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Abstract

Rigid and broad market definitions can misrepresent consumption patterns and misguide re-

source allocation and policy decisions. We develop a new framework that flexibly defines over-

lapping markets at the consumer level by modeling consumption flows across space. Applied

to the U.S. Health Professional Shortage Area (HPSA) designations, our approach estimates 11.6

million people lack adequate access to primary care physicians (PCPs) — far fewer than the 30 –

100 million identified by HPSAs. Simulations indicate that allocating 3,734 additional PCPs could

eliminate shortages nationwide. These findings underscore the importance of flexible market de-

lineation and offer actionable guidance for improving primary care access.
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1 Introduction

Many government programs target resources to areas defined by existing geographic boundaries,

with limited attention to whether these divisions accurately reflect local market conditions. For exam-

ple, Economic Development Districts allocate grants along multi-county lines, and housing voucher

values are set at the metropolitan level. While targeting can, in principle, be more focused when

markets are defined narrowly, standard measurement methods are not well equipped to account for

interactions across boundaries — hence most programs rely on broad administrative divisions to ap-

proximate self-contained markets. This approach, however, often overlooks substantial within-area

heterogeneity, resulting in overly broad and less effective targeting.

We develop a new framework that flexibly evaluates resource access at the consumer level by

modeling consumption flows across arbitrarily small geographic units. We apply this framework to

evaluate primary care physician (PCP) shortages in the United States using the ZIP Code Tabulation

Areas (ZCTAs),1 and show that existing government designations substantially overstate the extent

of shortages and misidentify the locations most in need. Leveraging the network structure of patient

travel, we propose practical heuristics for more effective physician allocation that enable larger, more

targeted incentives to be deployed within existing budgets.

The shortage of PCPs has been a persistent public concern for decades: studies estimate that the

shortfall of PCPs ranges between 20,000 and 50,000 nationwide (Petterson et al., 2015); according to

the American Medical Association, as of 2023, approximately 83 million people in the U.S. live in

areas with PCP shortages (American Medical Association, 2023; Landro, 2024). In response, federal

and state governments have spent millions of dollars annually on programs aimed at addressing PCP

shortages with mixed results (Shugarman and Farley, 2003; Khoury et al., 2025).

Despite the policy attention, the current PCP shortage measures exhibit critical limitations. The

most widely used metric — federal designation of Health Professional Shortage Areas (HPSAs) —

guides the distribution of federal and state resources by identifying shortage areas based on population-

to-PCP ratios within fixed geographic boundaries. This approach ignores key factors such as traveling

for care across boundaries, within-area heterogeneity in access, and patient travel costs (Guagliardo,

2004). As a result, it tends to overstate shortages near major care markets and understate them in

regions with high inbound demand, which may lead to inefficient physician and funding allocations.

1The United States contains more than 33,000 ZIP Code Tabulation Areas, in contrast to approximately 3,000 counties.
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Our framework addresses these limitations by tailoring the market to each small consumer loca-

tion and allowing these markets to overlap arbitrarily. We use a small geographic division, the ZCTA,

as the unit of analysis, and directly model and estimate visit flows across ZCTAs. We measure PCP

access within patients’ 30-minute travel radius, we call the “catchment area”, which is consistent with

HPSA’s measurement principle, but our framework allows this area to be defined flexibly for each

ZCTA based on its local travel network. Residents in each ZCTA access primary care resources within

their catchment area, while physicians in the catchment area may also serve residents from other ZC-

TAs. Using administrative Medicare claims data, we estimate a gravity model of primary care visit

flows between ZCTAs, following Dingel et al. (2023), which allows us to endogenize and predict the

equilibrium total demand for PCPs in each catchment area. We also complement this framework

with detailed ZCTA-level travel time data from Hu et al. (2020) to construct a more realistic travel

network for patients. Our method naturally accounts for cross-boundary visits and allows for rich

heterogeneity in local travel patterns, patient demand, and unobserved primary care characteristics.

Maintaining the HPSA criteria, which define markets as underserved when each PCP covers more

than 3,500 people on average, we estimate that 11.58 million people lacked sufficient access to primary

care in 2019 — well below the 83 million figure reported by industry groups and the 32.2 million

residing in government-designated Geographic HPSAs. We also find that, conditional on the degree

of shortage, HPSA designations tend to prioritize areas traditionally viewed as underserved, such

as rural and socioeconomically disadvantaged communities, reflecting HPSA’s tendency to overlook

shortages in markets with high primary care inflows.

By incorporating the structure of the travel network, our framework also provides new insights

into more efficient targeting strategies. We contrast two algorithms for assigning new PCPs using

simulations: (1) add the PCP to the area that has the largest population in shortage, and (2) add the

PCP to the area that is connected to the largest population in shortage through the travel network.

Accounting for the network structure, the second algorithm eliminates national PCP shortages with

3,734 additional physicians — 8.5% fewer than under the first algorithm that only adds physicians to

shortage areas. This estimate is significantly lower than the commonly cited shortage of over 20,000

PCPs (Petterson et al., 2015), which is based on the population-to-PCP ratios calculated in HPSAs. The

Medicare HPSA Physician Bonus Program spent $150 million in 2019, on average around $3,000 per

eligible PCP, which would be sufficient to instead fund annual subsidies of approximately $35,000 per
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physician — for both existing and newly added physicians — in the ZCTAs targeted by our proposed

plan.2

Overall, our findings suggest that current PCP shortage measures both overstate the extent of

shortage and misidentify areas of need, and we highlight promising opportunities for improvement.

The observed shortage reflects not only an insufficient supply of PCPs but also inaccuracies in short-

age designations and inefficiencies in policy targeting. The extent of shortage in a given area depends

on both local physician availability and the broader flow of patient visits — an equilibrium outcome

shaped by demand, supply, and travel network structure. By directly modeling these flows, we can

better diagnose the shortage landscape and evaluate potential policy responses. Moreover, our re-

sults show that resolving PCP shortages does not necessarily require placing physicians directly into

shortage areas; instead, more strategic allocations that account for patient travel network can be more

effective in resolving shortages.

More broadly, this paper highlights the importance of a well-founded measurement framework

for assessing local conditions and designing targeted policies. A flexible delineation of markets yields

more reliable assessments and informs more effective and efficient resource allocation.

The rest of this paper proceeds as follows. Section 2 reviews the related literature. Section 3 intro-

duces the policy background of government-designated shortage areas. Section 4 describes the data

we use. Section 5 explains our shortage measurement framework and relevant model specifications.

Section 6 shows our estimates of primary care shortages and compares them with current govern-

ment designations. Section 7 simulates and compares different plans for allocating PCPs to eliminate

shortages. Sections 8 and 9 provide further discussions and conclude.

2 Related Literature

We contribute to multiple strands of literature: market definition, health care, and physician short-

ages. Defining and measuring consumer choices and access to resources is an essential task in eco-

nomic research — ranging from geographic markets (Manning and Petrongolo, 2017; Houde, 2012) to

online markets (Yu, 2024; Sullivan, 2025), and accounting for frictions such as behavioral and supply-

side constraints (Abaluck and Adams-Prassl, 2021; Agarwal and Somaini, 2022). More realistic market

definitions improve demand estimation, counterfactual prediction, and policy design. This paper ad-

2In 2017, the average (median) total individual income among 40- to 55-year-old PCPs is $282,300 ($235,300) (Gottlieb
et al., 2025).
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vances methods for defining and measuring access to resources across geographic space, enabling

more precise estimation of local demand and more targeted, cost-effective place-based policies.

The definition of geographic markets is of particular importance given their widespread use in

empirical research and policy design. Most existing approaches rely on the “little in from outside

(LIFO)” and “little out from inside (LOFI)” principle, epitomized by the ElzingaHogarty shipment

test widely used in antitrust analysis before the 2000s (Elzinga and Hogarty, 1973, 1978). Market

delineations such as Commuting Zones (often treated as local labor markets; cf. Autor and Dorn,

2013), Hospital Referral Regions (The Center for the Evaluative Clinical Sciences, Dartmouth Medi-

cal School, 1996), and other healthcare markets (Schappe et al., 2022; Michelson et al., 2025) follow a

similar logic, aiming to identify self-contained areas with fixed boundaries. However, these methods

often yield overly broad markets, leading to mismeasured local conditions, making potentially harm-

ful mergers appear benign (Capps et al., 2003; Dafny et al., 2019), and weakening policy effectiveness

(Collinson and Ganong, 2018). In response, researchers and policymakers have developed more fo-

cused, context-specific alternatives. In antitrust, authorities now rely on the hypothetical-monopolist

(SSNIP) test to identify the smallest set of products and locations over which a monopolist could prof-

itably impose a small but significant, nontransitory price increase (FTC, 2023); labor economists have

defined markets directly from worker mobility patterns (Nimczik, 2020); and, most closely related to

our study, Manning and Petrongolo (2017) construct flexible, overlapping job-seeker markets in small

geographic areas to better capture the local effect of demand shocks. Our framework aligns with

these developments in aiming to flexibly define markets for small geographic units while capturing

realistic consumption and substitution patterns. We contribute to this literature by developing a gen-

eral framework that accommodates heterogeneous consumption behaviors across space and readily

applies to other contexts where market boundaries are difficult to delineate.

The lack of reliable measurement tools for small geographic areas has posed substantial chal-

lenges for effective policy design and, at times, allowed market participants to game the system. For

instance, Corinth et al. (2025) and Freedman et al. (2023) show that the Opportunity Zone program —

which provides tax incentives for investments in low-income areas — has disproportionately subsi-

dized projects in locations already experiencing strong economic growth among the eligible tracts.

In this paper, we demonstrate that our measurement framework enables more precisely targeted

interventions, substantially reducing fiscal burdens while allowing for stronger and more effective
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incentives.

In the context of physician shortages, early studies questioned the need for policies aimed at

redistributing physicians geographically (e.g., Newhouse et al., 1982a,b), arguing that the observed

distribution may simply reflect market efficiency. However, the issue of healthcare access extends

beyond efficiency considerations, as healthcare is widely recognized as a fundamental human right

(World Health Organization, 2017). Measuring access to healthcare and addressing shortages is there-

fore a central policy concern, and this paper develops a reliable measurement framework to better

inform and improve policy design.

Our paper thus contributes to a long-standing literature on primary care shortages, the designa-

tion of shortage areas, and physician allocation. HPSA designations incentivize physicians to practice

in shortage areas, in return for benefits such as bonus payment and loan repayment options (see Sec-

tion 3 for more details). There is mixed evidence on the effectiveness of such financial incentives in re-

locating physicians to underserved areas and improving access to care (Shugarman and Farley, 2003;

Falcettoni, 2018; Mark, 2021; Sauve-Syed, 2025; Khoury et al., 2025). In particular, Khoury et al. (2025)

shows that, after a county is fully or partially designated as an HPSA, the equivalent population-to-

primary care physician ratio decreases from 2,571:1 to 2,493:1 in the medium run, almost all driven by

early-career PCPs. On the other hand, Falcettoni (2018) shows that student loan forgiveness programs

and other salary incentives, mostly tied to practicing in HPSAs3, led to 1.2 percent more physicians

choosing rural areas. Researchers have long been conjecturing that these limited effects are due to

insufficient incentives, and Congress also once considered increasing the Medicare Bonus payment

from 10% to 20% of the reimbursement rate (Shugarman and Farley, 2003). Our paper suggests that

the poor targeting of HPSA designation could be limiting its effectiveness and sheds light on potential

channels for improvement. If subsidies are better targeted at fewer areas, the federal government can

allocate more funding to each area using the same budget.

Methodologically, our framework improves upon methods used in the transportation and geog-

raphy literatures for measuring the spatial accessibility of healthcare resources (Guagliardo, 2004).

Luo and Wang (2003) highlight the limitations of using administrative boundaries to define physi-

cian shortage areas, and adapt the “floating catchment method” from job accessibility studies (Peng,

1997; Wang, 2000) to measure physician access. The floating catchment method addresses the key

3It is part of the Affordable Care Act: https://www.hhs.gov/sites/default/files/
v-healthcare-workforce.pdf.
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limitation that fixed-boundary measures ignore across-boundary access. Meanwhile, tools such as

kernel density functions (e.g., Guagliardo et al., 2004), simple gravity models (e.g., Joseph and Ban-

tock, 1982), and hybrid approaches (e.g. Neng Wan and Sternberg, 2012) are used to capture patient

travel patterns. These methods typically rely on oversimplified representations of visit flows; travel

costs are often calibrated or estimated using simple statistical methods, while other dimensions of pa-

tient preferences are either ignored or reduced to a single factor, such as physician counts. However,

studies have documented the significant influence of travel costs and local service quality on patients’

care-seeking behavior (Buchmueller et al., 2006; Currie and Reagan, 2003; Avdic et al., 2024; Battaglia,

2025; Rossin-Slater, 2013). We improve upon existing methods by adding a detailed economic de-

mand framework. We estimate a discrete choice model of patient care-seeking (à la Dingel et al., 2023)

that incorporates both travel costs and destination-specific unobserved attractiveness. These local

attractiveness terms are then projected onto a rich set of location characteristics and the number of

physicians, endogenizing the relationship between patient choice and physician distribution in the

travel network and allowing for more realistic counterfactual analyses.

3 Background

3.1 Healthcare Shortage Area Designations

Different types of healthcare shortage areas are designated by the federal Health Resources and Ser-

vices Administration (HRSA). These designations identify areas, populations, or facilities with in-

sufficient access to healthcare, and guide the allocation of federal and state resources for attracting

and retaining healthcare providers — via bonus payments, student loan repayment, J-1 visa foreign

residency requirement waiver, etc. — and for establishing community health centers and health main-

tenance organizations (HRSA Health Workforce, 2025b).

One of the widely used designations is the Geographic Primary Care Health Professional Shortage

Area (HPSA), which identifies primary care shortages considering the entire population in the area.4

Geographic Primary Care HPSAs are eligible for most government incentive programs. One such

program is the Physician Bonuses in Health Professional Shortage Areas (HPSA Bonus), operated

through Medicare, the public health insurance program that covers people aged 65 and older. The

HPSA Bonus pays 10% quarterly bonuses to primary care providers who furnish Medicare services in

4Other types of HPSAs designate certain populations or healthcare facilities. See Appendix B for more details.
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Geographic Primary Care HPSAs, on the basis of the amount billed to fee-for-service Medicare (CMS,

2025). Using Medicare claims data, we estimate that the Bonus program spent $150 million in 2019,5

more than doubled from the $56 million (in 2019 dollars) in 1998 (Shugarman and Farley, 2003).

The objective of this paper is to provide policy guidance on measuring and alleviating geographic

primary care shortage for the overall population. Therefore, we mainly benchmark our shortage

measure to the Geographic Primary Care HPSA.6 In the next section, we summarize and discuss the

criteria used to define Geographic Primary Care HPSAs. We refer readers to Appendix B and Khoury

et al. (2025) for more detailed discussions on other types of shortage designations, levels of HPSAs,

and related government incentive programs.

3.2 Designation Criteria of Geographic Primary Care HPSA

In this section, we summarize the main ideas behind the designation criteria for Geographic Primary

Care HPSA, and discuss its limitations and the motivation for developing an alternative framework.

To be eligible for Geographic Primary Care HPSA, an area needs to meet three general conditions

(HHS, 2025): i) the area is a rational area for primary care; ii) the area’s population-to-physician ratio

meets a certain requirement; iii) the area’s contiguous areas cannot help alleviate its shortage situation.

Rational Service Area A Rational Service Area is the HPSA’s definition for a primary care market.

Generally, a rational area for primary care service can be a single county or a group of contiguous

counties whose population centers are within 30 minutes of travel time, or a group of subcounties

or census tracts where the combined area does not have contiguous resources within 30 minutes. In

other words, people in a non-shortage area, abstracted to its population center, would have enough

primary care physicians within 30 minutes.

Population to Physician Ratio After defining markets, the next step is to measure whether each

market has enough primary care physicians. The main threshold HRSA uses is a population to full-

time-equivalent primary care physician ratio of 3,500:1, with the exception of a 3,000:1 ratio for areas

5Estimated using the 20% sample of Medicare Part A and Part B Carrier file, by calculating the 10% of Line Provider
Payment Amount of claims with Carrier Line Health Professional Shortage Area (HPSA)/Scarcity Indicator Code indicating
HPSA designation. We then multiply the sum by 5 to estimate the total national amount. See Section 4 for details about the
professional claims data.

6We acknowledge that, in practice, some shortage areas are designated as Population HPSAs instead: PCOs sometimes
apply for a Population HPSA as it is easier to justify than a Geographic HPSA, according to our interview with a state
PCO. Thus, whenever we compare our measure with Primary Care HPSAs, we also include a version comparing with both
Geographic and Population Primary Care HPSAs in the Appendix.
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with high needs for primary care. Using the 2019 HPSA designation data, we find that 64% of the

designated area (and 60% of the designated population) used the 3,500:1 ratio as the target. Under

our framework, places with high demand are directly reflected in the data, estimated with a high local

attractiveness, and accounted for in our shortage measurement. Therefore, in our baseline measure,

we use the standard 3,500:1 ratio for all areas, and include robustness checks using 3,000:1 in Table A.2.

Contiguous Area Considerations For each market, exceeding the cutoff (3,500 or 3,000) alone is not

sufficient to designate a shortage area, since its population can still access primary care resources in

adjacent areas — in other words, this market definition may misrepresent consumers’ choice sets. To

take this into account, HRSA specifies additional rules for the areas contiguous to the focus area.

However, these rules are ambiguous and may lead to multiple interpretations. First, there is no

clear guideline on how to define the boundary of the contiguous area in which residents may access

healthcare resources; these boundaries may be arbitrarily close or far from the area of consideration.

Even if one assumes that the adjacent area is a “rational area” too, there may still be multiple ways to

draw its boundaries.

Moreover, although it is inevitable to pick a ratio cutoff as the starting point (in this case, 3,500

or 3,000), the rule requires the contiguous area to have a population-to-physician ratio over 2,000:1 to

indicate “that practitioners in the contiguous area cannot be expected to help alleviate the shortage

situation in the area being considered for designation” (HHS, 2025), which appears ad hoc. It does not

consider the relative market size of the area under consideration and the contiguous areas, distance

and travel time, quality of services, or other important factors. In addition, the policy lacks credibility

for evaluating whether providers in nearby areas can indeed “help alleviate the shortage situation.”

A more detailed discussion of these rules is in Appendix B.

As further discussed in Section 5, the HPSA designation inevitably leads to significant ambiguity

especially when markets are defined based on areas with fixed boundaries: if the area is large, the

heterogeneity across small units inside the area is ignored; if the area is small, it is likely that people

inside the area also seek care in nearby areas, which, as seen in the HPSA case, complicates the criteria

design. This challenge motivates the new framework we propose in this paper.
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3.3 Current Measures on Primary Care Physician Shortage

After recasting all Geographic Primary Care HPSAs to ZIP Code Tabulation Areas (ZCTAs)7, we es-

timate that Geographic Primary Care HPSAs cover 32.2 million people in 2019. To find the number

of additional physicians needed to resolve the shortage, the widely cited measures (e.g., 14,000 from

KFF8) compare the status quo to the target ratio (3,500:1 or 3,000:1), and then sum up the number of

physicians needed to meet the target in all places.

This measure mechanically overestimates the physicians needed to resolve shortages, even if we

assume all shortage areas are properly defined. Figure 1(A) shows the areas designated as Geographic

Primary Care HPSAs in 2019. Many designated areas are adjacent to or near one another, so adding

a physician to one place should relieve the shortage in nearby areas. However, the current measure-

ment framework does not allow for such interactions, since each HPSA is considered in isolation and

available statistics do not capture patient flow between areas. This limitation is another key motiva-

tion for our framework.

As a preview of our results, Figure 1(B) compares the Geographic Primary Care HPSAs with our

shortage measure, which is described in later sections. The two measures disagree in many places:

pink areas are places where we measure a shortage but are not designated as a Geographic Primary

Care HPSA (5.6 million population), yellow areas are Geographic Primary Care HPSAs that we es-

timate not to have a shortage (26.3 million population), and blue areas are where the two measures

agree on shortage designations (5.9 million population). Many blue areas are next to or inside yellow

areas, suggesting that while some HPSAs do cover areas in shortage, the designation could be more

precisely targeted. We also see notable variation across states in the pink areas, suggesting differences

in how state Primary Care Offices survey and apply for HPSAs.

7We regard a ZCTA as designated if and only if more than 50% of its residential population lives in a designated area —
see Section 4 for more details.

8https://www.kff.org/other/state-indicator/primary-care-health-professional-shortage-areas-hpsas.
Accessed in May 2025 via Wayback Machine for record as of September 2019.
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Figure 1: Distribution of Geographic Primary Care HPSAs and Shortages, 2019

(A) Geographic PC HPSA (B) Our Shortage Designation vs. Geographic PC HPSA

HPSA:

Shortage: 286.8m 26.3m

5.6m 5.9m

Notes: Panel (A) shows, in blue, all ZCTAs that are designated as a Geographic Primary Care HPSA. For a partially

covered ZCTA, it is regarded as designated if more than 50% of its residential population lives in an HPSA. Panel (B)

shows the comparison between our shortage measure with Geographic Primary Care HPSAs at the ZCTA level. Our

measurement framework is described in Section 5.

4 Data

Flows of Primary Care Visits To estimate patient preferences for primary care and to predict visit

flows, we use a random 20% sample of Medicare fee-for-service beneficiaries between 2015 – 2019.

We restrict attention to enrollee-years older than 65 and with a full year of Medicare Part A and

Part B coverage, unless it is the enrollee’s year of death. We observe patients’ 5-digit ZIP codes of

residence each year associated with their mailing addresses. The baseline sample has 7.41 million

unique enrollees and 27.12 million unique enrollee-years.

From Medicare Part B professional claims, we observe the 5-digit ZIP code of the place of service.9

Following Barnett et al. (2021), we define a primary care visit as a claim with associated procedure

codes for initial visits, follow-up visits, and annual physical exams performed by a primary care

physician. After crosswalking ZIP codes to ZCTAs for each calendar year, we calculate the number

of patients from each ZCTA of residence who have a primary care visit in each ZCTA of service. If

a patient visits multiple ZCTAs for service in a given year, we split the patient proportionally to her

share of the number of visits.
9This variable is the 9-digit ZIP code associated with the place of service address. It is not available for professional

claims before calendar year 2015.
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Population We obtain the total population in each ZCTA from the American Community Survey

(ACS). For each focus year, we use the corresponding 5-year ACS estimate with that year as the termi-

nal survey year — for example, the 2015 – 2019 ACS estimate for populations in 2019. The Medicare

sample is only used to estimate coefficients in the demand flow model; all of our shortage measures

are based on the total population from ACS.

Primary Care Physician (PCP) Sample To calculate the number of primary care physicians (PCPs) at

each location, since our Medicare FFS claim-level dataset only contains a 20% beneficiary sample, we

supplement it with the Medicare Physician & Other Practitioners by Provider dataset from the Center

for Medicare and Medicaid Services (CMS). This is a public dataset derived from 100% of Medicare

enrollment and FFS claims data, and contains the use, payments, submitted charges, beneficiary de-

mographics, and physician characteristics aggregated at the physician-year level for the universe of

physicians who provided services to Medicare FFS beneficiaries.

Following the literature (e.g., Khoury et al., 2025) and PCP definition used in HPSA designations,

we define PCPs as physicians with specialties of internal medicine, family practice, general practice,

geriatric medicine, pediatric medicine, and obstetrics and gynecology,10 from the Medicare Physician

& Other Practitioners by Provider datasets. Our final analysis sample has over 275,000 PCPs.

Our primary care physician sample does not include those who do not provide care to Medicare

patients (i.e., over age 65), especially pediatricians — in 2019, there were estimated to be nearly 30,000

pediatricians in the US.11 Thus, we consider fewer physicians than HPSA does. Our lower shortage

population estimate indicates more severe overestimates by methods using HPSA. Meanwhile, since

the majority of family care physicians also see children (Jetty et al., 2021), our measure better reflects

the primary care access of the population.

PCP Locations The Medicare Physician & Other Practitioners by Provider dataset only contains

the ZIP code of each PCP’s primary business address registered on the National Plan and Provider

Enumeration System (NPPES). However, previous studies (such as DesRoches et al., 2015) have docu-

mented that the addresses in NPPES may not reflect physicians’ actual places of service, due to the lag

of updates, registration under group practices, or other logistical hurdles. Therefore, for physicians

10These specialty are the ones eligible for Medicare’s HPSA Bonus Payment Program.
11U.S. Bureau of Labor Statistics. https://www.bls.gov/oes/2019/may/oes291221.htm. Last accessed on May

27, 2025.
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who we observe in the Medicare FFS claims data, we instead use the ZIP of their places of service ob-

served in the claims. 81% of PCP-years in the Medicare Physician & Other Practitioners by Provider

dataset can be observed in our 20% Medicare FFS sample from 2015 to 2019. We allow PCPs to practice

in multiple places in the same year, by splitting them into ZIPs proportional to the number of claims

they furnished in each ZIP. For the remaining 19% PCP-years that we do not observe in the Medicare

claims sample, we keep using the ZIP of their place of service addresses registered in NPPES.

ZCTA-level Travel Time and Distance We use the ZCTA-level travel time dataset shared by Hu

et al. (2020), which contains travel between all ZCTA pairs within 150 miles, measured via ArcGIS

Network Analyst. For ZCTA pairs that are more than 30 minutes apart, we use distance to approxi-

mate patients’ travel costs. Here, we use ZCTA centroid coordinates provided by the National Bureau

of Economic Research (NBER).

HPSA Designation We obtain the historical record of HPSA designations via HRSA. This file con-

tains all the HPSAs that were once designated, with their dates of designation and withdrawal, HPSA

types (e.g., Geographical, Population), geographic unit types (e.g., single county, sub-country, census

track), and the identifier of the corresponding type. The HPSA designation needs to be reviewed ev-

ery three to five years, and the dataset contains the most recent update on variables such as designated

population, until 2024. Since HPSA designation can be based on different geographic unit types and

some ZIPs are partially designated, we convert all designations to the ZIP level (and later crosswalk

to ZCTA level) using crosswalks of ZIP-census tract, ZIP-county, and ZIP-sub county, from the United

States Department of Housing and Urban Development. These crosswalks all contain the population

shares for one-to-multiple ZIP matches, which we use to calculate the population share in a ZIP being

designated as HPSA. In the main analysis, we regard a ZIP as designated if and only if more than 50%

of its residential population is designated. We also supplement this data with the HPSA Auto-ZIP

data from CMS, which includes the list of ZIPs that are entirely covered by Geographic Primary Care

HPSAs in each year. CMS produces these files for the distribution of the Medicare 10% HPSA bonus

to PCPs. We let the HPSA Auto-ZIP file overwrite the Geographic Primary Care HPSAs identified via

the designation file above, since the Auto-ZIP file is not subject to errors in population shares from

the crosswalks and therefore is more accurate.

For more detailed descriptions of the variable construction and data sources, see Appendix A.
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5 Research Design

5.1 Measurement of Primary Care Shortage

In this section, we formally introduce our framework for measuring the shortage of primary care

physicians. Based on the discussion in Section 3, we keep our measure’s key principles as close as

possible to those of Geographic Primary Care HPSAs, while aiming to develop a more systematic and

conceptually consistent procedure.

Our approach is built on three key general principles used in the definition of Geographic HPSAs.

For each place j:

1. We aim to measure j’s shortage level in a predetermined region around j, Aj, e.g., the region

within 30 minutes of travel time from j;

2. We measure the shortage by a population-to-physician ratio, rj;

3. We set a predetermined threshold η̄j (e.g., 3,500 or 3,000), for the population-to-physician ratio

to define shortage — j is in shortage if and only if rj > η̄j;

These principles define the market for each place’s patients, measure supply and demand in this

market, and designate shortages relative to a pre-specified threshold of demand-to-supply ratio.

However, these three principles alone are insufficient for a consistently defined measurement

procedure. Specifically, they are ambiguous about which population and physician counts should be

used for calculating rj — those within location j, within region Aj, or others — and what to do when

two areas’ corresponding regions, Aj and Aj′ , overlap.

As discussed in Section 3, to handle these issues, HPSA introduces additional, somewhat arbitrary

requirements on j’s “contiguous” areas — such as a population-to-physician ratio larger than 2,000:1

— to indicate when nearby areas cannot “help alleviate the shortage” in j (HHS, 2025). First, there is

no clear guidance on how to define “contiguous areas”, which leads to ambiguity in measuring the

shortage. Moreover, although it is inevitable to choose a shortage threshold (e.g., 3,500:1 or 3,000:1

used in HPSA) as the starting point, the choice of 2,000:1 is relatively arbitrary. Our framework re-

solves these ambiguities by providing clear and consistent definitions of measurement principles and

objectives, and by directly modeling the visit flow across areas.
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Definition 1 (Catchment Area). For any geographic region of interest U (e.g., the entire U.S.), let P be a

given partition of U (e.g., the set of all ZCTAs). For any geographic unit j ∈ P , its catchment area, Aj, is a

subset of P containing all units in P that are within 30 minutes of travel to j:

Aj := {k | k ∈ P , t(j, k) ≤ 30 min.}

where t(j, k) is the shortest travel time between area j and k.

The catchment areas are defined by a pre-specified travel time threshold for measuring PCP cov-

erage, set by the policymaker. Given this threshold, the geographic space can be represented as a

travel network. Formally, let all geographic units j ∈ P form a finite, undirected graph G = (P , E),

where each j corresponds to a node. Two nodes are connected if and only if they are within 30 minutes

of travel time from each other; that is, ∀ j, j′ ∈ P , (j, j′) ∈ E ⇐⇒ j′ ∈ Aj. This network represen-

tation captures the interconnection among areas and provides useful insights for policy design, as

illustrated in the simulation exercises in Section 7.

The term “catchment area” is adopted from the transportation geography literature (e.g., Peng,

1997; Wang, 2000; Luo, 2004; Neng Wan and Sternberg, 2012) that uses similar concepts to study the

geographic coverage of resources. As discussed in Section 2, we improve on these methods with

an economic model of visit flows that allows for heterogeneity in patient choice sets and preferences.

This approach allows us to study the equilibrium effect of adding and reallocating physicians in coun-

terfactual analyses.

When calculating the travel time t(j, k), we abstract each element (“geographic unit”) of P to a

single “representative point” and measure the shortest travel time between these points. In empirical

applications, each geographic unit in P should ideally be small and internally connected, such that

a point can represent the behavior of the whole population in the unit. In this paper, we set our

geographic units to be ZCTAs, the finest location measure of patients in the Medicare claims data.12

We complete our measurement framework with the following definitions, and then provide a

simplified example to illustrate these concepts.

Definition 2 (Catchment Demand under Full Capacity). Let Dj be the population living in the geographic

12The within-ZCTA travel time estimated by Hu et al. (2020) has a median of 7 minutes (IQR 3.6 – 11), although we do
not use the within travel time in our estimation, due to its tendency to overestimate the between ZCTA travel times. See
Appendix A for more details.
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unit j ∈ P . The “catchment demand under full capacity”, D̃Aj , of any catchment area Aj, is the total number

of people seeking primary care in Aj, assuming all people from k, Dk, seek primary care at the same time and do

so only in Ak for all k ∈ P .

Definition 3 (Primary Care Physician Coverage Rate). Let Sj be the number of primary care physicians in

geographic unit j ∈ P . For any j ∈ P , the Primary Care Physician Coverage Rate, rj, is

rj :=
D̃Aj

∑k∈Aj
Sk

.

Definition 4 (Primary Care Physician Shortage). Given any shortage threshold, η̄ (e.g., 3,500 or 3,000), a

geographic unit j ∈ P is in primary care physician shortage if and only if

rj > η̄.

Definition 2 to Definition 4 explicitly define the shortage measure as a counterfactual analysis:

What would be the demand-to-physician ratio if everyone sought care at the same time, and only did

so within their own Aj? These definitions formalize the implicit premise underlying the idea of using

population-to-physician ratio in the traditional measure — namely, calculating the average physician

workload (potential patients per physician) as if the whole population seeks care at the same time

within the area.

The main idea of our shortage measure is simple and intuitive: to measure the shortage of people

in area j, we account for both the number of physicians in all the places they can access, and, in

these places, the total number of people who share the same physician resources. The next step is to

calculate catchment demand under full capacity, D̃Aj , which requires predicting visit flows between

many pairs of geographic units. Previous literature in transportation geography (e.g., Luo and Wang,

2003; Luo, 2004; Neng Wan and Sternberg, 2012) relies on simple decay functions with calibrated

coefficients, or uses distance or physician counts in simple functional forms. In contrast, we estimate

a demand model of primary care services with rich heterogeneity using national Medicare claims and

travel time data, as described in Section 5.2. This model allows us to consider not only travel costs and

physician counts, but also unobserved local primary care service attractiveness, real travel networks

and constraints, and variation in primary care choice sets, which are crucial to measuring the inflow

and outflow of nearby regions and delivering a reliable coverage measure.
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Figure 2: An Illustration of Our Shortage Calculation

1 2 3
30 min. 30 min.

A1

D1 = 3,000
S1 = 2

D2 = 5,000
S2 = 0

D3 = 0
S3 = 5

D̃A1 = D1→1 + D1→2 (= D1 = 3,000)

+ D2→1 + D2→2 (= D2 − D2→3)

+ D3→2 (= 0)

r1 =
D̃A1

S1 + S2

(
=

3,000 + 5,000 − D2→3
2 + 0

)

Area 1 is in shortage (i.e., r1 > 3,500) if and only if

D2→3 < 1,000

We present an illustrative example of our measurement framework in Figure 2. Consider three

ZCTAs, labeled 1, 2, and 3, positioned on a straight line such that {1,2} and {2,3} are each 30 minutes

apart. Let Dj denote the population and Sj is the number of primary care physicians in each ZCTA

j ∈ {1, 2, 3}. We focus on evaluating whether 1 is in shortage. In this example, 1’s catchment area is

A1 = {1, 2}, and the calculation of 1’s coverage rate r1 is shown in the figure.

Since 3 is accessible to residents in 2, the shortage status of 1 depends on the number of people

from 2 seeking primary care in 3, D2→3. For example, if D2→3 = 0, then r1 = 3000+5000
2 > 3,500 and 1

is in shortage; 1 is in shortage if and only if D2→3 < 1,000. Intuitively, whether people in 1 live in a

shortage area depends on how many people from 2 and 3 share physicians with them in 1 or 2. In this

simplified example, since 3 has no population, only the flow from 2 to 3 matters. If 3 had a positive

population, we would also need to account for people from 3 seeking care in 2, since these people

would directly share physicians with people in 1.

Instead, if one used areas with closed boundaries to define markets and shortages, the shortage

designation would entirely depend on the arbitrarily-drawn boundaries that partition the space. If

we regard 1 as its own area, its coverage rate is 3000
2 < 3500, so 1 is not in shortage; meanwhile,

we fail to consider the fact that people in 2 may also seek care in 1. If we combine 1 and 2 together

as one area, then the population-to-physician ratio of the whole area is 4000, which is qualified as in

shortage; however, we then fail to account for patients in 2 also seeking care from physicians in 3. Our

new measurement framework, therefore, resolves this ambiguity and provides a consistently defined

measure for any interconnected units.

This example highlights the advantage of our framework and the importance of predicting visit
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flows between ZCTAs in our framework. The next section describes our methodology for modeling

these flows.

5.2 Model of Primary Care Demand

Following Dingel et al. (2023), we build a gravity model of primary care demand to recover the

revealed-preference measure of patients’ travel costs and the attractiveness for each location in each

year. The model is estimated using the observed flow of primary care visits between ZCTAs for sam-

pled Medicare fee-for-service beneficiaries. We then combine model estimates and population data

from the national census to evaluate PCP shortages. Throughout this section, we use “patients” to

denote all sample beneficiaries, including those who did not seek care.

Let d (“destination”) index the location of providers, o (“origin”) index the location of beneficiary

k, and t index calendar year. Patient k’s indirect utility from getting primary care in location d in year

t is

udkt = log δdt + log ρo(k)d + εdkt

where δdt is the attractiveness of location d at time t, ρo(k)d is the travel cost between o and d, and

εdkt is an i.i.d. Type-I Extreme Value shock. The outside option d = 0 is not getting care, which we

normalize to δ0t = 1 for all years. Patients have homogeneous outside options and agree on the mean

attractiveness of each location — that means we do not model patient heterogeneity in health and

patient-provider matches.13 The choice probability of patients living in o choosing care at d is then

sodt =
exp(log δdt + log ρo(k)d)

∑d′∈Co∪0 exp(log δd′t + log ρod′)
,

where Co is the set of potential destinations of people in o.

Let Not be the total number of patients residing in location o at time t, and Qodt be the number of

patients from o who got care in location d at time t. The primary care flow between locations is the

share of Not choosing location d at t:

Qodt = δdtρod
Not

∑d′∈Co∪0 δd′ρod′
.

13If patients also care not only about accessing any physician, but about specific matches, then our measure would differ
from the real shortages — yet this idea is not incorporated in the HPSA either.
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Taking the log of both sides of this equation, we get

log Qodt = log δdt + log ρod + log θot. (1)

log θot = log
(

Not
∑d′∪0 δd′ρod′

)
is an origin-year fixed effect and log δdt is a destination-year fixed effect. The

origin-year fixed effect, therefore, captures the inclusive value of origin ZCTA’s choice set, or its over-

all accessibility in primary care; the destination-year fixed effect estimates the overall primary care

attractiveness of the destination ZCTA. We estimate (1) using Poisson Pseudo-Maximum Likelihood

(PPML; Silva and Tenreyro, 2006), which accommodates zero visit flows. We include a balanced panel

of origindestination pairs that have any positive visit flows during our sample period. PPML allows

us to retain yearpair observations with zero visits within these pairs. In estimation, we parameterize

the travel cost as

log ρod =


γ0 if o = d;

γ1 log[travel timeod] if travel timeod ≤ 30 mins;

γ2 log[distanceod] if travel timeod > 30 mins.

(2)

We represent travel cost between two ZCTAs using the estimated drive time from Hu et al. (2020) if

the driving takes less than 30 minutes, and using the great-circle distances for farther ZCTA pairs. The

travel time estimates enable us to incorporate meaningful heterogeneity in the local road network and

congestion; in Appendix Figure A.1, we show that the maximum distance patients can travel within

30 minutes in our sample indeed varies substantially across patient ZCTAs.

5.3 Factors Behind Primary Care Attractiveness

In this section, we model the local average attractiveness of primary care service, δjt, as being pro-

portional to the number of primary care physicians and local healthcare amenities. This allows us to

endogenize visit flows in the counterfactual simulation, where we change the physician distribution.

In addition, l̂og δjt estimated from the visit flows may contain temporary demand shocks, which could

bias our baseline shortage measure; the panel data and additional variables on local health amenities

can help us separate these shocks.
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For place j at time t, we model

δ̂jt = δ̃jtξ jt

δ̃jt = AjtSα
jt,

where δ̃jt is the baseline primary care attractiveness of place j at time t, and ξ jt an i.i.d. log-normal

shock with mean 1; Ajt is the local primary care amenity level, and Sjt is the number of primary care

physicians.

We separate ξ jt and estimate α using the following regression

l̂og δjt = α log Sjt + g(Xjt) + log ξ jt. (3)

In the absence of good instrumental variables that exogenously shift Sjt,14 we use a flexible function

g(·) of observables Xjt, which contains ZCTA fixed effects, year fixed effects, and observed time-

varying ZCTA characteristics such as the number of hospitals, median income, and the age distribu-

tion, to approximate the local healthcare amenity Ajt that is invariant to the number of physicians.

Omitted variables may still bias our estimate of α, the coefficient on PCP counts Sjt, in either direc-

tion; it is reassuring that the estimate remains robust after flexibly accounting for local characteristics

in different specifications, as discussed in Section 6.

We then have

l̂og Ajt = ĝ(Xjt)

log δ̃jt = α̂ log Sjt + ĝ(Xjt). (4)

In the results and counterfactual simulations, we use log δ̃jt, instead of l̂og δjt, to predict the expected

visit flows. Some ZCTAs do not have estimated l̂og δjt because we observe neither providers nor

visits in the Medicare claims data for those ZCTAs. We expect these places to have low primary care

amenity levels, and therefore fill in their l̂og Ajt with the minimum value estimated in the ZCTA’s

state in each year.

14Theoretically, the Primary Care HPSA could potentially be a good instrumental variable. However, as we discussed in
Section 3, the policy has limited effect, so it easily fails the test for relevance.
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6 Results

This section discusses two sets of results. We first show estimates of model parameters. We then

report our measure of primary care shortage, and compare it with HPSA’s designations.

6.1 Model Estimates

Table 1 shows the coefficients on travel costs from the demand models. All else equal, the travel time

(log minutes) elasticity of primary care demand is -0.840 for areas within 30 minutes of travel, and

the travel distance (log miles) elasticity is -1.609 for areas over 30 minutes of travel; both are precisely

estimated. This result is similar in magnitude to Dingel et al. (2023) — their estimate of distance

elasticity for specialist care between Hospital Referral Regions is -1.689, using Medicare claims data

from 2017. The coefficient on seeking care in the patient’s own ZCTA is negative since it is normalized

to the outside option of not seeking care, for which the travel time is set to zero.

In addition, we estimate the revealed-preference measure of average attractiveness for primary

care for all ZCTAs with at least one primary care physician in the years 2015 to 2019. Panel (A) of

Figure 3 shows the distribution of estimated log attractiveness for 2019, with considerable variation.

As shown in Panel (B) of Figure 3, estimated primary care attractiveness is positively associated with

the number of PCPs in a ZCTA, and in Panel (C) with the number of acute care hospitals, an important

indicator of local healthcare amenities.

Table 2 shows the estimated coefficients in equation (4), a parameterized model projecting esti-

mated attractiveness onto health amenity levels and the number of primary care physicians. Across

specifications, the elasticity between PCP count and a location’s primary care attractiveness is close

to 0.7. Different specifications vary g(Xjt), the control variables included in this regression. In col-

umn (1), we only control for the number of acute care hospitals, children’s hospitals, and children’s

acute care hospitals in a ZCTA. In column (2), we additionally include year fixed effects. Columns (3)

and (4) use the post-double selection method to flexibly control various ZCTA characteristics (Belloni

et al., 2014; Ahrens et al., 2018); a full list of ZCTA characteristics is in Appendix Table A.1.

20



Table 1: Parameter Estimates: Patient Travel Costs

Dep. var: PC flow btwn. ZCTAs

Own ZCTA -0.944 (0.00887)

Log distance (if > 30 min) -1.609 (0.00238)

Log time (if ≤ 30 min) -0.840 (0.00244)

# Patient ZCTAs 32,507

# Provider ZCTAs 14,427

Obs. 9,028,665

Notes: Table shows estimates of the gravity equation (1) under the parameterization of travel costs (2). We use the Poisson

pseudo-maximum likelihood estimator (Silva and Tenreyro, 2006), estimated using the software package by Correia et al.

(2020).
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Figure 3: Estimated Primary Care Attractiveness (2019)

(A) Distribution of Attractiveness

0

.05

.1

.15

.2

F
ra

ct
io

n

-10 -5 0 5 10
Log estimated attractiveness

(B) vs. Number of Providers

-1

0

1

2

3

4

Lo
g 

# 
of

 P
C

P

-6 -4 -2 0 2
Log estimated attractiveness

Slope: 0.560 (0.007)

(C) vs. Number of Hospitals

-.2

0

.2

.4

.6

.8

# 
of

 A
cu

te
 c

ar
e 

ho
sp

ita
l

-6 -4 -2 0 2
Log estimated attractiveness

Slope: 0.101 (0.002)

Notes: Panel (A) plots the histogram of log estimated attractiveness parameters for primary care from (1). Panel (B) and

(C) are binned scatterplots of log estimated attractiveness against log number of providers, and log number of acute care

hospitals, respectively. The slope for each line of best fit and its standard error from a regression in the data prior to

binning are shown in the figure. We restrict attention to 2019 in all three panels.
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Table 2: Parameter Estimates: Attractiveness

(1) (2) (3) (4)

Log PCP count (α) 0.746 0.735 0.736 0.731

(0.0159) (0.0159) (0.0160) (0.0160)

Year FE

No. of ACH, children, CAH

PDS (Belloni et al. 2014), local chars.

Obs. 62,465 62,465 62,465 62,465

Notes: Table shows the estimated coefficient on log PCP count for equation (3). ACH: acute care hospitals. CAH:

Children’s acute care hospitals. PDS: post double-selection à la Belloni et al. (2014). Local characteristics variables used in

the procedure are listed in Appendix Table A.1.

6.2 The Shortage Landscape

To calculate the coverage ratio of all ZCTAs, we predict the catchment demand under full capacity, as

defined in Definition 2, for all ZCTAs with a positive population. We use the estimated baseline

attractiveness from Equation (4) and the travel cost estimates to predict visit flow Do→d, the potential

number of patients going from each origin ZCTA o to destination ZCTA d. Based on Definition 2,

there are two distinctions between Do→d and the Qo→d used in the estimation: first, the market size

is the population residing in ZCTA o, instead of the number of Medicare beneficiaries; second, we

remove the option of not seeking care, and restrict the choice set for population in ZCTA o to Ao, the

set of all ZCTAs within 30 minutes of travel from o. We then calculate the coverage rate, which equals

the catchment demand under full capacity divided by the total number of primary care physicians in

the catchment area Ao, as in Definition 3.

Figure 4 visualizes the primary care physician coverage rates for all ZCTAs in the U.S. Areas with

coverage rates greater than 3,500 are in red; these are shortage areas defined following the standard

of HPSA designation. These areas cover 11.58 million people in total, or 3.57% of the U.S. population,

which is 64% fewer than the 32.2 million covered by the Geographic Primary Care HPSAs.

23



Figure 4: Geography of Primary Care Shortage Ratio, 2019

Notes: Total population in shortage areas (coverage rate 3,500+): 11.58 million (3.57% of national population). Figure plots

the ZCTA-level primary care coverage rates, as defined in Section 5. ZCTA population data comes from the American

Community Survey 2015 – 2019 5-year estimates.

Figure 5 investigates how our estimate of primary care shortage is associated with Medicare pa-

tients’ preventive care use. To aid with interpretation, we conduct this analysis at the Hospital Referral

Region (HRR) level, a common geographic unit used for analyzing tertiary care. For each HRR, we

calculate the share of population that does not live in a shortage ZCTA, and compare it with the share

of Medicare beneficiaries who used any preventive care. We find a positive association between the

two (with the slope being 0.25, standard error 0.03). We also highlight, for each state, the HRR that has

the largest share of population in primary care shortage, as defined by our framework. This uncovers

the heterogeneity between states: for New England and Mid-Atlantic States, such as MA, NJ, ME,

and NH, the HRRs with more shortage population are close to the national average of 96% living in

non-shortage ZCTAs. The most severe shortage HRRs in mountain states, southern states, and geo-

graphically diverse states such as CA and TX, have over 20% of the population living in primary care

shortage ZCTAs.
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Figure 5: Estimated HRR-level Primary Care Coverage vs. Preventive Care Use
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Notes: We calculate the share of population living in non-shortage ZCTAs (estimated by this paper) for each Hospital

Referral Region (HRR) in 2019. We plot this variable against HRR’s share of Medicare patients who had any preventive

care visits. Highlighted in blue are HRRs that have the smallest y-variable of its state. For expositional clarity, not all

highlighted HRRs are labelled with names.

As mentioned in Section 5, the geographic unit used in this framework should ideally be small.

We use ZCTA since it is the smallest unit for which we can still obtain rich enough information for

estimation, and we believe results generated at this level can provide useful lessons.

In our measure, we use the threshold of 3,500:1, the standard target for most HPSA designations.

HPSA designations use the 3,000 threshold for areas with “high needs for primary care services or

insufficient capacity of existing primary care providers”. In our framework, such patterns are reflected

in the visit flows data. Therefore, related local characteristics are embedded into estimates of the

primary care demand model, and are accounted for in the shortage measurement and counterfactual

analysis. Still, in Table A.2, we reevaluate the shortage using the 3,000:1 threshold as a robustness

check, and find 18.28 million population living in shortage areas. Even with this more lenient cutoff,

the estimate is still significantly lower than the 32.2 million population covered by Geographic HPSAs.

Table A.2 also presents other robustness checks that vary the travel time threshold and travel

elasticities, demonstrating that HPSAs over-designate. As we decrease the travel time radius and
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require patients to have access to closer PCPs, the estimated overall shortage naturally increases.

However, even if we permit traveling to PCPs within only 25 minutes, the estimated total shortage

population of 21.62 million is still lower than the current Geographic HPSA measure, which uses the

30-minute cutoff.

Moreover, the shortage measure exhibits limited changes even when we increase or decrease the

travel cost for all ZCTAs by 50%, because the 30-minute travel time cutoff is already restrictive enough

that, within this radius, the travel elasticity does not significantly affect where people seek care. These

findings suggest that our measure provides a reliable estimate of the national PCP shortage, even if

the travel cost elasticity estimated from the Medicare population may differ somewhat from that of

the general population.

In the bottom panel of Table A.2, we reduce travel costs only for residents of shortage areas,

simulating a simple travel subsidy policy, while keeping their travel network as-is. The changes to

the shortage population are minimal, even when travel costs are reduced to just 10% of their current

level. This suggests that shortage areas lack providers within the pre-set 30-minute travel network

radius, which cannot be solved through encouraging travel within this radius. Rather, alleviating

shortages requires more direct interventions: either increasing the supply of physicians near shortage

areas — as we explore in the next section — or steering patients in non-shortage areas away from the

physicians accessible to shortage areas.

6.3 Comparison to HPSA Designations

We benchmark our shortage measure with the current government shortage designation, the Geo-

graphic Primary Care Health Professional Shortage Areas. To do so, we take a snapshot of HPSA

designations in 2019 and compare them with the ZCTA-level primary care coverage rates we cal-

culated. We have previewed the differences in shortage classification in Figure 1, in which we see

considerable disagreement between the two.

To investigate underlying factors that drive these disagreements, we regress an indicator for a

ZCTA being in a Geographic HPSA on a vector of ZCTA characteristics, controlling for indicators

for each decile of the ZCTA’s coverage rate. In the regression, we include Z-scores of the variables,

constructed by re-centering the variable around its mean, divided by its standard deviation. The

coefficient on the Z-score can be interpreted as, for ZCTAs in the same coverage rate decile that we

estimated, the association between a standard deviation increase of the variable of interest and the
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probability of it being designated as a Geographic Primary Care HPSA, holding values of all other

variables fixed. The normalization to Z-scores makes coefficients comparable across variables.

Figure 6 plots these coefficients. Most notably, HPSA designations prioritize areas with low shares

of urban population, high shares of racial and ethnic minority residents, and high shares of residents

living in poverty or with Medicare, even conditional on our estimated coverage rate.

We provide two potential mechanisms. First, this can reflect the disadvantage of a fixed-boundary

approach used by HPSA designations, where a population-to-physician ratio is calculated within the

boundary of the area, and cross-boundary visit flows are ignored. The fixed-boundary approach tends

to understate the shortage for areas with a large inflow of patients seeking primary care, which are

likely to be urban areas with more providers. This can be a reason why urban areas and areas with

fewer minority populations are less likely to be designated.

Second, these results may reflect some logistical complexities in the HPSA designation faced by

state primary care offices (PCOs). As mentioned in Section 3, an HPSA designation is often initiated

by the state PCO, which first needs to survey for potential shortage areas in the state, and then tries to

justify the shortage using data available in the online application. Results from Figure 6 indicate that

HPSAs tend to designate areas that are “stereotypically” in shortage, which reflects that state PCOs

may sometimes need to form a prior on the shortage landscape before deciding which areas to survey,

resulting in certain bias against areas that do not normally fit the prior.
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Figure 6: HPSA Designations Priorities
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Notes: We run an OLS regression of an indicator for a ZCTA being a geographic HPSA on a set of each ZCTA

characteristic listed on the left of the figure, conditional on deciles of the coverage rate defined in section 5. In the

regression, we include Z-scores of the variables, constructed by re-centering the variable around its mean, divided by its

standard deviation. Figure plots the coefficient on each Z-score variable. CCI: Charlson Comorbidity Index, a score

ranging from 0-37 that captures a patient’s mortality risk based on age and chronic conditions. We take the ZCTA-level

average of it among Medicare beneficiaries included in our sample.

Compared to HPSA designations, our measure also better predicts primary care access observed

in the data. At the ZCTA level, it explains more variation (higher R2) in the share of beneficiaries with

at least one primary care visit within 30 minutes — conditional on having any primary care visits —

than the HPSA designations (Figure A.2).

7 Simulation of Allocation Policies

The new framework and the model estimates allow us to simulate different policies for adding physi-

cians and compare their effectiveness. Deriving the optimal plan that resolves all shortages with the

fewest number of physicians is an NP-hard problem.15 Therefore, in this section, we simulate adding

physicians to places based on various heuristics, and compare their efficiencies in resolving shortages.

15Similar to the p-median problem in Auerbach and Dix (2019). Our problem is reduced to the classic NP-hard dominating
set problem or set cover problem (Karp, 2009) when the shortage cutoff becomes infinity, i.e., an area is defined not in
shortage as long as there is one doctor within 30 minutes.
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As mentioned in Section 5, we represent the geographic space as a travel network, where each

ZCTA is a node and two nodes are connected if and only if they are within a 30-minute travel time.

This network informs us how markets overlap with each other. We can then simulate different algo-

rithms while holding the structure of this travel network fixed.

In each iteration, we add one primary care physician to a ZCTA. We test two different heuristics

for choosing the target ZCTA:

• V1: Add the physician to the ZCTA that has the most population in shortage;

• V2: Add the physician to the ZCTA that connects to the most population in shortage;

Heuristic V1 assumes the policymaker does not have any knowledge of the travel network structure,

and aims to maximize the static return on adding the additional physician only using the “node-

by-node” information. Heuristic V2 leverages the simplest local network structure, incorporating

information from adjacent nodes. This policymaker still maximizes the static return of the additional

physician, but considers the population being covered in adjacent areas. Mechanically, V1 only adds

physicians to areas that are labeled as a shortage area, which is similar to the current policies that only

provide eligibility for government programs to designated HPSAs. V2, however, can potentially add

physicians to non-shortage ZCTAs when some of its adjacent ZCTAs are in shortage.

Figure 7: Comparison of Heuristics for Adding Physicians
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Figure 7 shows the main simulation result. Panel (A) shows that V1 requires 4,081 additional
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physicians to eliminate the primary care physician shortage in the U.S., and V2 only requires 3,734.

The heuristic that leverages the simplest network structure (V2) uses 8.5% fewer physicians. Panel

(B) calculates the difference in additional physicians used at each level of the resolved shortage pop-

ulation. V2 uses >100 fewer physicians, compared to V1, when eliminating 8 million shortage popu-

lation in the U.S., and >300 fewer physicians when eliminating 11 million shortage population.

Figure 8: Share Added to Non-Shortage Areas
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Adding a physician to a node in the travel network affects all connected markets in equilibrium.

Therefore, the number of physicians needed to resolve the shortage depends on the targeting policy,

and some knowledge of the network structure can provide meaningful improvement on the policy’s

efficiency. This efficiency gain mainly stems from the fact that V2 adds physicians to areas not in

shortage but connected to multiple shortage areas. Figure 8 shows the share of physicians added to

non-shortage areas. Panel (A) shows that V2 adds more than 30% of physicians into non-shortage

areas when it adds the 500th physician, and by the end, when shortages are fully eliminated, 40% of

the 3,734 additional physicians are added to ZCTAs with no shortage.

Our finding also highlights the importance of accounting for heterogeneity in factors not related

to healthcare, such as road networks, in designing shortage policies. In Panel (B) of Figure 8, for

each state, we plot the share of physicians added to shortage areas when all shortages are eliminated.

We see that states from the West, although requiring a similar level of additional physicians as states

in the South and the Midwest, added fewer physicians to ZCTAs with no shortage. One potential
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explanation is that shortage areas in the West are more isolated and have poorer road connections

to nearby areas. In this case, the only way to resolve shortages in those areas is to add physicians

directly to them. Conversely, in states that are densely populated, flat, or have better road networks,

such as MD, IN, and GA, the simulation adds more physicians to non-shortage areas that connect

to more shortage population. The current HPSA designations use a simple correspondence between

different terrain types to appropriate travel distances to account for heterogeneity in travel times:

20 miles for normal conditions with access to primary roads, 15 miles for mountains or areas with

only secondary roads, and 25 miles for flat areas or areas connected by interstate highways (HHS,

2025). Our finding shows the importance and advantage of incorporating richer travel patterns using

a data-driven approach.

Meanwhile, the status quo shortage distribution (Figure 4) has many shortage and non-shortage

areas close to each other, which provides an opportunity for efficiency gains by placing a doctor who

serves multiple shortage areas. This pattern provides a new perspective on shortage policy design:

Resolving the physician shortage does not always require adding physicians to shortage areas.

As shown in Figure 1 and Section 6, our shortage areas disagree with the Geographic Primary

Care HPSAs in many places, with the latter covering more areas and populations. Still, many physi-

cians added in our simulation are in areas that are not designated as Geographic Primary Care HPSAs,

which further indicates the potential for improvement in current targeting policies. Figure A.5 shows

more details at the state level.

Finally, we acknowledge that V2 is unlikely to be the optimal algorithm as this problem is NP-

hard. V2 does not account for dynamic effects within each iteration, where adding one physician may

influence demand beyond adjacent nodes; nor for effects across iterations, where adding one physi-

cian may alter the effectiveness of adding the next. Nonetheless, we view this policy as one of the

most practical improvements available to policymakers due to its simplicity, and our simulation sug-

gests it delivers promising gains. Using the Medicare claim data, we also estimate that the Medicare

HPSA Physician Bonus Program spent $150 million in 2019, which could instead be used to subsidize

around $35,000 per year for each physician working in the ZCTAs targeted in V2.
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8 Discussions

Our study has several limitations. First, our demand model is estimated using the Medicare fee-for-

service sample. Although this sample only consists of adults above 65 years old, it is the only dataset

available with national coverage and rich geographic information on both patients and providers.

Because Medicare fee-for-service plans do not restrict patients to a provider network, we are unable

to measure non-geographic barriers of accessing care, such as being uninsured or having a private

insurance plan with limited provider networks. Second, we do not model details in the providers’

labor market, which may include, but are not limited to: (1) heterogeneity in providers and patient-

provider matching at the individual level, which Mark (2021) studies extensively in the context of

a payment reform for primary care providers in Northern Ontario, Canada; (2) physicians’ labor

supply, as well as substitutability and/or complementarity between primary care and specialty care

providers, which is the central focus of Falcettoni (2018). Finally, our counterfactual simulations may

ignore potential practical and logistical complexities involved in allocating physicians. Incorporating

these factors and exploring their interactions with shortage-relief policies is an important direction

for future research.

Nurse practitioners (NPs) can also provide basic primary care services, though the scope of their

practice varies across states (see Currie et al., 2023). This paper benchmarks against Health Pro-

fessional Shortage Areas (HPSAs), which consider only primary care physician (PCP) coverage. A

comprehensive assessment of how NPs can compensate for limited primary care access is beyond

the scope of this paper. Nonetheless, we find that areas with insufficient PCPs also tend to have few

NPs. Among all ZCTAs where our simulations add PCPs, 87.4% of PCPs are added to ZCTAs that

currently have fewer NPs than the number of additional PCPs required, and 64.8% of PCPs are added

to ZCTAs with no NPs at all. These patterns suggest that existing NP capacity may be insufficient to

substantially mitigate PCP shortages.

9 Conclusions

In this paper, we developed and formalized a new framework for defining sensible geographic mar-

kets, using flexible catchment area designs and a spatial model of demand flows. We apply this

framework to measuring primary care physician shortage in the U.S. Our method improves the reli-

ability and consistency of the current measures used for various government subsidy programs that
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define shortages independently for areas with fixed boundaries. Combining our measurement frame-

work and a model estimated on rich data, including Medicare fee-for-service claims, location char-

acteristics in the American Community Survey, and a dataset on travel times between ZCTAs, we

estimated that the U.S. had 11.58 million people living in areas with primary care shortage in 2019,

which is 64% lower than the counterpart measure of shortage using the Geographic Primary Care

Health Professional Shortage Areas (HPSAs). We found that, conditional on our measured shortage

levels, the Geographic Primary Care HPSAs were more likely to designate rural, low-income areas

and areas with high population of racial and ethnic minorities, reflecting potential behavioral bias in

states’ designation processes and the methodological bias in the HPSA measure, which understates

the importance of patient travel and tends to overlook areas that receive more primary care inflows.

Simulation analysis revealed that an additional 3,734 primary care physicians can eliminate pri-

mary care shortages nationwide, and we provide a simple heuristic for efficiently adding these physi-

cians. By leveraging the interconnectedness of patient choice sets, the heuristic uses 8.5% fewer physi-

cians compared to a naive approach that only adds physicians to shortage areas, similar to the current

targeting policies for HPSAs. We also document that the Medicare HPSA Physician Bonus Program

spent $150 million in 2019 — an amount that could instead fund annual subsidies of around $35,000

per physician for all physicians in the ZCTAs targeted under our proposed plan. The simulations

provided a useful insight: resolving the physician shortage does not necessarily require adding physicians

directly to shortage areas. This could potentially lead to higher effectiveness of incentive programs,

since, by physicians’ revealed preference, they would be more willing to go to non-shortage places

than shortage ones.

On top of a conceptually consistent measurement design, the development and application of our

new framework are facilitated by the use of high-quality data. Using the Medicare claims data with

national coverage, complemented with detailed geographic, patient, and physician characteristics

from various data sources, as well as travel times data provided by Hu et al. (2020), we estimate a

flexible demand model with rich heterogeneity in patient preferences and unobserved local service

attractiveness. This combination of granular data and methodological innovation allows us to make

significant improvements over previous approaches, including those in fields outside of economics

(e.g., Luo and Wang, 2003; Luo, 2004; Neng Wan and Sternberg, 2012).

A central challenge in designing policies to relieve physician shortages is that both primary care
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physicians and government subsidy budgets are scarce resources. The policymaker must balance

the risks of missing potential shortage areas and spreading limited resources too thinly across too

many places. If policies are not well-targeted, related incentive programs may become ineffective

everywhere.

Our analysis suggests that the current shortage designation is overly broad and lacks efficient tar-

geting, and we propose practical heuristics that demonstrate promising gains in allocation efficiency.

The current outcry over the primary care physician shortages (e.g., Landro, 2024) reflects not just a

shortage of physicians, but a shortage of reliable shortage measures and effective targeting policies.

We believe this study highlights some promising directions for improvement — in data, methodol-

ogy, and policy designs — which warrant further discussion and collaboration from academics and

policymakers.
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A Additional Data Descriptions
Crosswalk from ZIP to ZCTA The places of service for PCPs are identified via ZIP codes, yet most
of our demographic, travel time, and distance data are at the ZIP Code Tabulation Area (ZCTA) level.
Therefore, we crosswalk all ZIP codes in our data to ZCTA using the crosswalk from the Health
Resources and Services Administration’s HCP GeoCare Navigator. 16

ZCTA-level Travel Time and Distance We use the ZCTA-level travel time dataset shared by Hu
et al. (2020), which contains travel between all ZCTA pairs within 150 miles, measured via ArcGIS
Network Analyst. 17 This dataset also calculates the within-ZCTA travel time for all ZCTAs in the
US. We compare the travel time from this dataset with a small sample of ZCTAs using our own
ArcGIS system, and found that including the within times of both origin and destination ZCTAs
from Hu et al. (2020) often overestimate the total travel time. Therefore, we only use the between-
ZCTA travel times from Hu et al. (2020) as a conservative measure. For ZCTA pairs that are more
than 30 minutes apart, we use distance to approximate patients’ travel costs. Here, we use ZCTA
centroid coordinates provided by the National Bureau of Economic Research (NBER)18 to calculate
the great-circle distances between coordinates. We hand-queried the coordinate of 37 ZCTAs that are
not matched with the centroid data file and have more than 4 physicians in any year from 2015 to 2019
using Google Maps.

B Details of Shortage Area Designation and HPSA

B.1 Healthcare Shortage Area Designations

Different types of healthcare shortage areas are designated by the federeal Health Resources and Ser-
vices Administration (HRSA), an agency of the United States Department of Health and Human Ser-
vices (HHS), to identify areas, populations, or facilities with insufficient access to healthcare. These
designations guide the allocation of federal and state resources for attracting and retaining healthcare
providers — via bonus payments, student loan repayment, visa exemption, J-1 visa foreign residency
requirement waiver, etc. — and for establishing community health centers and health maintenance
organizations (HRSA Health Workforce, 2025b).

For primary care, the main designation used is the Primary Care Health Professional Shortage
Area (HPSA), which provides designated areas the eligibility for most federal programs that incen-
tivize primary care physicians to practice in the area, and also helps guide many state-level incentive
programs.19

The designation of HPSA is initiated by states. A state’s Primary Care Office (PCO), usually under
a state’s Department of Health, surveys areas in its state for primary care shortages, and files an online

16https://geocarenavigator.hrsa.gov. Last accessed in July 2024.
17Hu et al. (2020) also used a multi-layer differential sampling approach to estimate the travel time of all ZCTA pairs that

are more than 150 miles apart, which we do not use in this paper.
18https://www.nber.org/research/data/zip-code-distance-database. Accessed in October 2024.
19For example, North Carolina’s Provider Recruitment and Placement program “provides recruitment efforts for medical,

dental and psychiatric health professionals to North Carolina’s rural and underserved areas and offers incentives to eligible
providers.” See N.C. Department of Health and Human Services Office of Rural Health (2024).
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application via a portal provided by HRSA. In the application, the state PCO can justify the shortage
using public datasets included in the online portal, such as physician information from the National
Plan and Provider Enumeration System (NPPES), the online registry of all licensed providers in the
U.S., geography data from the Environmental System Research Institute (ESRI), demographic data
from the Census Bureau, and aggregate health measures from the Centers for Disease Control and
Prevention (CDC) (HRSA Health Workforce, 2025a). State PCOs can also supplement these datasets
with their own area or facility-specific data, although, based on our interview with one state PCO,
collecting additional data is often logistically challenging and requires coordination between the PCO
and local health providers. HRSA then reviews and approves PCO’s applications based on certain
criteria, which we discuss in the next section.

Primary care HPSA can be designated under three different categories: geographic, population,
and facility. Geographic Primary Care HPSA measures the access of primary care services for the
entire population in a geographic area; Population Primary Care HPSA designates a certain group of
population in a geographic area, such as the low-income or homeless population; Facility Primary
Care HPSA identifies specific facilities that “serve a population or geographic area with a shortage
of providers”, such as medical care facilities (rural hospitals) or correctional facilities (HRSA Health
Workforce, 2025b).

Different types of Primary Care HPSAs are not always eligible for all federal programs related to
HPSAs, but in general, Geographic Primary Care HPSAs are eligible for most programs. One such
program is the CMS Physician Bonuses in Health Professional Shortage Areas (HPSA Bonus), which
pays 10% quarterly bonuses to primary care providers who furnish Medicare services in Geographic
Primary Care HPSAs, on the basis of the amount billed to fee-for-service Medicare (CMS, 2025). Using
Medicare claims data, we estimate that the Bonus program spent $150 million in 2019, more than
quadrupled from $36 million in 1998 (Shugarman and Farley, 2003)20

Our objective is to provide policy guidance on measuring and alleviating geographic primary care
shortage. Therefore, we mainly benchmark our shortage measure to the Geographic Primary Care
HPSA. Due to logistical reasons, rather than negligence by the state PCOs or the federal agency, the
current Geographic Primary Care HPSA may not reflect all HPSA designations based on geographic
shortage. One PCO officer informed us that the office sometimes applies for Population instead of
Geographic HPSA because it is difficult to justify a Geographic HPSA designation: data at an aggre-
gate geography may not reflect local shortages, yet collecting additional data is challenging. Thus,
whenever we compare our measure with Primary Care HPSAs, we also include a version comparing
with both Geographic and Population Primary Care HPSAs in the Appendix.

In the next section, we summarize and discuss the criteria used to define Geographic Primary
Care HPSAs. We refer readers to Khoury et al. (2025) for more detailed discussions on other types of
shortage designations, levels of HPSAs, and government incentive programs.

20All claims eligible for the Bonus Payment are flagged in the Medicare fee-for-service professional claims. We summed
all such claims in the 20% Medicare Beneficiaries sample, and multiplied it by five. See Section 4 for details about the
professional claims data.
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B.2 Designation Criteria of Primary Care Health Professional Shortage Area (HPSA)

In this section, we summarize the main idea of the designation criteria for Geographic Primary Care
HPSA, and discuss its drawbacks and the motivation for developing an alternative framework.

The U.S. Department of Health and Human Services (HHS) sets rules for designating health pro-
fessional shortage areas (HHS, 2025). As mentioned above, Geographic Primary Care HPSA identifies
geographic areas with a shortage of Primary Care physicians, considering the entire population in the
area, which we use as the main benchmark in this paper.

To be eligible for Geographic Primary Care HPSA, an area needs to meet three general conditions,
quoting HHS (2025):

1. The area is a rational area for the delivery of primary medical care services.

2. One of the following conditions prevails within the area:

• The area has population to full-time-equivalent primary care physician ratio of at least 3,500:1.

• The area has a population to full-time-equivalent primary care physician ratio of less than 3,500:1
but greater than 3,000:1 and has usually high needs for primary care services or insufficient capacity
of existing primary care providers.

3. Primary medical care manpower in contiguous areas are overutilized, excessively distant, or inaccessible
to the population of the area under consideration.

Then, the rule details how each item should be measured. We provide a simplified summary
below and refer readers to HHS (2025) for more details.

Rational Service Area Generally, a rational area for primary care service can be a single county or
a group of contiguous counties whose population centers are within 30 minutes of travel time, or, a
group of subcounties or census tracts where the combined area does not have contiguous resources
within 30 minutes. The rule also provides a guideline in determining the 30-minute travel time: 20
miles for normal conditions with access to primary roads, 15 miles for mountains or areas with only
secondary roads, and 25 miles for flat areas or areas connected by interstate highways. The main
takeaway here is that HHS uses within 30 minutes as a measure of access to primary care. In other
words, people in a non-shortage area, abstracted to its population center, would have enough primary
care physicians within 30 minutes.

Population to Physician Ratio After defining markets, the next step is to measure whether each
has enough primary care physicians. The main threshold HRSA uses is a population to full-time-
equivalent primary care physician ratio of 3,500:1, with the exception of a 3,000:1 ratio for areas with
high needs for primary care. Using the HPSA designation data in 2019, we find that 64% of the des-
ignated area (and 60% of the designated population) used the 3,500:1 ratio as the target. Meanwhile,
under our framework, places with high needs can be directly reflected in the data, estimated with a
high local attractiveness, and accounted for in the shortage measurement. Therefore, we measure all
shortages using the standard 3,500:1 ratio, and include robustness checks using 3,000:1 in Table A.2.
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Contiguous Area Considerations Up to this point, we have defined a rational area with a specific
boundary and calculated its population-to-physician ratio. However, exceeding the cutoff ratio (3,500
or 3,000) alone is not sufficient to establish a shortage, since its population can still have access to
primary care resources in adjacent areas. To take this into account, HHS has to specify additional
criteria for the areas contiguous to the area to be considered. The rule requires that the contiguous
area must meet one of the following three conditions:

• The primary care resource in the contiguous area is more than 30 minutes of travel away;

• The population to full-time-equivalent primary care physician ratio in the contiguous area is
over 2,000:1, which indicates “that practitioners in the contiguous area cannot be expected to
help alleviate the shortage situation in the area being considered for designation." (HHS, 2025)

• The primary care resource in the contiguous area is inaccessible to people in the area under
consideration, due to barriers such as socio-economic characteristics, income, Medicaid status,
etc.

These rules are ambiguous and may lead to multiple interpretations. Firstly, there is no clear guide-
line on how to define the boundary of the contiguous area in which residents may access healthcare
resources; these bounds may be arbitrarily close or far from the area of consideration. Should we
assume that the adjacent area is a “rational area” for the delivery of primary care services, there may
still be multiple ways to draw its boundaries. These areas may have different population-to-provider
ratios, therefore leading to ambiguity and discretion in HPSA designations.

Also, although it is inevitable to pick a ratio cutoff as the starting point (in this case, 3,500 or
3,000), the choice of 2,000:1 for the contiguous area seems very arbitrary. It doesn’t consider at all
the relative market sizes of the area under consideration and the contiguous areas, the distance and
travel time, the quality of services, etc., not to mention its credibility for evaluating whether providers
in nearby areas can indeed “help alleviate the shortage situation."

As further discussed in Section 5, this convolution is conceptually inevitable when we define
shortage based on areas with fixed boundaries: if the area is large, the heterogeneity across small
units inside the area is ignored; if the area is small, it is very likely that people inside the area also
seek care in nearby places, and then, as we see in the case of HPSA, the criteria design can get complex.
This is the main challenge we aim to resolve in this paper by using a new framework.
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C Supplemental Exhibits

Appendix Table A.1: List of ZCTA Characteristics

Data Source Variable

CMS Hospital Compare
Acute care hospitals
Children’s hospital
Critical access hospital

American Community Survey
(5-year estimates by ZCTA)

Total population
Share under age 18
Share age 18–64
Share White
Share Black
Share Hispanic
Share with high school degree
Share with some college education
Share with college degree and above
Median income
Share in poverty
Share employed
Share with any insurance
Share privately insured
Share on Medicaid
Share on Medicare

Medicare Beneficiary Summary File

Share White (Medicare)
Share Black (Medicare)
Share Asian (Medicare)
Share Other (Medicare)
Share Hispanic (Medicare)
Share North American Native (Medicare)

HPSA designation
Share living in geographic HPSA
Share living in geographic and population HPSA

Notes: Table lists all variables fed into the post double-selection procedure in estimating primary care amenity levels in
Equation (3), along with their following transformations: log, up to five degrees of polynomial, and deciles. Estimates are
reported in Table 2.
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Appendix Figure A.1: Heterogeneity in Crow-fly Distance Within 30 Minutes Travel
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Notes: For each ZCTA, we calculate the maximum of crow-flying distance between all ZCTAs within its catchment area of
30 minutes travel. Figure plots the histogram.

Appendix Table A.2: Robustness Check: Shortage Population under Different Model Pa-
rameter Values

Coverage rate threshold

> 3,500:1 > 3,000:1

Baseline (30 min. travel network) 11.58m 18.28m

Change travel network
25 min. 21.62m 29.83m
29 min. 13.45m 20.10m
40 min. 3.18m 6.87m

Change travel elasticities
×0.5 11.46m 18.09m
×1.5 12.24m 19.16m

Change travel elasticities only for shortage areas
×0.5 11.47m 18.18m
×0.1 11.39m 18.27m

Notes: We calibrate parameter values and calculate alternative primary care coverage rates for ZCTAs in 2019. For each
calibration specification, table shows the total number of population living in ZCTAs exceeding the coverage rate
threshold listed in each column title. In panel “Changing travel network”, we vary the threshold η̄ for defining patients’
choice sets. In panel “Changing travel elasticities”, we vary the estimated travel cost coefficients reported in Table 1. In
panel “Changing travel elasticities only for shortage areas”, we vary the estimate travel cost coefficients reported in Table 1
for ZCTAs designated as shortage in the base line specification.
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Appendix Figure A.2: Predictive Power of Shortage Measures on Realized Care

(A) Geographic HPSA
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(B) Geographic + Population HPSA
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Notes: We plot the histogram of share of Medicare beneficiaries with any PCP visits who has a visit within 30 minutes
from home for ZCTAs that are HPSAs and ZCTAs that have coverage rate greater than 3,500, respectively. At the right of
the figure, we show the R2 of a bivariate regression, with the any PCP visits within 30 minutes from home as the outcome
variable, and an indicator for HPSAs and for ZCTAs that have coverage rate greater than 3,500, respectively, as the
explanatory variable. Panel (A) uses geographic HPSAs and Panel (B) uses geographic or population HPSAs.

Appendix Figure A.3: Distribution of Providers and Geographic + Population HPSAs

(A) Health Professional Shortage Areas (B) Our Measure vs. Geographic/Population PC HPSA

HPSA:

Shortage: 190.9m 122.2m

2.3m 9.3m

Notes: Panel (A) shows, in blue, all ZCTAs that are designated as a Geographic or Population Primary Care HPSA. Panel
(B) shows the comparison between our shortage measure with Geographic or Population Primary Care HPSAs at the
ZCTA level. Our measurement framework is described in Section 5.
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Appendix Figure A.4: HPSA (Geographic + Population) Designations Priorities

Average CCI
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Health and insurance status
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Notes: We run an OLS regression of an indicator for a ZCTA being a geographic or population HPSA on a set of each
ZCTA characteristic listed on the left of the figure, conditional on deciles of the coverage rate defined in section 5. In the
regression, we include Z-scores of the variables, constructed by re-centering the variable around its mean, divided by its
standard deviation. Figure plots the coefficient on each Z-score variable. CCI: Charlson Comorbidity Index, a score
ranging from 0-37 that captures a patient’s mortality risk based on age and chronic conditions. We take the ZCTA-level
average of it among Medicare beneficiaries included in our sample.
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Appendix Figure A.5: Percent Physicians Added to Non-Geographic HPSAs from Simula-
tion V2

CT

RI

NJ

MA
VT NH

PA

ME
NYOH

IN

KS

NE

SD

IL

MI

MOMD

GA

NC

VA

TX

HI

UT

NV

ID

CO

AZ

NM

MT

AK
CA

.2

.4

.6

.8

1

S
ha

re
 a

dd
ed

 to
 n

on
-H

P
S

A
 Z

IP
s

1 2 5 10 50 100 200 400

Number of providers added to state

Northeast
Midwest
South
West

Notes: On the y-axis is the share of physicians added to ZCTAs that are not Geographic HPSAs in each state; on the x-axis
is the total number of providers added to each state. States are color-coded by their Census Regions.
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