) (0.306) (0.306) (0.307) (0.307) (0.307) (0.307) (0.307)
Observations 19,936 19,936 19,932 19,921 19,916 19,907 19,906 19,904 19,906 19,911 19,911 19,908 19,904 19,901 19,899 19,893 19,890 19,891
Number ofnpi 4,682 4,682 4,678 4,667 4,662 4,653 4,652 4,650 4,652 4,657 4,657 4,654 4,650 4,647 4,645 4,639 4,636 4,637
Tx Observations 47 47 44 32 28 18 17 16 18 22 22 19 15 13 10 4 1 2

+ Program-year is measured from the commencement of obligated service.
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Avge. 6 year equivalent HPSA score: 17.1
Avge. 9 year equivalent HPSA score: 16.5
Avge. 15 year equivalent HPSA score:  10.7
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The results displayed in Table 23 indicate that physicians participating in the
MDH J-1 Visa Waiver Program provide a level of service to the underserved, as
measured by the MISU and compared to those who never participated, that is statistically
significantly higher at the 1% level from the first year of participation through the 9
event year. The magnitude of the difference is fairly constant over the first eight years
before beginning to fall off, with an average treatment vs. control difference in MISU of
16.8 over the first six years, 16.2 over the first 9 years and 10.4 over fifteen years.

This result can be put in some perspective by noting that the mean MISU for all
physicians in adult primary care specialties in Maryland across the six years of available
PUF data is 40.4, with a standard deviation of 13.1. The difference between participating
and non-participating physicians therefore averages to around 1.3 standard deviations
across the first nine years program and post-program service, which would typically be
considered a very large effect if the difference could be causally attributed to program
participation*®. Another way of contextualizing the result is to note that a one point
increase in HPSA score was found during the index calibration described in chapter 3 to
be equivalent to a 0.98 increase in MISU (see Table 13). Differences of 16.8 and 16.2 in
MISU can therefore be equated with increases in HPSA score for a given population of
17.1 and 16.5 respectively, which again could be considered very large effects given that
HPSA scores range only from 0 to 25 (Figure 2). Note that this result is based on

physicians’ case mix and does not mean that physicians participating in the J-1 Visa

48 Cohen, J. (1969) Statistical Power Analysis for the Behavioral Sciences. NY: Academic Press; this in an
approximate effect size; a more accurate figure would be obtained using a “pooled” standard deviation
(Cohen 1969). The causality problem is discussed at length in chapter 6.
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Waiver Program continued to provide care to the same underserved population at the
same site throughout the years covered by the data.

In addition, Table 23 shows that the mean MISU for all physicians was
consistently higher for male than for female physicians by around 1.3, while the mean
MISU for family practitioners was lower than for internal medicine physicians by around
2.2, both results being statistically significant at the 1% level in all years. The difference
between internal medicine physicians and either general practitioners or geriatricians was
small and not statistically significant, while the difference between osteopathic and
allopathic physicians was negligible and not significant. Differences between years
(compared to the base year of 2012) were statistically significant but small.

Disaggregation of the MISU components shows that the MISU differences are
driven by similar contributions from each of the three major components of the MISU,
with the components differing in magnitude but following similar paths through time

(Figure 11).

86



Figure 11: Disaggregation of MISU Components in the Simple Difference in Mean
MISU between Physicians Participating in the J-1 Visa Waiver Program and
Never-Participating Physicians (Adult Primary Care Specialties)

Component Difference with Program Participation
(Visa Waiver, Difference in Means, Primary Care)

Component (Difference in Means)
=
o
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Program-Year

MISU Risk Score Duals ——Rural/urban

Although these results may appear impressive they do not take account of the
diminishing numbers of physicians remaining in the data in the later program-years. As
Table 20 shows, the number of primary care J-1 Visa Waiver Program observations
recorded in the data for program-years 1 and 2 is 47, but by program-year 9 this falls to
18 and by program-year 15 it falls to 10. Although there is some variation in the number
of physicians entering the program each year, the major explanation for this fall lies in
physicians being lost from the data over time due to:

1. switching to a non-primary care specialty;

2. switching to hospital-based care (and so no longer billing under Medicare Part B);
3. switching to a practice operating under Medicare Advantage;
4. leaving the state of Maryland.
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Physicians falling under explanation (2) might be trackable using Medicare Part A
data, but this is beyond the scope of this dissertation; physicians falling under explanation
(3) are not currently trackable unless they also have some practice in traditional
Medicare. However, physicians falling under explanations (1) and (4) can be tracked
through Part B data, using the Maryland Part B data in the former case and national Part
B data in the latter. Table 24 provides a summary of physicians who appear under a non-
primary care specialty for program-years higher than the latest program-year in which
they appear under a primary care specialty, together with physicians who appear in Part
B data for another state in program-years later than the last program-year in which they
appear in Maryland data under a primary care specialty.

Table 24: Physicians Lost to Maryland J-1 Visa Waiver Data by Program-Year and
Type of Loss (Adult Primary Care Specialties Only)

"#P&'()"™  H-" W% | 56*7-'%(8%&ILH.:."[#%!(#$%] 56*7-'%(8 ®IL#H..."I#% >($"2%! (¥
0"12"/3% &' *"1%4"-  %| /(/ &' *"1%4"-%;<-."2$.-# 9 (#$%$(%=$9-'%,$"%# 8'(*%?"$"#-$%
@0 1 1 2
A% 1 5 6
B% 2 1 3
(&) 1 3 4
Do 3 2 5
% 0 1 1
Fo 1 1 2
@% 0 1 1
@% 1 0 1
@B 0 1 1
>($"2#%0 @% (@) Ao

These data show a total loss of 26 physicians from the J-1 Visa Waiver Program
data. Furthermore, we can estimate that the total losses from the 2002-2017 visa waiver
physician data set could be 3 times higher than this (16 years of visa waiver data divided
by 5 years of available year-to-year transitions in the Medicare data), or around 80
physicians. Comparing this figure to the figure of 116 physicians in the primary care visa

waiver data (Table 15) confirms that most of the reducing number of waiver physicians in
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the dataset through time is accounted for by physician losses from the dataset because of
switching specialty or moving to another state.

Net losses are likely lower than this because we also see physicians moving in the
other direction. A small number of switches between states are moves from an approved
waiver site within one state to approved waiver sites within another. Physicians making
approved moves into Maryland are included in the MDH dataset (and this may explain
why some physicians are able to leave their service obligation site after less than three
years in Maryland, having already served part of their obligation in another state). We
might also see physicians switching from non-primary care specialties in Maryland into
primary care specialties, although these would not be included in the present analysis.
Table 25 shows the available numbers. Only physicians who transfer into Maryland
under the auspices of the J-1 Visa Waiver Program can be detected in this way; those
transferring into Maryland after they have already completed their service obligation
would not be detected without access to program participation data from those other
states.

Table 25: Maryland J-1 Visa Waiver Primary Care Physician Gains by Program-

Year and Type of Gain
H#SB6()"™ 4 %% | 56*7-%(8Y&91#... [H#%I" I-3% 56-7-96(8YEILH"TH% | cunoern e
0"12"/3% & *"1%4"- %  8'(%I(/ & *"1%4"- % 1" /-3%8'(*%=$9-'%;$"$-#1% :

2 0 2 2

3 0 4 4

4 0 1 1

5 0 1 1

>$ 296 Gh K% K%

* Only state-approved moves can be detected.

The simple difference of means analysis gives a comparison between J-1 Visa
Waiver Program participants and physicians never participating in either type of
incentive program. The difference-in-difference analysis described in chapter 4 identifies
physician preferences by differencing between waiver program participants’ service in
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the first nine years of program and post-program service and their service from year 10
onwards, based on the assumption that by year 10 these physicians, freed from their
service obligation and most of the post-obligation career inertia that left them continuing
in work with underserved populations, have attained the location and type of practice that

suits their preferences. These results are shown in Table 26.
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The DD analysis requires careful interpretation. Because the event study method
stretches six years of PUF data across 16 or so years of program participation data, the
data forms an unbalanced panel with limited “reach” — that is to say, information from
program-years 10 and above (which in this DD analysis are used as the untreated
treatment grouping) cannot influence the DD coefficient analysis more than six program-
years earlier. Results prior to program-year 5 therefore simply default to the difference-
in-means results. Nevertheless, the DD results indicate the progress of the shift in MISU
and its components taking place, starting in year 5, towards the mean of the values they
will attain in years 10 and above.

Taking this into account, we observe the drop in MISU towards its average
longer-term value (i.e. the average MISU for program-years 10 and over) taking place
gradually from year 5 to year 10, as we would expect. However, disaggregating the
components of the MISU fleshes out this story, with Figure 12 showing that the steepest
drop occurs in the rural/urban component, being effectively complete by program-year 7,
while the fall in the need component (for which risk score serves as a proxy) and,
especially, the low-income component (for which the dual eligible variable serves as a
proxy) lag behind. This suggests that the drop in MISU that occurs immediately after the
service obligation period in the DD analysis is driven by a tranche of participants leaving
rural practices and is then continued by a more gradual fall in service to poor and high-
need populations. A rapid initial loss of J-1 Visa Waiver Program physicians from rural
sites is also indicated by other research ((Crouse & Munson, 2006; Kahn et al., 2010;
Opoku et al., 2015), but a new finding here is the persistence of service by waiver

program physicians to low-income and high need groups, even with the use of a
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difference-in-difference measure that likely presents conservative estimates for all the

components of the MISU.

Figure 12: Disaggregation of MISU Components for J-1 Visa Waiver Physicians

IHE V& Y0' () ++8&, 8&Y6-&(*Vb()*++&,8&%6-&

in the Non-Traditional Difference-in-Difference Analysis (Adult Primary Care
Specialties)

Component Change with Program Participation
(Visa Waiver, Difference in Difference, Primary Care)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Program Year

MISU Risk Score Duals ——Rural/urban

Inspection of the actual dataset reveals that none of the J-1 Visa Waiver Program

physicians transferred from rural to urban primary care practices, confirming that the

rural-based physicians were simply the ones most likely to exit from the dataset. This

conclusion is reinforced by a separate calculation that showed an average of 28% of the

waiver physicians worked in rural locations in program-years 1 through 9 compared to

only 15% in program-years 10 and beyond.

State Loan Repayment Program Analysis

Table 27 presents the results of an analysis of State Loan Repayment Program

physicians using a simple difference of means analysis for program-year cohorts -5

through 16 and includes “placebo” results for the program-year cohorts prior to the
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commencement of the service obligation. In these tables the year in which program
participation begins is labelled program-year “1” and the last year before the year in
which participation begins is labelled program-year “-1”, i.e. there is no year zero.
Although some participants enrolled in continuation awards after completing their initial
service obligation (14 of the 57 physicians, 24.6%), and one of the 14 enrolled in two
continuation awards, most served only one obligation period and all program-years are

measured from the initial program enrollment.
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2015.year S1398HEE ] 398FFF ] 397REE ] 308%*E ] 308%kk ] 397wk ] 4O0FFF -] 399%F ] 399k ] 3Q7wkk ] 300wk ] JOTRER ] 397RER ] 397REE ] 30Q%kk ] 300wk ] JOREEE | 397k ] 399%k*k ] 308%kk  _] 3G
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famprac D164FFE D 172REE D 1T5RER D 164%FE D 148 D 134k D STRRE D TIRRE D ISIRRE D [34%k D3RR D 60FFE LD 170%FF L2 166%FFF 2 172%k D 175%ex D 185kRE LD 184k D [80FFE D I81FKE D163k
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+ Program-year is measured from the commencement of obligated service.
Standard errors in parentheses
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Avge. 9 year equivalent HPSA score: 8.5
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The results for physicians participating in the State Loan Repayment Program
show a higher level of service to the underserved, as measured by the MISU and
compared to those who never participated, that is statistically significant at the 1% or 5%
levels from the first year of participation through the 7" year, with the exception of
program-year 2, where the difference is not significant, and program-year 3, where the
difference is only significant at the 10% level. The magnitude of the difference is
positive through year 15 and averages out to a mean program vs. non-program difference
in MISU of 9.2 over the first six years and 8.5 over the first 15 years, despite the duration
of the initial service obligation being only 2 years.

As with the J-1 Visa Waiver Program analysis, this result can be given
perspective by noting that the mean MISU for all physicians in adult primary care
specialties in Maryland across the years of available PUF data is 40.4 with a standard
deviation of 13.1. The difference between participating and non-participating State Loan
Repayment Program physicians through year 6 is therefore around 0.72 standard
deviations, which would typically be considered a moderate to large effect®®. Given that
a one point increase in HPSA score was found during the index calibration procedure to
be equivalent to a 0.98 increase in MISU (see Table 13), a difference of 9.2 in MISU can
be equated with an increase in HPSA score of 9.4. As in the waiver program results, this
result refers to physicians’ case mix and does not show that they continued to provide
care to the same underserved population at the same site throughout the 16 years of the
service obligation and post-obligation period.

Table 27 also shows that the mean MISU for all physicians was consistently

higher for male than for female physicians by around 1.3, while the mean MISU for
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family practitioners was consistently lower than for internal medicine physicians by
around 2.2, both results being statistically significant at the 1% level in all years and
almost identical to the results for J-1 Visa Waiver physicians. The difference between
internal medicine physicians and either general practitioners or geriatricians was small
and not statistically significant, while the difference between osteopathic and allopathic
physicians was negligible and not significant. Differences between years (compared to
the base year of 2012) were statistically significant but small.

Disaggregation of these results suggests a large increase in the rural component
beginning as an anticipatory effect in the year before program enrollment, followed by an
increase in the low-income component that lags behind and peaks about two years later
(Figure 13). However, whereas the rural component remains high throughout the State
Loan Repayment Program physician career, there is no increase in the need (risk score)
component while the increase in the low-income component has disappeared by program-

year 8.
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Figure 13: Disaggregation of MISU Components for State Loan Repayment
Physicians in the Difference in Means Analysis (Adult Primary Care Specialties)
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A separate analysis showed that an average of 25% of the primary care State Loan
Repayment Program physicians were working in rural locations in program-years 1
through 9 compared to 31% in program-years 10 and beyond. However, inspection of the
data showed that none of the loan repayment program physicians transferred from urban
to rural primary care practices during the available years of data. It is possible that the
increase in the rural component over time was due to changes in who was being recruited
into the program.

As with the J-1 Visa Waiver Program results, the results for the State Loan
Repayment Program do not take account of the diminishing number of physicians
through time. However, these losses through time are much lower than in the visa waiver
program. Table 28 provides a summary of loan repayment physicians who appear under

a non-primary care specialty for program-years later than the latest program-year in
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which they appear under a primary care specialty, together with physicians who appear
in Part B data for another state in program-years later than the latest program-year in
which they appear in Maryland data under a primary care specialty.

Table 28: Physicians Lost to Maryland State Loan Repayment Program Data by
Program-Year and Type of Loss (Adult Primary Care Specialties)

Last Program-Year in | Number of Physicians Lost to | Number of Physicians Total Lost
Maryland Primary Care | non-Primary Care Specialties Lost to Other States | from Dataset

-1 0 1 1
11 1 0 1
Total 1 1 2

These figures show a loss of only 2 physicians from the State Loan Repayment
Program data. Even compensating for the fact that losses can only be detected from year
transitions within the 2012-2017 Medicare data as we did for the J-1 Visa Waiver
Programs, we can estimate the total losses from the 2002-2017 loan repayment physician
data set to be only 6 physicians. Comparing this figure to the figure of 57 physicians in
the primary care visa waiver data (Table 15) suggests that few loan repayment physicians
are lost from the dataset because of switching specialty or moving to another state.

The net losses may be lower than this because physicians can also move in the
other direction, i.e. into Maryland from another state. Moves into Maryland in this table
likely involve physicians formerly participating in the Maryland loan repayment program
but whose practice was temporarily in a neighboring state, given that moves that take
place from another state into Maryland after completion of the service obligation period
cannot be detected in this data. We may also see physicians who switch from non-
primary care specialties in Maryland into primary care specialties, although these are not

included in the present analysis. Table 29 shows the available numbers.
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Table 29: Maryland State Loan Repayment Physician Gains by Program-Year and
Type of Gain (Adult Primary Care Specialties)

First Program-Year in | Number of Physicians Gained Number of Physicians Total
Maryland Primary Care from non-Primary Care Gained from Other States | Gained
7 1 1 2
Total 1 2

One interpretation of the State Loan Repayment Program difference-of-means

result is that the effect of the program is to increase physicians’ level of service to the

underserved by a substantial margin, and, furthermore, that these physicians (through the

acquisition of either particular skills or particular preferences) continue to work with

underserved patients for a period well beyond their service obligation period. However,

another interpretation is that physicians who participated in the loan repayment program

were those with a prior preference for working with underserved patients (or in

underserved areas) and are therefore unaffected by participation. As described in chapter

4, the difference-in-difference method is designed to address this dilemma. Table 30

shows the results of the non-traditional difference-in-difference analysis described in

chapter 4, differencing across the program-year 10 boundary.
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Table 30: Non-Traditional Difference-in-Difference for MISU between Physicians Participating in the State Loan Repayment Program and Never-Participating

Physicians (Adult Primary Care Specialties, Differencing Across Program-Year 10 Boundary)

Program-year| -1 | 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 10 11 12 13 14 15 16
Loan repayment 7.767 11.68%* 5.980 7.732% 9.649%+* 5.830% 6.959%* 2.559 2.184 3.084%%+ 1.410 -1.108 -1.221 1.364 1.840 0.726 0.364
(6.668) (5.535) (4.702) (4.368) (3.674) (3.123) 3.177) (4.168) 2.972) (1.098) (1.583) (0.888) (1.464) (1.013) (1.354) (1.040) (0.708)
2013.year -0.886*F%  -0.883%F%  0.886%FF  -0.883FxF  L0.883*ME  LQ.882FE*  _.889FKE  _0.874FxE  _089I%KE  0.883%EE  _O8RIMEE  0883FKE  _0882EKE  _0884%EE  0.884¥EE  _0.884HHx -0.884% %
(0.0874) (0.0874) (0.0874) (0.0874) (0.0874) (0.0874) (0.0874) (0.0878) (0.0876) (0.0874) (0.0874) (0.0874) (0.0874) (0.0874) (0.0874) (0.0874) (0.0874)
2014.year S1296%F  L1206%EE  1206%KE  1297HRE L] 204%KE ] 0QwEk [ DQTREE [ D8QWKE L] DO5%RE | QQ7%EE ] D04WEK [ D96FKE | D94%KE [ D97HRE L] 205%EE ] D95HEx -1.295%%
(0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104) (0.104)
2015.year 1392%R L1 300REE 1304k 392wk L] 30%Rk ] 38R%EE [ 3040k [ 383wk [ 302%kk ] 300%k% ] 389Wx [ 302Kk [ 302k [ 303%kk ] 304%kx ] 39]mex -1.391%5x
(0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113) (0.113)
2016.year SL350%RE L1360%E%  136DMEE 1360%RE L]358%RE L] 358%EE 136206 353K [ 360%FE L1 360%FF  1357MR% [ 360%kE [350%kE [ 350%kE ] 361%EX ] 3600 -1.359%5x
(0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122) (0.122)
2017.year -0.253* -0.251% -0.255* -0.254* -0.253* -0.247* -0.256* -0.246* -0.253* -0.251% -0.249* -0.253* -0.252% -0.253* -0.253* -0.253* -0.253*
(0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) (0.138)
male 1330%9%  1310%k% 1209k 303k [308%RE 1285WEX 12720k [D60%KE [260%FE  1273%Rk 1279%kx D8RR [280%FF  [280%KF [281%KE ] 280%k 1.280%%
(0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364) (0.364)
do 0.308 0.242 0.506 0.590 0.515 0.518 0.540 0.604 0.456 0.456 0.459 0.468 0.464 0.460 0.459 0.461 0.462
(0.997) (0.994) (1.003) (0.998) (0.993) (0.994) (0.994) (0.998) (0.996) (0.997) (0.995) (0.997) (0.997) (0.996) (0.996) (0.996) (0.996)
famprac D21 106% 213000 21440 D [04%RE D [04%Ex D 120%k 120K D I36%RE D [08%EE D141 D136FKE D137RRE I38%RE D I38%Rx ) |38k 2,137k
(0.468) (0.468) (0.469) (0.469) (0.468) (0.468) (0.468) (0.468) (0.468) (0.468) (0.469) (0.469) (0.469) (0.469) (0.469) (0.469) (0.469)
genprac -0.688 -0.679 -0.689 -0.694 -0.688 -0.683 -0.688 -0.693 -0.694 -0.689 -0.693 -0.692 -0.692 -0.693 -0.693 -0.693 -0.692
(0.899) (0.898) (0.899) (0.899) (0.898) (0.898) (0.898) (0.898) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899) (0.899)
geriat -0.265 -0.261 -0.268 -0274 -0.265 -0.260 -0.265 -0.266 -0.268 -0.267 -0.270 -0.269 -0.269 -0.270 -0.270 -0.269 -0.269
(1.192) (1.192) (1.192) (1.192) (1.192) (1.192) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191) (1.191)
Constant 4149%%%  4150%F 415000 4150%FF 414900 41STRRE 41STRRE 4152 41SBERE 4152RE 41SDTRRE 4152FRE 41STRRE 415D 415100 415]% 415100
(0.307) (0.307) (0.307) (0.307) (0.306) (0.306) (0.306) (0.306) (0.307) (0.307) (0.307) (0.307) (0.307) (0.307) (0.307) (0.307) (0307)
Observations 19,972 19,975 19,979 19,980 19,981 19,982 19,982 19,984 19,982 19,977 19,963 19,963 19,963 19,963 19,963 19,963 19,963
Number of npi 4,666 4,669 4,673 4,674 4,675 4,674 4,671 4,670 4,665 4,660 4,657 4,657 4,657 4,657 4,657 4,657 4,657
Tx Observations 9 12 16 17 18 19 19 21 19 14 18 17 1 8 8 8 5

+ Program-year is measured from the commencement of obligated service.
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Avge. 6 year equivalent HPSA score: 3.7

Avge. 9 year equivalent HPSA score: 2.4
Avge. 15 year equivalent HPSA score: 1.6
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The results are weaker than those for the difference-in-means analysis and show
that, for female, internal medicine, allopathic physicians participating in the State Loan
Repayment Program, we observe a higher level of service to the underserved, as
measured by the MISU and compared to those who never participated, that is statistically
significant in some but not all years through program-year 6. For the same reason as in
the J-1 Visa Waiver Program analysis, this DD analysis only provides differencing
information for program-years 5 and earlier, defaulting to the difference-in-means values
for prior program-years.

In the disaggregated results (Figure 14) we observe little increase in the need (risk
score) component, which seems surprising given the known link between underserved
populations and high medical need (Office of Disease Prevention and Health Promotion,
(ODPHP), n.d.), while increases in rural and low-income components have disappeared

or almost disappeared by years 5 and 7 respectively.
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Figure 14: Disaggregation of MISU Components for State Loan Repayment
Program Physicians in the Non-Traditional Difference-in-Difference Analysis
(Adult Primary Care Specialties)
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For completeness we show in Table 31 the results of a traditional pre-post
treatment DD analysis, in which program-years -5 through -2 are taken to indicate
physician preferences (in this analysis the last year prior to beginning the service
obligation period is omitted from the pre-treatment group order to limit bias from
possible anticipatory effects (Wing et al., 2018). In this analysis the “reach” of the
differencing data is only up to program-year 4 (see the discussion on the limitations of
differencing in unbalanced panels in the J-1 Visa Waiver Program section). The DD
coefficient, representing the change in MISU in the treatment group during and following
program participation, barely rises above zero in the years for which it is a valid measure,
suggesting that there is little to no change in MISU as physicians enroll in the State Loan
Repayment Program. The implication is that enrollment in the program for physicians

who are already in practice is primarily opportunistic rather than amounting to a change
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in their practice location or type, and that most of the difference-in-means increase in
MISU in the initial years of program participation is driven by newly qualifying
physicians. It is not possible to confirm this using the available data because the
traditional pre-post treatment DD analysis cannot provide information about physicians
who do not begin their professional practice until the year before they enroll in the loan
repayment program, there being no prior practice to difference with. The relatively low
number of observations in the remaining pre-obligation years (no more than four per
event year, only 12 in total, and derived from only 5 physicians) considerably limits the
power of the traditional DD result, meaning that anticipatory effects more than one year
ahead of enrollment cannot be ruled out and therefore leaving open the possibility that
these 5 physicians may have opted for their practice locations in anticipation of

eventually enrolling in the loan repayment program.
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Table 31: Traditional Pre/Post Difference in Difference for MISU between Physicians Participating in the State Loan Repayment Program and Never-Participating
Physicians (Adult Primary Care Specialties)

Program-yeart| -5 | 4 | 3 | a2 | a ] 1 2 3 | a4 ] s ] s 7 8 9 10 11 12 13 14 15 16
Loan repayment | 3.563***  0.505 2113 0833 2.885 1.555 2398 6.852%  0.780%%*  10.53%%*  9.389%**  8203%*  6216*  8.008%  8.478%  5.042 5.081 9.886 10.83 9.912 2.199
(0.0945)  (1115)  (1.855)  (2590)  (2553)  (3.995)  (3.176)  (3522)  (3.678)  (3.616)  (3.598)  (3.334)  (3487)  (4.405)  (4.422)  (4343)  (6.097)  (7441)  (7.716)  (7.629)  (7.437)
2013.year S0.878%H%  L0.879%F%  L0.870%F% 0.880%* 0.882%F% 0.8T7HEE Q.8RIFFK  0.879FE*  0.879%F* Q.88IFF*  _0.880%F* _0.878F* _0.880F*F -0.880%* _0.881FHF _0.878FKF 0.880%*F -0.880%**F _0.880%*F -0.880%** -0.880%**
(0.0876)  (0.0876)  (0.0876)  (0.0875)  (0.0876)  (0.0876)  (0.0876)  (0.0876)  (0.0875)  (0.0876)  (0.0876)  (0.0876)  (0.0875)  (0.0875)  (0.0875)  (0.0876)  (0.0876)  (0.0875)  (0.0875)  (0.0875)  (0.0875)
2014.year S1.295% K L1 206% K L] 206X L] 297REK L] 20R¥EK L] 20GREK L] 205FK ] 29QREK | D9SKER | D9EREK ] D9THEK | 204K | DOSEKE ] D9THEX ] D9QREE | D9EFKE [ DOSEKE | DTHRE | D96FKE ] D96%KE -] 296%**
(0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)  (0.104)
2015.year S1.397%% 1] 308k% L] 308%E ] 308%HK L] 300%k% ] 300%k% | 4QIFEK ] 399%Hx ] 300%kk ] 397Rkx ] 309kkx | 397Hk | 397eE ] 397Rx ] 390k | 300%kk | 308HkE | 37Hkk | 390%kk | 308%kk | 3984k
(0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)  (0.113)
2016.year SL362%HE L1362%% L1 362%FK  L1363%F% L1 364%F L1 367FFF  L1366%FF  1364%F% L1 362%FF  L1365%F%  J1363F0%  13620F 1 3620F ] 3620%  13640F [ 3630F [ 363FKE 363K [ 361RE ] 364%%E -] 363%%%
(0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)  (0.122)
2017.year -0255%  -0255%  -0255%  -0256*  -0257%  -0256*  -0260%  -0258%  -0256*  -0255%  -0258%  -0254*  -0255%  -0255%  -0256*  -0255%  -0257%  -0256*  -0256*  -0254%  -0.256*
(0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.138)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)  (0.139)
male 1307%%  1.307%0%  1307%F%  1308%F%  1360%F% 1334wk 1316%E 1323 1335wk [ 341k [331%Ex 13420 [33@Rer [ 308%Ex 1 301%Ex 1258 [ 263k [5RRKE ] 2720% [ 7[Rk [ 280%KH
(0363)  (0363)  (0363)  (0363)  (0364)  (0364)  (0364)  (0363)  (0363)  (0363)  (0363)  (0.363)  (0.363)  (0.363)  (0.364)  (0.364)  (0.363)  (0.364)  (0.364)  (0.364)  (0.363)
do 00102 00138 00157 00140  -0.121  -0.126  0.0841  0.151 0.0747 00344  0.182 0.250 0.145 0.142 0.320 0.370 0.193 0.135 0.131 0132 0.0703
0971)  (0971)  (0.971)  (0971)  (0.973)  (0.967)  (0.981)  (0.974)  (0.969)  (0.969)  (0.970)  (0.973)  (0.974)  (0.974)  (0.974)  (0.974)  (0.974)  (0.972)  (0.973)  (0.973)  (0.970)
famprac DA70%EE 17D D 170%EE D I71%EE D 135%R D 000%kE D [33kx D IETRIK LD ISRREE D I41REE D 145REx D 175MeE D77k 1720k 1790k D I8IREE D 191kKE D I9IkKE D 87RKE D 188HKE D ]70%kk
(0.469)  (0.469)  (0.469)  (0.469)  (0.469)  (0.468)  (0.468)  (0.468)  (0.468)  (0.468)  (0.468)  (0.468)  (0.468)  (0.469)  (0.469)  (0.469)  (0.469)  (0.469)  (0.469)  (0.469)  (0.469)
genprac 0700 0700 -0.700  -0700  -0.690  -0.677  -0.688  -0.699  -0.695  -0.689  -0.690  -0.703  -0.703  -0.701  -0.701  -0.699  -0.704  -0.703  -0.703  -0.703  -0.698
(0.899)  (0.899)  (0.899)  (0.899)  (0.898)  (0.898)  (0.898)  (0.899)  (0.899)  (0.898)  (0.898)  (0.899)  (0.899)  (0.899)  (0.899)  (0.899)  (0.899)  (0.899)  (0.899)  (0.899)  (0.899)
geriat 0275 0275 -0275  -0276  -0266  -0252  -0265  -0276  -0271  -0265  -0266  -0277  -0277  -0276  -0279  -0280  -0283  -0.283  -0282  -0283  -0275
(1.190)  (1.190)  (1.190)  (1.190)  (L.191)  (L.191)  (LI91)  (L191)  (1.190)  (L.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)  (1.190)
Constant 4150%%F  4150%F%  4150%F% 415005 41ARFRE 4150%EX 4150%KF 4149%FE  41ARHE 41ATRE 41ATERE ALATERE A1ARFFE 4148%%F 4149%FF 41STRE 4152FRE 41536k 415286 4150%0%% 4].5]%
(0306)  (0306)  (0306)  (0306)  (0.307)  (0307)  (0306)  (0.306)  (0306)  (0306)  (0.306)  (0.306)  (0.306)  (0.307)  (0.307)  (0.307)  (0.307)  (0.307)  (0.307)  (0.307)  (0.306)
Observations 19901 | 19901 [ 19901 | 19901 | 19910 [ 19913 [ 19917 | 19918 | 19919 [ 19920 | 19920 | 19922 [ 19920 [ 19915 | 19918 | 19918 [ 19912 | 19909 | 19909 [ 19,909 | 19,906
Number of npi 4,640 4,640 4,640 4,640 4,645 4,649 4,653 4,656 4,658 4,659 4,659 4,661 4,659 4,654 4,657 4,657 4,651 4,648 4,648 4,648 4,645
Tx Observations 1 3 4 4 9 12 16 17 18 19 19 21 19 14 18 17 1 8 8 8 5

+ Program-year is measured from the commencement of obligated service.
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Avge. 6 year equivalent HPSA score: 6.9
Avge. 9 year equivalent HPSA score: 7.1
Avge. 15 year equivalent HPSA score: 7.6
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This picture remains similar when the components of the MISU are disaggregated
(Figure 15), with the initial peak in rural/urban component seen in the difference of
means analysis again not present, although there is a large early peak in service to low-
income populations.

Figure 15: Disaggregation of MISU Components for State Loan Repayment

Program Physicians in the Traditional Difference-in-Difference Analysis (Adult
Primary Care Specialties)
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Interaction Terms

Adding interaction terms to the regression equations used for this analysis makes
it possible to separate out the influence of physician characteristics, such as why male
physicians were serving a more underserved population than females. This was done for
both program types.

J-1 Visa Waiver Program, difference-in-means: Adding an interaction term for

male and family practitioner reduced the coefficient for being male, which was then
insignificant, and made the coefficient for being a family practitioner more negative. The
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interaction term itself was positive and larger than the coefficient on being male in the
specification without interactions. For other specialties, interactions for gender with
either general practice or geriatrics did not produce significant results. These findings
can be interpreted as meaning that the reason the coefficient on male was positive and
significant in the specification without the interaction term was that male family
practitioners are working with a more underserved population on average than female
family practitioners, while that this was not the case for other primary care specialties
(which principally means internal medicine). Interactions between the DO term and
specialty showed a large positive coefficient significant at 10% in non-robust errors but
came from only 2 physicians and did not change other results.

State Loan Repayment Program, difference-in-means: the same interaction effects

were found as in the J-1 Visa Waiver Programs.
Sensitivity Analysis

Several types of sensitivity analysis were conducted in order to explore the effect
of varying the assumptions and specifications used in the primary analysis. These are
described in turn.

Calibration Method

An important limitation of the method used in this study is its reliance on
traditional HPSA scores for the process of calibrating the MISU and weighting its
components. As a check on the validity of this approach an alternative calibration
process was conducted using county health ranking data for the 24 Maryland counties for

2017%. While this approach suffers from the same problematic reliance on area-based

49 https://www.countyhealthrankings.org/app/maryland/2019/downloads
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data that the HPSA approach uses it does have the advantage of abandoning physician-to-
population ratios in favor of actual health outcomes. Figure 16 shows the alternative
difference-in-means for waiver physician MISUs based on Z scores for premature death,
a measure likely to be of particular relevance to the Medicare population, while Figure 17
presents the equivalent data for State Loan Repayment Program physicians.

Figure 16: Simple Difference in Mean MISU between Physicians Participating in
the J-1 Visa Waiver Program and Never-Participating Physicians (Adult
Primary Care Specialties, MISU based on County Premature Death Rankings
Calibration Method)
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Points show value of difference in means; whiskers indicate 95% confidence intervals.

With the exception that the magnitude of the increase in MISU associated with J-
1 Visa Waiver Program participation is lower, this alternative result for waiver program
physicians closely resembles that for the MISU calibrated on HPSA scores seen in Table
23, with a statistically significant and persistent increase in MISU associated with waiver
program participation that continues for several years beyond the service obligation

period, disappearing by program-year 10. Based on 6, 9 and 15 year averages the
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difference amounts to 0.75, 0.66 and 0.33 MISU standard deviations - lower than when
using the HPSA calibration but arguably amounting to at least a moderate effect through
program-year 9. This appears to broadly validate the MISU calibration method used.
Figure 17: Simple Difference in Mean MISU between Physicians Participating in
the State Loan Repayment Program and Never-Participating Physicians (Adult

Primary Care Specialties, MISU based on County Premature Death Rankings
Calibration Method)
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The story is a little different with the State Loan Repayment Program physicians.
Although the difference in mean MISU is still mostly positive, it is again smaller than
with the HPSA-calibrated MISU and statistically significant at the 5% level only in
program-years 3 and 4. The increase in MISU associated with participation in the loan
repayment program through years 6, 9 and 15 amounts to only 0.36, 0.28 and 0.12 MISU
standard deviations.

One possible explanation for the lower MISU scores in this sensitivity analysis is

that it relies on county-level data, whereas HPSA data is often at a finer level of
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aggregation and therefore better able to track actual differences in underservice. Another
explanation may be the much lower weighting of rural location that emerged in the
county health rankings calibration process than in the HPSA score calibration. Table 32
shows the results of the regression on county health rankings Z-scores from which
coefficients were extracted as weightings for the components of the county health
rankings version of the MISU.

Table 32: Regression on County Premature Death Z Scores with Preferred Proxy
Variables and Controls

Source SS df MS Number of obs = 20,505

F(18, 20486) = 225.09

Model 9367.72257 18 520.429032 Prob > F = 0.0000

Residual 47364.7134 20,486 2.31205279 R-squared = 0.1651

Adj R-squared = 0.1644

Total 56732.436 20,504 2.76689602 Root MSE = 1.5205
ZScore Coef. Std. Err. t P>t Beta
male -.0914246 .0219089 -4.17 0.000 -.0271868
do -.1616108 .0509221 -3.17 0.002 -.0206866
famprac -.2079583 .0266393 -7.81 0.000 -.0555104
genprac -.1404734 .0774264 -1.81 0.070 -.0117794
geriat .2083547 .1005797 2.07 0.038 .0133046
std_averagehccriskscore_3 .0218628 .0010771 20.30 0.000 .2744648
std_pcnt_dualcount_3 .0082569 .0005524 14.95 0.000 .1175356
std_rural_urban_binary_3 .0009562 .0004668 2.05 0.041 .0133897
std_pcnt_isch_3 .0057453 .0008169 7.03 0.000 .0846277
std_pcnt_diab_3 -.0027163 .0008431 -3.22 0.001 -.0324361
std_pcnt_hpl_3 -.0138192 .0006369 -21.70 0.000 -.202704
std_pcnt_hypert_3 .0149905 .000701 21.38 0.000 .1938944
std_pcnt_ckd_3 -.0055174 .0009952 -5.54 0.000 -.0906203

year
2013 .043396 .0374143 1.16 0.246 .0096362
2014 .0754442 .0374277 2.02 0.044 .0168348
2015 .036535 .0375258 0.97 0.330 .0082024
2016 .0207938 .0384454 0.54 0.589 .0046835
2017 -.099863 .0395197 -2.53 0.012 -.0228311
_cons -.8963981 .0589604 -15.20 0.000

Compared to the weightings obtained in the HPSA score calibration method we
see a higher weighting for risk score and a much lower weighting for rural/urban location

in the county health rankings calibration method, with the dual-eligible component
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somewhere in the middle (Table 33). Comparing Figures 16 and 17 with Figures 11 and
13 we see that the county health rankings version of MISU, which gives a much lower
weighting to rural/urban location than the HPSA version, results in reduced MISU
differences for the J-1 Visa Waiver physicians when compared to non-participating
physicians, but even smaller MISU differences for the State Loan Repayment Program
physicians. If we take note that the change in calibration method changes the value of
MISU but not the component breakdown, we can understand that this occurs because
loan repayment physician MISU in the HPSA calibration method was largely driven by
the rural-urban component while that for the waiver program physicians was driven by all
three components.

Table 33: Comparison of Weightings of MISU Components in Alternative

Calibration Methods

HPSA Score Method Premature Death Rankings Method

Proxy Variable Weight applied P value Beta Weight applied P Beta

(=coefficient*) coefficient (=coefficient*) value coefficient

HCC Risk Score 0.00640 0.411 0.025 0.0228 0.000 0.286
Dual Eligible 0.0544 0.000 0.207 0.0081 0.000 0.115
Whether MSA 0.0654 0.000 0.281 0.0001 0.760 0.002
Ischemic Heart Disease 0.0648 0.000 0.269 0.0059 0.000 0.087
Hyperlipidemia -0.0279 0.000 0.116 -0.0139 0.000 -0.204
Diabetes -0.0287 0.000 0.089 -0.0032 0.000 -0.038
Hypertension 0.0218 0.000 0.102 0.0155 0.000 0.200
Chronic Kidney Disease -0.0151 0.021 0.068 -0.0050 0.000 -0.082

* Regression includes year fixed effects

Varying the Program-Year Boundary Used in the Non-Traditional Difference-in-
Difference Analyses

As related earlier in this chapter, the decision to use program-year 10 as the
differencing boundary for the non-traditional analysis limited the reach of the
differencing to a six-year span (i.e. differencing does not occur prior to program-year 5).
One way of reducing this limitation (and extend the reach of the differencing calculation)
is to move the differencing boundary to an earlier program-year. However, because the

retention effect is likely stronger in earlier program-years than program-year 10 (as used
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in the main analysis) such a move would like bias results for program effect downward.
To see the effect of varying that boundary we repeated the analysis using program-years
6 and 7 as the differencing boundary. The results are presented in Figure 18 and do show
the expected downward bias when using earlier differencing boundaries. However, it is
difficult to know exactly how best to interpret this downward trend given the loss of
physicians from the dataset that is simultaneously occurring, and the ideal way to
overcome this differencing limitation is to obtain more years of data, which is
unfortunately not possible at this time if relying on the Medicare PUF.

Figure 18: Sensitivity Analysis: Comparison Between Alternative Differencing
Boundaries in Difference-in-Difference Analyses, J-1 Visa Waiver Program
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Varying the Specialties Used for Selection of Primary Care Physicians

In discussions with MDH officials it emerged that they generally regard
psychiatry (which plays an important role in addressing the current opioid epidemic) and

obstetrics & gynecology as primary care specialties in addition to the four specialties we
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included in the primary analysis. We therefore tested the effect of adding, first,
psychiatrists and, second, psychiatrists and obstetrics & gynecologists to the primary care
analysis. Figure 19 shows a comparison between the three methods for the J-1 Visa
Waiver Program. It can be seen that including psychiatry as a primary care specialty
reduces the apparent program effect by about three MISU points up to program-year 5,
after which the three methods show broadly similar results. The constant is also reduced
by around three MISU points. Adding ob/gyns makes virtually no additional difference,
although in the regression results the coefficient on ob/gyn is large and negative (around
minus 8 and highly significant). These results can be interpreted as indicating, firstly,
that psychiatrists in general are not recording MISU scores as high as those of other
primary care specialties, and, secondly that, as with family practitioners, ob/gyns are
likely not treating complex Medicare cases. In the State Loan Repayment Program
analysis, the addition of psychiatrists and ob/gyns increased the value of MISU in
program-years -5 through -2 considerably but had only very slight impact on the results
in all later program-years. It is likely that psychiatrists recruited into the loan repayment
program mostly have substantial pre-enrollment experience serving underserved

populations.
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Figure 19: Sensitivity Analysis: Comparison Between Alternative Specifications for
Primary Care, J-1 Visa Waiver Program
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Varying the Imputed Value for Censored Medicare Data Cells

In chapter 3 we noted that in the Medicare data cells containing data from 10 or
fewer patients are censored. In the calibration process, to avoid the loss of too much
information, we replaced censored cells with values based on censored cells having
values based on one patient only. In the sensitivity analysis we compared three
alternative methods of imputation, substituting values based on 1 patient, on 5 patients,
and on leaving the imputed value as “missing”. The results for the J-1 Visa Waiver
Program are shown in Figure 20. No difference can be seen between imputing missing
values as 1 or 5; leaving the censored cells as missing values (effectively dropping those
cells from the analysis) appears to bias the results towards the mean, which is the result to
be expected when dropping information from the analysis. The comparison when using

the State Loan Repayment Program (not shown) again showed no difference between
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using 1 or 5 as the imputation value, and again only slight differences when leaving
censored values as missing.

Figure 20: Sensitivity Analysis, Comparison Between Alternative Imputation
Values for Censored Data, J-1 Visa Waiver Program
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Note: The lines for imputation values of 1 and 5 are so close as to be indistinguishable here.
Meeting with Key Maryland Department of Health Officials

The enthusiasm of MDH officials for this research opened up an opportunity to
review the MISU model and its findings and limitations with people engaged on a daily
basis in addressing the problem of underservice across the state. This opportunity was
primarily realized through a number of phone calls and email conversations, followed by
a one-hour presentation to members of the state’s Office of Population Improvement

attended by, among others, the state’s Director of Population Health Improvement and
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Directors of Primary Care and of the Office of Rural Health. The main points from the
meeting can be summarized as follows:

e Staff commented that the estimate of physicians serving in state fully-funded loan
repayment programs nationally, shown in Table 1 (1,306), seemed low and that
states might well be operating at higher program capacity than this.

o Staff felt the definition of “primary care” used in the study was too narrow and
pointed to the role of psychiatrists in responding to the opioid epidemic. They
would also regard the specialties of pediatrics and obstetrics/gynecology as
primary care disciplines (although the latter two specialties might not have a
strong role in Medicare).

e On the problems encountered during the physician name-matching required to
link between data sources, staff commented that they have already begun making
sure that NPI numbers are collected during the application process for their
physician incentive programs.

e It was also noted that states are now required to report fully on physicians’
services for their state through HRSA’s Shortage Designation Management
System, via individual physician data.

e One area of particular interest for OPHI staff was the potential for the MISU to be
adapted to track particular aspects of health need. For example, diabetes was a
current state priority. They were pleased to hear that such adaptation could
readily be made and promised to reach out during the coming months to take

advantage of this potential.
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e Maryland are already investigating other states’ best practices in regard to
physician incentive program administration, including sending delegations to visit
other state Primary Care Offices.

e As the organizational chart for OPHI shows, Maryland is one of the states that is
already making efforts to align its administration of physician incentive programs
with its strategic planning of efforts to improve healthcare overall by bringing
many of these functions together under a single administrative umbrella (Figure
21).

Figure 21: Organizational Chart for Maryland State Office of Population Health
Improvement®® 3!

Director

School Operations

Health and Grants DepUty DireCtor

State Health

Improvement Office of Rural Primacy Care Workforce
Process Health Office Programs
Manager

Local
Prevention
Programs

50 Adapted from the full organizational chart kindly shared by Maryland Department of Health.

5! Maryland’s State Health Improvement Process uses 39 measures to highlight the health characteristics of
Marylanders. The measures align with Healthy People 2020 objectives. Many other states have similar
initiatives in place (Marshall, Pyron et al. 2014).
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Limitations of the Analysis

The analysis suffers from a number of limitations. First, restriction of the analysis
to Medicare, to primary care physicians and to Maryland will result in some physicians
who participated in Maryland incentive programs nevertheless being not found in the
PUF (because they have 10 or fewer Medicare patients, do not work in primary care or
left the state of Maryland prior to the earliest year of PUF data). It may also, because of
data censoring in the PUF dataset, result in a biased sampling of physician case mix for
physicians who appear in the PUF dataset but whose patient case mix is mainly focused
on non-Medicare patients. Also, data from Medicare Advantage and Medicare Part A are
not included.

Secondly, it is important in any study to maintain separation between the control
group and any subjects receiving treatment. Although the MDH dataset made it possible
to take account of the main Maryland physician incentive programs, the control group
will still have been contaminated by a number of physicians who participated in other
incentive programs (mainly the NHSC federal loan repayment program, but also a small
number of NHSC and state scholarship and other programs), likely biasing the results
downwards.

Thirdly, there are known limitations to event study methods because the Ordinary
Least Squares regression used in this study’s main analysis conflates the situations where
neither unit is treated at time ¢, or both are. These problems are greatest for long-term
effects and/or when the control group is small or absent; they can be addressed, but not
eliminated, by a variety of methods including replacing unit fixed effects with random
effects, the use of parametric and semi-parametric estimation techniques, and ensuring a

large control group (Borusyak & Jaravel, 2017). The present study utilizes random
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effects, and the control group in the present analysis is very large in comparison with the
treatment group (as seen in, for example, Tables 23 and 27).

Fourthly, having only six years of Medicare data in an event-study framework
limits the conclusions that can be drawn from the DD analysis, although in the future this
limitation will gradually diminish as additional years of data are added.

Fifthly, the study looks only at physicians, whereas the number of mid-level
providers is known to be increasing and is especially important in underserved areas
(Patterson, Davis, Schwartz, & McCarty, 2019). The NHSC is heavily invested in mid-
level providers (Heisler, M. et al., 2009). However, mid-level providers are not eligible
for the Conrad 30 program, and, although Maryland has begun accepting mid-level
providers onto its loan repayment programs their numbers at this point in time remain
small relative to physician numbers.

Sixth, the Medicare and MDH datasets provide very limited opportunities to
control for pre-existing differences between physicians as the only physician individual
characteristics included in either dataset are gender, medical education and physician
specialty. The MDH dataset does not add any new information about physician
characteristics. It would have been useful, for example, to include information on
whether physicians are IMGs.

Seventh, a methodological concern about time-series analysis is the difficulty of
distinguishing between program effects and any time-series effects that lead to changes in
who is recruited into the program through time. However, the Maryland J-1 Visa Waiver

Program was recruited to on a mainly first-come first-served basis until an annual
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application cycle and points system was introduced as recently as 2017°2, making it
difficult to see how the recruitment process could have changed before that. Although it
is possible that the type of physician applying has changed over the years, the only clear
trend that has been reported in other research is a shift away from rural primary care
placements toward non-rural specialist placements, which does not suggest that primary
care recruitment would necessarily have changed (Patterson et al., 2015).

Eighth, this study followed previous research studies (Brooks et al., 2003;
Thompson, Hagopian, Fordyce, & Hart, 2009) in adopting a definition of primary care
specialties that is more restrictive than the definition used to set eligibility for the State
Loan Repayment Program. SLRP eligibility extends to psychiatry and
obstetrics/gynecology in addition to the specialties of internal medicine, family medicine,
general practice and geriatrics used to define primary care in this study®>. This resulted in
a large number of participants in the loan repayment program (23 out of the total of the
87 matched participants) being included in the non-primary care analysis rather than the
primary care analysis. Although a sensitivity analysis was carried out to explore whether
adding physicians in psychiatry and obstetrics/gynecology to the primary care analysis
would noticeably change the results, this was only done for the J-! Visa Waiver Program
(Figure 19). In future work, this sensitivity analysis should be extended to also include
the loan repayment program analysis.

Finally, although the concerns set out in Chapter 3 about the use of HPSA scores
as the primary calibration method are partly alleviated by the sensitivity analysis showing
that an alternative calibration method using county health rankings for premature death

522017 for the J-1 Visa Waiver Program, 2018 for the State Loan Repayment Program
53 https://nhsc.hrsa.gov/sites/default/files/NHSC/loan-repayment/nhsc-slrp-fact-sheet.pdf
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provides broadly similar results, it remains important to be clear what kinds of
underservice are of interest before relying on results from this dissertation in the making

future policy making decisions.
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Chapter 6: Discussion and Recommendations
Chapter Summary

The concluding chapter of this dissertation revisits the problem of underservice
that physician incentive programs are intended to address, along with the challenges
researchers must overcome in order to assess the effect these programs actually have on
underservice.

This chapter includes:

e A summary and appraisal of the main findings with respect to Maryland’s J-1
Visa Waiver and State Loan Repayment Program for primary care physicians.
These general conclusions include:

o a greater tendency of loan repayment than waiver physicians to be
retained in rural areas;

o a greater tendency of waiver than loan repayment physicians to serve
populations with high medical need;

o higher career mobility among waiver than loan repayment physicians.

e The benefits and limitations of the methods used and how they might be
improved, particularly in relation to causality, especially if methods of data
collection and sharing are improved.

e A reappraisal of the role of the states in the overall national effort to incentivize
physicians to serve the most underserved populations.

e Recommendations for policy or future research, which include:

o Better communication and coordination between states and the NHSC to

address differences in how states and the NHSC perceive underservice.
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o Establishment of a central national data facility to which states and the
NHSC report on all physician and non-physician providers’ participation
in underservice incentive programs.

o A national review of state resources for the administration of physician
incentive programs.

o Research into adapting the MISU for specific aspects of underservice in
the health system.

The Problem Revisited

The United States has a widely acknowledged problem of medical “underservice”
through which the health services and their benefits are distributed inequitably. People
living in rural and isolated areas, people who are members of minority groups and people
who lack health insurance have lower life expectancy, higher mortality rates and
increased risk of chronic diseases compared to people outside of those groups (Institute
of Medicine, Committee on the Consequences of Uninsurance, 2002; Office of Disease
Prevention and Health Promotion, (ODPHP), n.d.; Singh et al., 2017; Woolhandler &
Himmelstein, 2017).

Federal and state programs provide incentives for physicians to locate in
“underserved areas”, based on the assumption that maldistribution of physicians is the
principal factor in underservice, yet this assumption neglects an extensive literature
arguing that underservice is a more complex phenomenon. The causes of inequities in
health outcomes are multifactorial and include social determinants of health as well as
limitations in the provision of healthcare (Singh et al., 2017).

To be effective, policies for alleviating underservice need to take account of this

complexity, meaning that their goals need to be more nuanced than simply the placement
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of physicians in federally-designated underserved areas. This should include alignment
of program goals with wider efforts to address problems of population health, including
the many population health improvement efforts taking place at state level (Marshall et
al., 2014). The flexibility that states are exercising as to which physicians they accept
onto their programs and where they place them, described in chapter 2 of this
dissertation, suggests that states are already aware of and responding to the complexity of
underservice. However, state programs are precisely the ones that are least resourced and
least researched, making it difficult for states to carry out the work required to align their
incentive programs with state healthcare policy goals.

The main federal physician incentive program, the NHSC, operates on national
criteria that, inevitably, cannot respond to the policy goals of every state. Nevertheless,
better alignment should be a key objective. In this dissertation, by offering a pathway
towards greater conceptual clarity about what constitutes underservice and greater
practicality in how to measure it, we are attempting to assist in these alignment efforts.

Overall Findings

Utilizing a new measure of underservice we have produced extensive information
about the impact of Maryland’s physician incentive programs. The results highlight
considerable differences between the J-1 Visa Waiver and State Loan Repayment
Program physicians, both in their characteristics and in their impact on underservice. The
former are far more likely than the latter to be internists rather than family practitioners,
and male rather than female; they are greater in number than loan repayment physicians;
and they are much more mobile in their careers.

In terms of addressing underservice, the benefits of the J-1 Visa Waiver Program

to adult primary care appear to be substantial in the short-to-medium term, but tail off
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from the 10" program-year both in terms of the difference of mean MISU from that of
non-participants and considerably sooner in terms of the numbers of physicians
remaining in the dataset. The primary care benefits from the State Loan Repayment
Program appear at first glance to be less substantial than those of the J-1 Visa Waiver
Program in the short-to-medium term but are more persistent, with the mean MISU
difference from non-participants more or less steady till at least the 15" program-year and
with very little loss of physicians from Maryland’s adult primary care services through
time. There is also evidence of some compensation for the shorter duration of the loan
repayment program (2 years, vs. 3 years for the waiver program) in the form of a pre-
service obligation surge in MISU. At the same time, disaggregation of the MISU
components indicates that visa waiver program physicians serve all three types of
underserved populations (high-need, low-income and rural) while loan repayment
physicians’ service is primarily with rural and low-income populations. One overall
conclusion from this study is that the waiver and loan repayment programs serve different
functions but may well complement one another, reinforcing a similar conclusion reached
in the one other study that compared the two types of program (Opoku et al., 2015).

Differences observed between internists and family practitioners in this analysis
may well be explained by the analysis being limited to Medicare data and to internists
taking on the more complex Medicare cases while family practitioners, providing care
primarily to children and younger adults, take on less complex Medicare cases.

Program Effect

A major challenge for this study has been that of separating the effect of the
programs from differences in preferences between program participants and non-

participants. The simple difference-in-means method can only show the joint impact of
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preference and program, responding to the research question: “Do incentive program
physicians serve the underserved to a greater extent than those who never participate?”
The primary research question, however, was: “Do incentive programs result in
participating physicians working with underserved populations to a greater extent than
would have been the case absent the program?” For example, we know from prior
research that IMGs are more likely than USMGs to serve underserved populations (Mick
& Lee, 1999), and we know that J-1 Visa Waiver Program participants are IMGs
(graduates of international medical schools), so it is possible that the differences in MISU
found between waiver participants and non-participants are in consequence of waiver
physicians being IMGs rather than of them participating in the waiver program.

The difference-in-difference method was intended to explore the second research
question by separating out program impact from physician preferences, firstly using the
non-traditional method that differences service in early program-years from service in
years 10 and beyond, and secondly (in the case the State Loan Repayment Program only)
using the traditional method of differencing across pre-and post-service obligation
commencement. Although the difference-in-difference method was unable to offer clear
conclusions about program effect, this was mainly due to limitations in the datasets rather
than to limitations in the method itself. Neither the limited number of years of Medicare
data available nor the loss of physicians from the dataset (in the J-1 Visa Waiver Program
in particular) were fully anticipated during study design, with the result that the lack of
power and reach in the difference-in-difference analysis was also not anticipated. In the
future, however, as more years of Medicare data become available and with better

physician tracking data from states, the method developed in this dissertation will
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become more powerful. These issues are addressed in the recommendations for future
research and policy that follow.

Overall, a reasonable interpretation of the results for primary care physicians is
that the effect of the J-1 Visa Waiver Program is to initially attract physicians to heavily
underserved areas, after which most (though not all) drift away, either out of primary care
or out of the state altogether. The same drift away from underserved populations was not
seen among State Loan Repayment Program physicians, and the lack of any observable
tail-off in MISU values for these physicians suggests either that the effect of program
participation is surprisingly permanent or that the state loan repayment program largely
attracts physicians who would have worked in underserved areas regardless of program
participation.

One important finding from the difference-in-difference results is that J-1 Visa
Waiver Program participants’ service to high-need and (especially) low-income
populations appears generally more persistent than their service to rural populations,
suggesting that there may be an “imprinting effect”, whereby a period of service to
underserved populations induces a tendency to continue to serve at least some such
populations. Whether this is due to physicians’ personal preferences for practice and
location having changed as a result of participation in the program, or instead to their
acquiring skills or traits that lead to them being viewed by patients and practice partners
as being more capable of serving the needs of such populations, is not determined by this
analysis. A similar effect can be seen in the non-traditional difference-in-difference
analysis of the State Loan Repayment Program, but only for low-income and not for

high-need populations.
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A further point worth considering is that, for states administering J-1 Visa Waiver
Programs, there may be more than one way of looking at program effect. Program effect
may be defined as the attraction into service to a state’s underserved populations of
physicians who would otherwise have served population groups that are not underserved,
but it may also be defined as attracting physicians into the state who would otherwise
have gone to work in another state. In the latter case it might matter little to the state
whether the waiver program physicians’ service to the underserved was a consequence of
their preferences or a result of where in the state their participation in the program placed
them — either eventuality would constitute a positive program effect so far as the state
was concerned. On the other hand, it might matter to the nation as a whole that
something akin to an IMG “arms race” was taking place between states in the hope of
preferentially attracting IMGs to their state.

An additional concern is that one of the risks associated with the J-1 Visa Waiver
Program is that IMG physicians may displace USMGs who would also have been willing
to serve the populations to which waiver physicians provide care but for which more
energetic recruitment activity (perhaps including higher salaries) would have been
required, in which case the waiver program may be simply distorting the physician labor
market, perhaps creating an unnecessary surplus of physicians (Mick, Lee, & Wodchis,
2000). A full analysis of the principal drivers of underservice in Maryland is beyond the
scope of this dissertation, although other researchers have attempted to address questions
related to this problem (Mick et al., 2000; Miller, Michael K., Dixon, Bruce L.,Fendley,
Kim, 1986; Newhouse et al., 1982; Newhouse, 1990; Thompson et al., 2009).

Nevertheless, it is hoped that the results of this study will assist MDH officials (who may
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possess extensive informal data on the operation of the healthcare system in Maryland) in
making appropriate judgements about the role of their physician incentive programs in
healthcare delivery across the state.

As noted in the literature review, this study is in good company in being unable to
reach strong conclusions about true program effect. The Negrusa et al. method of
comparing physicians participating in the loan repayment program with those deemed
eligible but not actually placed (Negrusa et al., 2016) could well be utilized with the
Medicare dataset, although Maryland was, unfortunately, unable to release data on
unsuccessful State Loan Repayment Program applications.

A study that looked more closely at the state’s recruiting practices, gathered
additional data on the experiences of physicians participating in the incentive programs,
and included multiple states and the NHSC might be better able to address the question of
program effect. However, providing a definitive answer to the question of program
effect was not the primary goal of the present study. Instead, its main purpose was to
develop a tool that would help states (and perhaps also the NHSC) to better understand
the complex impact of their programs on a complex problem, and the MISU and its
components arguably have the potential to do this.

The Role of the States

There is always room to debate whether good government is best delivered by
strong adherence to clear national policy criteria or by flexible application of general
principles by local officials who are more in touch, firstly, with the ways that national
problems manifest themselves locally, and, secondly, with the potential for local
solutions that might not be applicable across the board nationally. To an extent, the

strong adherence method of delivery describes the way that the NHSC selects and places
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physicians in service to underserved populations, while the flexible method describes the
way that states perform a similar activity. Whether the two methods reinforce or
undermine each other is an open question at present; although there are examples of the
states and the NHSC trying to find ways to constructively coexist (Pathman et al., 2012),
there is still some way to go, and national and state attempts to solve problems that exist
across the nation should not operate in ignorance of each other’s goals and activity. We
make recommendations at the end of this dissertation to address this uneasy coexistence
and to improve the quality of data available to support program evaluation efforts.

Benefits of the Method

The MISU measure introduced in this dissertation for assessing physician
incentive programs exhibits a number of strengths from which states might benefit.

These are described more fully in the closing section of chapter 3 but include: being
assessed on the actual patient case mix for each physician and not reliant on area-based
measures that may blur differences between an area’s residents; being based on data that
is updated annually, so that the measure can be revised in a timely fashion; and being
able to be calibrated for the underservice characteristics of the Medicare population of a
particular region and state of the U.S. and therefore more accurately reflective of that
population than a national measure could be.

Furthermore, the methodology of this study provides states with more information
than just the simple results by MISU. By disaggregating the index into its three major
components, and comparing and contrasting the results between program types, states can
gather additional information about program impact that could help them refine the
design of their programs for better impact on underservice. For example, there are

particular practice settings that regularly recruit physicians enrolling in incentive

130



programs; if organized to present results aggregated across all physicians in specific
practices the MISU could help states understand which practices are working with the
most underserved populations.

A final benefit of the new measure is its potential to be redesigned to serve
different purposes. Although beyond the scope of this study, an alternative version of the
MISU could be developed, using similar methodology, that measured service to
particular subpopulations. For Maryland, the need to meet cost containment targets for
their Medicare Total Cost of Care waiver>* generates an interest in targeting care towards
high-need and high-cost populations (with, as related in chapter 5, a specific interest at
the present time in populations with high rates of diabetes).

Recommendations for Further Research

The following recommendations are offered for further research:

e Research that accesses NHSC as well as state incentive program data to
minimize contamination of the “control” group and enable comparisons to
be made between all the different incentive programs.

e Further research examining program effect by using the MISU to compare
physicians enrolling in loan repayment programs with those who were
provisionally accepted but not funded, a promising method that has only
seen one very limited application to date (Negrusa et al., 2016).

e Research on “imprinting”, or the persistence of incentive program effects

beyond the service obligation period.

54 https://innovation.cms.gov/initiatives/md-tcem/

131



e More research aimed at understanding the reasons why many J-1 Visa
Waiver physicians move away from their service obligation sites and what
incentives might make them more likely to remain, such as expedited path
to permanent residency or citizenship for additional service>, a special
path for dependents or relatives in return for additional service.

¢ In the future, once more years of Medicare data are available, research
using the non-traditional difference-in-difference method developed in the
study to compare participating physicians’ service during their period of
service obligation with their later service some years beyond the beginning
of their participation

e Research into the use of other claims data, including Medicaid, in parallel
with this study’s use of Medicare data, with a view to obtaining a picture
of underservice that provides better coverage of the age spectrum of
underserved populations. This would likely require the use of raw claims
data but might lead to better underservice measures than the heavily-
digested Medicare public use files can offer. Inclusion of private insurers’
claims data would also be valuable, especially as Medicare Advantage
penetration grows, but this may only be possible in states that have
established all-payer claims databases®.

e Research adapting the MISU for the analysis of specific aspects of

underservice or inefficiency in the health system.

55 The Physician National Interest Waiver provides one such incentive, offering permanent residency after
five years working in underserved areas.
56 https://www.ahrq.gov/data/apcd/index.html
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Recommendations on Policy

This dissertation has proposed and developed a tool that states can use to improve
their monitoring of physicians participating in incentive programs. However, rendering
this new tool most useful while reducing the resource burden required for its use would
require a number of changes in the way that physician incentive programs are organized
and coordinated across the country. The policy recommendations that follow are based
on some of the key changes that might be of benefit.

1. Better communication and coordination between states and the NHSC.

As has been widely acknowledged in the past, coordination between states, and
between the states and the NHSC, is weak. Better coordination would minimize
competition and maximize complementarity between state and federal programs
(Pathman et al., 2012). It is not clear that the states and the NHSC perceive problems of
underservice, or the best means for addressing them, in the same way. The complex
inter-relationship between the NHSC and the states on this issue needs to be better
managed (United States., Government Accountability Office., 2006).

2. States should collect NPI numbers of physicians participating in their incentive
programs.

This study has had to rely on name-matching rather than national provider
identifier (NPI) numbers as the way of linking between state and Medicare datasets.
There are several reasons why name matching might fail, and this threw up a number of
examples where name matching was problematic and potential matches had to be omitted
from the analysis. For example:

e The PUF does not provide the full names of physicians and includes only their

middle initial, increasing the likelihood of duplication of common names.
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e It is not always possible to distinguish between compound last names and middle
names coming before to last names leading to uncertainty about which part of the
name should be matched across data files.

e Where physicians marry after enrolling in the incentive program, their last name
may be converted to a compound name or be changed altogether.

e Minor spelling changes were encountered and were not always distinguishable
from actual name differences.

e Some years of the MDH data provided only physicians’ last names.

Collecting physicians’ NPI numbers would enable not only improved matching
rate across datasets but would also greatly reduce the administrative burden associated
with matching.

3. States should report data on physician participation in their incentive programs
to a central data-collection facility using a standard data template that ensures
that the data is compatible across states and with the NHSC and includes
National Provider Identifier numbers. Federal policy makers should take the lead
in considering how such a facility could be created and resourced, and should
ensure that the NHSC also contributes its data.

Notwithstanding differences between states in the recruitment processes and
eligibility conditions used for their physician incentive programs, the creation of a central
data pool would create opportunities for shared learning, including opportunities for
larger and better-resourced states and the NHSC to share their learning with smaller
states. Informal data collation across states on the Conrad 30 program has taken place for

many years (Berry, 2017; Patterson et al., 2015) but the data does not include unique
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physician identifiers and so cannot readily be used in conjunction with the Medicare
public use files to monitor program impact. Discussion is needed on the location,
operation and resourcing of a central data facility, the lead role in which should be taken
by the federal government. The Government Accountability Office recommended that
HHS should perform this function (United States., Government Accountability Office.,
2006) alongside receiving data on NHSC programs. HRSA’s Shortage Designation
Management System>’ gathers some of the needed data but should be reviewed to ensure
the data is sufficiently detailed and comprehensive to support full tracking of physicians
and other providers enrolling in all types of program that offer incentives in return for
service to underserved populations.

4. State resources for administering physician underservice incentive programs
should be reviewed in order to ensure the programs are used to best effect in
support of state policies on health inequity.

Although the MISU tool developed in this dissertation may assist states to more
easily monitor the impact of physician incentive programs, it will be of limited value if
state Primary Care Office resources are too stretched to permit any monitoring activity at
all to take place (Hagopian et al., 2003). Funding for Primary Care Offices should be
reviewed to ensure they are adequately resourced to undertake the monitoring and
coordination functions needed to ensure best deployment of physician incentives.
Among other benefits, this would enable more states to move away from “first come, first

served” selection of applicants and instead target applicants with qualities that align with

57 https://programportal.hrsa.gov/docs/pco/Provider-Management-Import-Tool-User-Guide.pdf
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state health priorities, perhaps also setting specific requirements for the type of services
to be provided during the service obligation period.
5. Better ways of measuring underservice are needed that recognize and address
some of the widely acknowledged limitations of existing measures.

The Medicare Index of Service to the Underserved proposed in this dissertation is
intended to complement existing measures of underservice but should not be the final, or
only, response to the problem of measuring underservice in ways that enable programs to
be better targeted.

6. Provider-level case-mix data is required from payers other than Medicare, and
for the uninsured.

The development and use of the MISU was possible because Medicare publishes
provider-level case mix data annually, but the MISU gives only a partial picture of
underservice. Investigation is required of whether Medicaid data can provide a similarly
useful and detailed picture of underservice.

7. Non-physician providers are a growing resource for underserved populations and
their contribution should be captured alongside that of physicians.

Recent growth in the use of non-physician providers in underserved areas
suggests the need for measures of underservice that can capture the contribution of allied
health professionals (Patterson et al., 2019). This may not be so straightforward as for
physicians given that physicians are more likely to bill Medicare for their services than
are many allied health professionals, who are required to bill under the name of a
physician for some of the services they provide>®.

58 https://www.cms.gov/Outreach-and-Education/Medicare-Learning-Network-
MLN/MLNProducts/Downloads/Medicare-Information-for-APRNs-A As-PAs-Booklet-ICN-901623.pdf
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Final Remarks

This dissertation has introduced a method for assessing the impact of physician
incentive programs that is set in the context of underservice as a complex and ill-defined
phenomenon that may be best understood, in the words of Taylor and Ricketts, “...as a
symptom of the way the U.S. organizes and finances health services, rather than as areas
which represent exceptions,” (Taylor & Ricketts, 1995). Given this context, the outcome
of interest is not so much whether incentive program physicians serve in federally-
designated underserved areas but, instead, the extent to which the programs complement
and are aligned with wider efforts to address the shortfalls and limitations of U.S.
healthcare. The principal opportunities to make this happen are at state level, where
much of incentive program capacity is administered and where much of the effort to
improve health delivery is planned and implemented. At the same time, where there are
opportunities for state and federal efforts to be aligned it makes sense to grasp them.

The new MISU can assist in these tasks, but it would perform better in this
function if the policy recommendations set out in this chapter were put in place. The
MISU is offered as a tool to assist states in transitioning from a role where they are
merely administering physician incentive programs to one in which, instead, they are
fully engaged in strategic planning to achieve the most appropriate impact of these
programs in the context of their wider efforts to improve population health and promote

health equity.
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Appendix 1: Results for Non-Primary Care Specialties

Although primary care physicians were the focus of this study the methods used
also yielded data on physicians from other specialties. This appendix outlines the results
of the analysis of physicians in non-primary care specialties but with only limited
commentary.

J-1 Visa Waiver Program

In the difference of means analysis we observe a very much lower magnitude of
change in MISU following program participation than in the primary care analysis, and
also see inconsistency from year to year in terms of statistical significance (Table 34).
The average program vs. non-program difference in MISU is only 3.9 points over the first
six years and 4.3 over the first 9 years and 5.2 over all fifteen years, these being far

smaller values than for primary care physicians.
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Table 34: Simple Difference in Mean MISU between Physicians Participating in the J-1 Visa Waiver Program and Never-Participating Physicians (Non-Primary Care

Specialties)
Program-yeart 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Waiver program 4.778%%* 3.055%* 4.254%* 4.016%* 3.627%* 3.653* 2.910%* 5.246%%* 7.005%%* 6.130%** 7.482% %% 7.549%%* 8.489%** 4.305 5.527 13.56%%* 3.258%%* 2.864%%*
(1.718) (1.369) (1.715) (1.580) (1.501) (1.874) (1.545) (1.695) (1.706) (1.378) (1.713) (1.976) (2.028) (2.902) (4.056) (0.130) (0.0898) (0.0880)
2013.year -1.03 ] %** -1.031%%* -1.032%%* -1.031%%* -1.031%%* -1.031%%* -1.032%%* -1.032%%* -1.032%%* -1.031%%* -1.032%%* -1.031%%* -1.031%%* -1.031%%* -1.032%%* -1.032%%* -1.032%%* -1.032%:**
(0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515)
2014.year -1.661%** -1.661%%* -1.662%%* -1.662%%* -1.661%%* -1.661%*%* -1.663%%* -1.662%%* -1.662%%* -1.661%*%* -1.662%%* -1.662%%* -1.662%%* -1.662%%* -1.662%%* -1.662%%* -1.662%%* -1.662%**
(0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551)
2015.year -1.939%:** -1.939%%* -1.940%%** -1.938%*%* -1.939%%* -1.938%%* -1.941%%* -1.940%%* -1.939%%* -1.939%%* -1.940%%* -1.939%%* -1.939%%* -1.939%%* -1.939%%* -1.939%%* -1.939%%* -1.939%:**
(0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581)
2016.year -2.073%** -2.074%%* -2.073%%* -2.073%%* -2.072%%* -2.074%%* -2.074%%* -2.074%%* -2.074%%* -2.073%%* -2.074%%* -2.073%%* -2.074%%* -2.073%%* -2.073%%* -2.073%%* -2.073%%* -2.073%**
(0.0616) (0.0616) (0.0616) (0.0616) (0.0617) (0.0617) (0.0616) (0.0617) (0.0616) (0.0616) (0.0616) (0.0616) (0.0616) (0.0617) (0.0617) (0.0617) (0.0617) (0.0617)
2017.year -0.84(%** -0.840%** -0.842%%* -0.840%** -0.840%%** -0.839%%* -0.842%%* -0.841*%* -0.842%%* -0.841*%* -0.841*%* -0.840%%** -0.840%** -0.84 1 *%* -0.841*%* -0.840%%* -0.840%** -0.84(%**
(0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642)
male (0.998%** 0.99] *** 0.996%** 0.979%** 0.992 %3 0.992 %3 0.987%** 0.977%** 0.988%:** 0.982 %% 0.98(%** 0.984 % 0.989%** 0.993 % 0.987%** 0.99] *** 0.99] *** 0.99] ***
(0.149) (0.148) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149)
do 1.381%** 1.380%** 1.38]%:** 1.380%** 1.380%:** 1.38(%** 1.38(%** 1.380%** 1.380Q%** 1.380%** 1.38(%** 1.38(%** 1.38(%** 1.38(%** 1.38(%** 1.38(%** 1.38(%** 1.380%**
(0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394)
Constant 45.84%*% 45,84 %% 45,84 %% 45 85%%* 45,84 %% 45.84% %% 45.85% %% 45.85% %% 45.85% %% 45.85%%% 45.85%%% 45.85%%% 45,84 %% 45,84 %% 45.85%%% 45.84% %% 45,84 %% 45,84 %%
(0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132)
Observations 19,936 19,936 19,932 19,921 19,916 19,907 19,906 19,904 19,906 19,911 19,911 19,908 19,904 19,901 19,899 19,893 19,890 19,891
Number of npi 4,682 4,682 4,678 4,667 4,662 4,653 4,652 4,650 4,652 4,657 4,657 4,654 4,650 4,647 4,645 4,639 4,636 4,637
Tx Observations 47 47 44 32 28 18 17 16 18 22 22 19 15 13 10 4 1 2

+ Program-year is measured from the commencement of obligated service.

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

Avge. 6 year equivalent HPSA score:
Avge. 9 year equivalent HPSA score:
Avge. 15 year equivalent HPSA score:

4.0
4.4
53
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There is a rise in MISU in the longer-term, which is unexpected. On
disaggregating the MISU components (Figure 22) we see that it is almost entirely driven
by an increase in the rural component through time. There is no indication that State
Loan Repayment Program physicians in non-primary care specialties are serving high
need (risk score component) populations at any time in their careers. They do, however,
appear to be serving low-income populations (as indicated by the “Duals” component).

Figure 22: Disaggregation of MISU Components for Non-Primary Care J-1 Visa
Waiver Physicians in the Difference in Means Analysis
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The longer-term rise in MISU is not found in the difference-in-difference result

(Table 35), possibly because it occurs across the program-year 10 differencing boundary.
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Program-yeart 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 ) [ w0 | u | 12 | w13 | 14 | 15 ] 16 | 11 ] 18
Waiver program | 4.757%%%  3.035%%  4.234%%  3.996**  3.008** 1773 1.256 0.885 2269%%%  1.549%* 0.931 1.166 1.684 -1.989 -0.0051  -3.393%%%  3[30%k%  3.613%%
(1.718) (1.369) (1.715) (1.580) (1.310) (1.336) (1.004) (0.928) (0.798) (0.684) (0.844) (0.765) (1.044) (2.137) (1.843) (0.0485)  (0.0458)  (0.0493)
2013.year SLO30%FE L1030%F%  J1.030%F*  [.030%*F  [020%%E  _1,020%KE  _1031%RE 1030%F*  1030%F*  J103IMRE 1030%%F  1.030%FF  -1.030%FF  -1.030%F%  -1.030%F*  1.030%*F  -1.030%%F  -1.030%%*
(0.0514)  (0.0514)  (0.0514)  (0.0515)  (0.0514)  (0.0514)  (0.0514)  (0.0514)  (0.0514)  (0.0514)  (0.0514)  (0.0515)  (0.0515)  (0.0514)  (0.0514)  (0.0514)  (0.0514)  (0.0514)
2014.year SLESTHREL1E58¥EE  L1658FEE  L65RFKE  [6STHRE 1656YFE  L1659%RE  L1650%EK  1650%EK ] 658MEE | 658HRE I 6SRHRE  [6SRHRE L] E58¥EE  L]E58%FE  _1658FKE | 658%KE -] 658%K*
(0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)
2015.year 1939%HH L] 938%EE L] 930%Ex [ 937kE | O3gEKE | 937HRE L .40%FE  ]930%Ex ] Q40%Ex ] 930WEx [ 930%kE [ Q3QWkE  _[3HRE ] Q30%k% ] Q30%kk | 930Kk | 930%kE  _] 930%kk
(0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)
2016.year D072 D073%EE 072%EK D072FKE DQ70%KE 07I%E D073%RE 071%EX 073 0720k Q726E Q72 DO73RRE 072%EE 072%EE DQ72FE DQ72FE D(72%%*
(0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)  (0.0616)
2017.year C0.842%FK  L0.842FFE  L0.844FEE  0.BADFKE BADRKE L0830%KE  L0844%EE  L0842FEE L0.843FEE L0R4IMEE 0.842KE  0842ERE  L084DERE  LQB4INEX  LQ84DFEE  04DFEE 0B4DEKE  042HkH
(0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0641)  (0.0642)  (0.0641)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)
male 0.993%H%  0.986%*F  0.991F*F  0.975%kk  0.986%FF  0.990%F*  (.995FEx  (082FkE  0088FKE  0.085FKE  0987%FX  0987%FX  0986*F*  0.986%*F  (.987FKE  0.987%FF  0.987%kE  (.987%*
(0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149)
do 1361%9%  1361%F%  1361%6%  [360%kF 350k 357 [ 362%RE 1358k 1360 136200 [361RRE L36IRRE L361%HE 1360%FF  1361%6* 1361%E [361FE [ 3616k
(0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394)
Constant 45.86%FF  ASRTHRX  45.86FFF  45QTHRE ASKTEX 4S8TRRE 4586%FF 4587FEX 4586%%F  4586%FF  4586%FX  45.86%FF  45.86%FF  ASRTHEX  4SQTRRE 45QTHEE 45QTEEX 4587Hx
(0.132) (0.132) (0.132) (0.132) (0.132) (0.133) (0.132) (0.133) (0.133) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132)
Observations 50,171 50,179 50,173 50,180 50,178 50,179 50,177 50,170 50,173 50,141 50,141 50,141 50,141 50,141 50,141 50,141 50,141 50,141
Number of npi 11,276 11,284 11,278 11,285 11,279 11,275 11,268 11,256 11,252 11,246 11,246 11,246 11,246 11,246 11,246 11,246 11,246 11,246
Tx Observations 30 38 32 39 37 38 36 29 32 29 24 16 14 10 4 1 1 1

+ Program-year is measured from the commencement of obligated service.
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Avge. 6 year equivalent HPSA score: 3.5

Avge. 9 year equivalent HPSA score: 2.9
Avge. 15 year equivalent HPSA score: 1.9
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We do observe in the difference-in-difference analysis the same rapid departure
from rural areas among specialty physicians that we saw for primary care physicians
(Figure 23), though again this likely indicates only that those physicians who !"# going
to leave rural areas do so quite quickly after completing their service obligation, mostly
by program-year 5. The DD analysis also suggests the existence of a sizeable persistence
effect for service to low-income populations, but not for service to high-need populations.
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The analysis of State Loan Repayment Program physicians in non-primary care
specialties presents difficulties. The numbers per program-year are low, and in three of
the key years there is only one observation. In consequence the results lack statistical
power and are not consistent. For completeness, the results are presented here, but

without interpretive commentary. Results for the years with only one observation
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(program-years 7 through 9) are not reported in the disaggregated charts because Stata is

unable to calculate standard errors in these cases.
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Table 36:\Simple Difference in Mean MISU between Physicians Participating in the State Loan Repayment Program and Never-Participating Physicians (Non-Primary

Care Specialties)
raswg0w] o+ [+ ] o+ ] v+ | oe [ ov [+ ] o+ 1+ ]+ ] 1w ] 2+ ] 3 [ 4 | o5+ | oo+ [ o+ | o+ | o+ [ o0+ | ow
6#%7+")8%(&)79| 01:.0;; + -i-3 + /:,0. + -2-1+ -5 4+ 20, +  :851; + .41- + /:-00 + [--. + 35.: + .o+ 155 + 05, + 3:303;+ [:/5] + [:231+ '[:513+ 0:0-. + 5:4.4+ +
+ <2:.10% <;04.=+ <.;0/=+ <:14= <[--4=+ <[-00=+ </[,-b=+ <[Bl=t <:-/=+ <:2/-=+ <[:024% <5:0.0= <50/=+ <505=% <:l1= <3:.3.=+ <52=+ <;5/56= <-2,1= <:-/1=+ +
2013.year -1.032%*%% ] 031%%*  _1,032%%* ] Q31%**k  _],032%**  _],032%** -] ,032%** [ 031%k* ] 032%%* ] 032%k* ] (032%Fk* ] (Q32%%* ] (Q32%F*k _].032%%* _].(Q32%Fk _],032%**k _],032%**F -] ,032%** _],032%**k -] .032%** _](032%**
(0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)
2014.year S1.662%F* ] 662%F* -] 662%F* 1 .661%** -1.662%** -1.662%** -1.663%** -1.662%F* _1.661%*F* ] .662%** _1.662%F* _1.662%F* _].662%FF _1.662%F* _1.662%F* -1.662%*F*F -1.662%** _1.662%** -1.662%** -1.662%** -] .662%**
(0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)
2015.year -1.939%** ] 93Q%k*k ] 939wk ] Q3QkAk _] Q3Q%*k  _] 93Q%k**k  _] Q4(Qk** -] 93Q%*k* _] 93Qkk  _] 93Q%k* ] 93Qkk ] Q3Qkk  _] Q3Qkkk ] 93Qdkk ] Q3QAk  _] Q3Qkkk  _] Q3Qkkk  _] Q3Q%kk  _] Q3Q%*k _] Q3Q%kk  _] Q3Q%*
(0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)
2016.year =2.073%k* 2 (073%%* D (73%Hk D (73kAk D (73kHEk D (74%**k D (0T4NKK D (0T74%k* D (074%k* D (0T4%k* D (073Hk* D (73K D (73R D (73HHk* D (73K D (73kHk D (73kkEk D (73k** D (73kHKk D (73kkE D (73R
0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0616)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0616)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)
2017.year -0.840%**  .(0.840%** -(0.840*** .0.840%*** -0.840%*** -0.841*** _-0.840%** -0.840%** -(0.841%** _0.841%** _(0.840%** -(0.840%** -0.840*** _(0.840%** -0.840%** -0.840*** -0.840%*** -0.840%** -0.840%*** -0.840%** -0.840%**
(0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)
male 0.991**%  (0,995%**  (,997*** [ 000%**  (0.996%**  1.001*** (.990***  (.989***  (.989*** (. 991***k  (.990***  (.99[***  (.991***  (.99[***  (99[*** (99]%** (99]%*k* () 992*** () 99Fk* () 992¥** () 99]*H*
(0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149)
do 1.380%** ] 381*** [ 3QP*k** [ 3QPHk* [ F7S5¥kE ] F7PHkR ] 35 kR ] 37k ] 380%**k  1.380%**k  1.380%***k  ].380%**  [.380%**  1.380%**  [.380%**  [.380%**  [.380%*k*  1.380%**  [380%** ].380%*k* ]1.380%%*
(0.394) (0.394) (0.394) (0.394) (0.393) (0.393) (0.394) (0.393) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394)
Constant 45.84%%% 45 Q4% %%k 45 R4H*K A5 RQHkK A5 RAFkE A5 R4HHkK A5 R5HAR 45 R5KAk 45 R4kwk A5 R4*Hk 45 Q4% Nk 45 R4k*Kk A5 QQHHK 45 R4kwk A5 RQHHER A5 RAHEK A5 RAFKE A5 R4HHkK A5 RAFkE A5 RAHHkE A5 R4 KAk
(0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132)
Observations 50,043 50,045 50,046 50,049 50,052 50,056 50,054 50,053 50,048 50,048 50,046 50,042 50,042 50,042 50,043 50,044 50,045 50,045 50,045 50,045 50,041
Number of npi 11,214 11,216 11,217 11,220 11,223 11,227 11,225 11,224 11,219 11,219 11,217 11,213 11,213 11,213 11,214 11,215 11,216 11,216 11,216 11,216 11,212
>?+@AB)"C%9B4 [+ -+ t 3+ 00+ 0,+ 0.+ 0/+ 2+ 2+ t 0+ 0+ 0+ /+ Lt -+ -+ -+ -+ 3.+

+ Program-year is measured from the commencement of obligated service.
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Avge. 6 year equivalent HPSA score: 4.8
Avge. 9 year equivalent HPSA score: 55
Avge. 15 year equivalent HPSA score: 4.2
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Figure 24: Disaggregation of Components for Simple Difference in Mean MISU
between Physicians Participating in the State Loan Repayment Program and
Never-Participating Physicians (Non-Primary Care Specialties)*

Component Change with Program Participation
(Loan Repayment, Difference in Means, Non-Primary Care Specialties)

70
60
50
40
30
20

18 3 N
‘v

-10 \/\/\—

_20 /

30

/

Component (Difference in Means)

4 -3 -2 -1 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Program Year

e \[|SU === Risk Score Duals ===Rural/urban

* Values for program-years 7 through 9 are not shown — see text for explanation.
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PUHSET () >+, - 1. /00+, "$62033%. % , 4%E0,, §2033%. % , 4%i3+.8567 St#%19%% , & = ;5 <=040",

§2".1040>""10, 260, 61 ; Wh 71" 108@+"" , AR>S <BY%, 1= . +2." B, /8*%C%. - 2. 1040>""10, 24 - 5 <=040"",

D*+,-2.0B" . <CE" % 7>%40"$10%=Fa2033%. %, 40, 24G4.+==4= .+2." B-H%"" .41 JAK+L , /" .<Me

I"#$"%& ' ()% L] L+ -+ ] I+ o+ 1+ 2+ 3+ 4+ 5+ .+ -+ .+ g+ 0+
6#%7+")8%(&)79 ['5..; + 0:02-;; + 0:351;; + 41+ -/, + =f- + 3:5.6;; + 0.0 + 1:-5.0 + S+ ;10-;; + ;123 + -,05;; + ':3,0; + 5:,., + '5:,,4 +
+ <-:/l4=+ <-/,,=+ <-:0/5=+ <-:51.= <.:[-0=+ <.:2-/=+ <-:,24=+ <5:,.,=+ <5:,.-=+ <5:,.5=+ <5:.22=% </[:.-0=+ <5:14.= <,:452=% <,:03.=+ <-12,-=+
2013.year -1.032%%* -1.032%%* -1.032%%* -1.031%%* -1.031%%* -1.032%%* -1.031%%* -1.031%%* -1.031%%* -1.031%%* -1.031%%* -1.032%%* -1.031%%* -1.031%%* -1.031%%* -1.031%%*

(0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) 0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515) (0.0515)
2014.year -1.661%%* -1.662%%* -1.662%%* -1.661%%* -1.661%%* -1.661%%* -1.661%%* -1.661%%* -1.661%%* -1.661%%* -1.661%%* -1.661%%* -1.662%%* -1.662%%* -1.661%%* -1.661%%*
(0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551) (0.0551)
2015.year -1.941%%* -1.941%%* -1.942%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.941%%* -1.939%%* -1.941%%* -1.941%%*
(0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581) (0.0581)
2016.year -2.073%%* -2.074%%* -2.074%%* -2.074%%* -2.074%%* -2.074%%* -2.073%%* -2.074%%* -2.074%%* -2.074%%* -2.073%%* -2.074%%* -2.074%%* -2.074%%* -2.074%%* -2.074%%*
(0.0616) (0.0616) (0.0616) (0.0616) (0.0616) (0.0616) 0.0616) 0.0616) 0.0616) (0.0616) 0.0616) (0.0616) (0.0616) (0.0616) (0.0616) (0.0616)
2017.year -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.840%%** -0.841%%* -0.841%%* -0.841%%* -0.841%%* -0.841%%*
(0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642) (0.0642)
male 0.996%** 1.00 1 *** 0.9907%** 0.988%** 0.9897%** 0.9907%** 0.9897%** 0.99 *** 0.99 *** 0.99 *** 0.99 ] *** 0.99 *** 0.99 *** 0.9907%** 0.99 *** 0.99 1 ***
(0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149) (0.149)
do 1.374%%* 1.371%** 1.350%** 1.367%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.3807%** 1.380%**
(0.393) (0.393) (0.394) (0.393) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394) (0.394)
Constant 45,84 %%* 45,84 %%* 45.85%%* 45.85%%* 45.85%%* 45,84 %%* 45.85%%* 45,84 %%* 45,84 %%* 45,84 %%* 45,84 %%* 45,84 %%* 45,84 %%* 45,84 %%* 45,84 %%* 45.84%%*
(0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132) (0.132)
Observations 50,073 50,077 50,075 50,074 50,069 50,069 50,067 50,063 50,063 50,063 50,062 50,062 50,062 50,062 50,062 50,062
Number of npi 11,227 11,231 11,229 11,228 11,223 11,223 11,221 11,217 11,217 11,217 11,216 11,216 11,216 11,216 11,216 11,216
>?+@AB)"C%9B4 ot 0+ -t -+ 2+ 2+ 0+ t t t -+ St /+ /+ /+ I+

+ Program-year is measured from the commencement of obligated service.
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Avge. 6 year equivalent HPSA score:
Avge. 9 year equivalent HPSA score:
Avge. 15 year equivalent HPSA score:
Plus one year “bonus” for anticipatory service (program-year -1)

55
3.6
2.2
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Figure 25: Disaggregation of Components in Non-Traditional Difference in
Difference for MISU between Physicians Participating in the State Loan
Repayment Program and Never-Participating Physicians (Non-Primary Care
Specialties, Differencing Across Program-Year 10 Boundary)*

Component Change with Program Participation
(Loan Repayment, Difference in Difference, Non-Primary Care)
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* Values for program-years 7 through 9 are not shown — see text for explanation.
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Table 38: Traditional Pre/Post Difference in Difference Result for MISU between Physicians Participating in the State Loan Repayment Program and Never-Participating
Physicians (Non-Primary Care Specialties)

Program-yeari| 5 | 4 | 3 [ 2 | a 1 | 2 3 4 s | e | 1 ] 8 | o 10 1 12 13 14 15
Loan repayment | 8.123%**  0.936 2.242 0.157 -0.142 1891  5166***  1.906 -0.900 2440 8.034%%  3.538%%%  6206%%F  10.34%%* 8818 2206 2.787 -2.067 1.143 0.940
(0.444)  (1523)  (1.835)  (1.807)  (1.448)  (2.024)  (1.997)  (1.870)  (3.273)  (3.724)  (2180)  (0.131)  (0.132)  (0.130)  (3.636)  (8383)  (4.037)  (5.020)  (4756)  (3.425)
2013.year SLO33*RE L1035%EE  [035FEE L ,035%KE  L1035%K%  1036FFF  1.036%%F  -1.035%F%  ]035Fx 035K L],035%K ] 035%E%  [035FEE L ,035%KE L] 035%K% ] 035HEE [ 035FKE L] 035%K% ] 035%x -] 035k
(0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)  (0.0515)
2014.year SLE62HEE L1664FE  1L663FHF  L66ARIE L1664 1666FFF  L666FFE  -1.664%FK  1664FIF  L66AKE  L66AIE  L1664%FE  L66AE  LE6AREE  L1664%FE  1664FFF  1664FKE L] .664%FK  1.664%F% -1 664K
(0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)  (0.0551)
2015.year B I B B L R T L B o B K3 R o I B R B K I R R I KL 7 AR S RV PR
(0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)  (0.0581)
2016.year D074REE D076%FF 207506 D076%FE L2077 .076%FF  D.077FKE D077 2076%F  2.076%FF  D075%KF 2076%F  2.076%FF  2.076%FF  L2076%FF  2.076%FF  2.076%%F  2076%F%  2.076%F*  2.076%%*
(0.0616)  (0.0617)  (0.0616)  (0.0617)  (0.0617)  (0.0616)  (0.0616)  (0.0616)  (0.0617)  (0.0616)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)  (0.0617)
2017.year C0.84TFFE L0.843F%  0.842FHE  L0.843HIE  L0.84FFEE  0BASTHEE 0.843FKE  L0.B4TREE 0.R44EIE  0.843FHE  L0.84TEE  L0.843FEE  (.B4IFHE  L0843%RE  L0.84EE  L0R4IFEE  0.843FKE  L0.84TEE  L0.843Fx  0.843%HH
(0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)  (0.0642)
male 1.000%#%  1.000%%%  1.000%%*  1,000%%*  0.997%F%  (.998%%*  0.994%%%  0.994%k%  0.996*F*  1.000%**  0.999%F%  1.000%F*  1.000%*¥*  1,000%%*  1.000%%*  1.000%**  1.000%**  1.001%F%  1.000%*  1.000%%*
(0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)  (0.149)
do 1378%0%  1378kx [ 37700k [ 378%Kk [ 3Q1RE 137400k 3500k [ 367%F 1 376WEx [378%E [ 378%k [ 378kkx [ 378k [ 378%KE [ 378%kx 378k [ 378%%r | 378%k% 378k [ 378%kk
(0394)  (0.394)  (0.394)  (0394)  (0.393)  (0.393)  (0.394)  (0393)  (0.394)  (0.394)  (0394)  (0.394)  (0.394)  (0394)  (0.394)  (0.394)  (0.394)  (0394)  (0.394)  (0.394)
Constant 45.84%%%  45.84MFx  4584%FE  4584%%E  45QSHRE 4585FE  45Q5RE 4585ERE 45RSEE 4584E 45RAFEE  45RATHE A5RANEE  454%FE 4S8ATEE 454%FE 4584FFx  45QAWEE  4584%%% 45 4%
0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)  (0.132)
Observations 50060 | 50,060 | 50060 | 50060 | 50,071 [ 50075 | 50073 | 50072 | 50,067 | 50067 [ 50065 | 50061 | 50061 | 50061 [ 50,062 | 50063 | 50,064 | 50,064 | 50,064 | 50,064
Number of npi 11,222 11,222 11,222 | 11,222 11,225 11,229 11,220 | 11,231 11,227 11,220 | 11,27 11,223 11,223 11,223 11,224 | 11,225 11,226 | 11,26 11,226 11,226
Tx Observations 2 4 5 8 11 15 13 12 7 7 5 1 1 1 2 3 4 4 4 4

I'HE%ES () +'$",-"(+'-. $+/"0$%("12+"3%((+43+(+41"%0"%56,&'1+/"-+$7,3+8
91'4/'8/"+$$%$-"  B+412+-+-
h<=8=>7""<=8=@7?";":<=8>
|
A7&8B"*+'$4C.,7'6+4DHIA"-3NSHE  F&'
AT&BH"™+'$+C., 7'6+4DHIA"-3%NSH+E 18"
A7&8>@"*+'$C., 7'6+4DHIA"-3NSHE  F8&'
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Figure 26: Disaggregation of MISU Components in Traditional Pre/Post
Difference in Difference Result between Physicians Participating in the State
Loan Repayment Program and Never-Participating Physicians (Non-Primary
Care Specialties)
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Figure 3 republished with permission from WMJ. 2006;105(7):16-20. Copyright

2006 Board of Regents of the University of Wisconsin System and The Medical College

of Wisconsin, Inc., in the following email dated March 31, 2020:
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Figure 4 republished with permission from the Lewin Group in telephone

conversation with Lucia Davidson, Senior Project Information Coordinator with the

Lewin Group, March 24, 2020.

Table 2 republished with permission from the lead author, Dr. Donald Pathman,

in the following email dated March 23, 2020:
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