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INTRODUCTION

The U.S. Department of Health and Human Services (HHS) is acutely interested in accounting for
social risk in the provision of health care.! The COVID-19 pandemic magnified many long-standing health
disparities related to social determinants of health,*® provoking a renewed focus on how to properly
address workforce shortfalls through policy. Several indices attempting to measure social vulnerability or
social risk have already been incorporated into key public health policy domains. The Centers for Disease
Control’s (CDC) Social Vulnerability Index (SVI1), a measure used in the COVID-19 pandemic response *, was
recently included in the Health Services and Resource Administration’s (HRSA) scoring methodology for
areas with maternity care shortages.® The Centers for Medicare and Medicaid Services (CMS) has been
using the Area Deprivation Index (ADI) to target support for the ACO REACH model and is exploring
possibly incorporating the ADI into the Medicare Advantage Stars programs.®

The ADI and SVI are similar in that they include variables in the economic, education, housing and
environment, and household structure domains.” The SVI covers a broader range of domains and includes
additional variables covering transportation, race and ethnicity, and language barriers. Although the
calculation methods used to create a composite score differ slightly, each measure ranks geographic units
based on the underlying variables' combination scores.

The theory guiding policy decisions is that the indices capture meaningful variation in social
vulnerability levels, making them useful for identifying underserved areas, including workforce
designations. It hinges on connecting specific demographic variables, motivated by the social
determinants of health literature, as a likely predictor of high unmet needs. There is significant variation
in demographic factors even within HPSA boundaries?, supporting the idea to incorporate social risk
factors into shortage area identification.

Higher social vulnerability scores, per the CDC’s SVI, have been associated with various negative
patient-level outcomes, including hospitalization readmissions, breast cancer screenings, and having a
usual source of care.> ! As 15 different variables underlie the SVI, understanding the specific mechanisms
that lead to these associations is unclear. The underlying SVI variables include race and ethnicity,
uninsured rates, and the proportion of households renting. These are examples of drastically different
mechanisms that warrant specific policy responses, a point specifically raised in articles comparing various
social disadvantage indices.”'? Additionally, a recent study using composite neighborhood-level indices
varied once racial segregation was accounted for.:

Equitable workforce allocation is important to improving access to behavioral health, as the
imbalance between the growing demand and the low supply of behavioral health providers remains a
significant policy challenge. Almost half the U.S. population lives in a mental health HPSA, making mental
health HPSA designations so ubiquitous that they lose some meaning.!* Severe socioeconomic and
geographic disparities in the utilization of mental health services™ ", as well as racial and ethnic
disparities in mental health disorders, have been well documented.'® A social vulnerability index can
address this growing problem by providing a more nuanced understanding of areas in greatest need by
considering population demographics and socioeconomic circumstances.

However, a study examining the distribution of opioid use disorder facilities by zip code found
that the SVI is positively correlated with access in rural and urban areas (but negatively correlated in
suburban areas).’ In other words, zip codes with the highest levels of social vulnerability in urban and
rural areas also have better access to opioid use disorder facilities. Does this mean policies have succeeded
in equipping vulnerable areas with the resources they need, or is the composite index masking specific
inequities? We expand this research to examine the practice location of all available behavioral health
prescribers, including primary care physicians, nurse practitioners, and physician assistants who represent
a large and growing part of the behavioral health workforce.?
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We address the usage of the SVI at the census tract level in identifying areas underserved by
prescribers of behavioral health medications (antianxiety/antidepressants, antipsychotics, and
medication for opioid use disorder (MOUD)). Using the current theory that social vulnerability indices
would identify underserved areas, we hypothesize that areas with higher values of SVI and ADI should
have a lower average clinician supply.

Additionally, through a two-stage regression approach, we separate all the underlying variables
commonly used to construct the indices and quantify how each of these variables is associated with
behavioral health prescriber supply. We hypothesize that because the index is a summary measure of
social risk factors, all the underlying variables should negatively correlate with the workforce supply. We
do not hypothesize about each underlying variable's magnitude or relative importance, but we expect the
associations' direction to be uniformly negative. We rely on the underlying SVI variables as the SVI is more
comprehensive than the ADI. This information can help assess whether vulnerability indices are useful for
identifying behavioral health workforce shortage areas or whether a more customized metric should be
developed.”*?

METHODS

Data

We used the 2019 IQVIA Xponent retail prescription data, a commercial dataset that captures 92%
of all prescriptions, including psychotropic medications filled at retail pharmacies.?* IQVIA is a multi-payer
data with prescriptions paid for by private (including commercial and uninsured), Medicare, and Medicaid.
Using the national provider identifier (NPI), we merged the IQVIA data with a file that included all
reporting physicians in 2019 from the National Plan & Provider Enumeration System (NPPES) to identify
provider specialty.

An advantage of using prescription data is that we captured clinicians who are actively practicing
and prescribing psychotropic medications and medications for opioid use disorder (MOUD). Further, this
approach allows us to identify not only psychiatrists and addiction medicine specialists but also primary
care clinicians, who are a substantial part of the workforce prescribing behavioral health medications.??
24 Additionally, we can separately identify nurse practitioners (NPs) and physician assistants (PAs) who
might otherwise be missed using only professional services claims data.?

We worked with a psychiatrist and a psychiatric nurse practitioner using drug names to group
medications based on three drug classes: antianxiety and antidepressant medications, antipsychotics, and
medication for opioid use disorder (MOUD). Clinicians who have greater than ten annual prescriptions of
any psychotropic medication are included in our analysis. A full table outlining what drugs were included
in each behavioral health category is reported in Appendix Exhibit Al.

We geocoded clinician practice locations and identified in which census tracts the clinician was
located using the 2019 Census Tract shapefiles. We aggregated provider counts at the census tract level
and merged the IQVIA data with the 2018 SVI data from the CDC and 2018 5-year estimates of socio-
demographic data from the American Community Survey (ACS). Census tract scores for the 2018 ADI were
obtained through the University of Wisconsin’s Neighborhood Atlas, also based on the 2018 5-year
estimates from the ACS. The rurality of the census tract was assigned using Rural Urban Area Codes (RUCA)
from the U.S. Department of Agriculture (USDA), which use population per square mile of the census tract.

Statistical Analysis

Clinicians are limited based on specialty and grouped into three categories. The
psychiatry/addiction medicine group includes all psychiatrists (including addiction and child and
adolescent specialties), psychiatric nurse practitioners (nurse practitioners who identified their specialty
as psychiatry in the NPPES), and addiction medicine specialists. Primary care includes family medicine,
general internal medicine, and pediatrics. Advanced practice practitioners include nurse practitioners
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(non-psychiatric) and physician assistants. We tabulated the number of clinicians by psychotropic
medication type (antianxiety/antidepressant, antipsychotics, and MOUD) and clinician specialty and
reported the total prescription volume.

Prescribers are aggregated at the census tract level and supply is expressed as the number of
prescribers per 10,000 population. We calculated the average supply and the percent of census tracts
with prescribers for all census tracts and then by urban and rural status.

We sorted census tracts into deciles based on their composite SVI or ADI scores to assess how the
SVI and ADI relate to clinician supply at the census tract level. Census tracts in the first decile are the least
socially vulnerable tracts, while census tracts in the top decile are the most socially vulnerable, per the
corresponding index scores. For each decile, we calculated the average clinician supply by medication
type. If these indices are intended to identify shortage areas, we expect a clear relationship where census
tracts in the upper deciles have substantially lower clinician supply than census tracts in the lower deciles.
We created a group of variables representing common social vulnerability factors among different
indices. In the minority domain, the CDC’s SVI uses the proportion of the population that is non-white and
non-Hispanic and that has limited English proficiency. Because there are significant socioeconomic
differences among the racial and ethnic groups that make up minorities in the United States?, there are
obvious limitations in how we can use and interpret this variable. Here, we used the proportion of the
population that is Black or Hispanic to focus on traditionally underserved communities. Race and ethnicity
are self-reported by respondents in the ACS. Limited English proficiency and the proportion of the
population that is Hispanic are highly correlated, so we elected to focus explicitly on Hispanic ethnicity
under this domain to avoid multicollinearity issues. While the proportion of the population that is
medically uninsured is not included in the CDC’s SVI, we included it in our set of covariates representing
social vulnerability.

We utilized a two-part model to estimate partial correlations between the social vulnerability
factors and clinician supply. This approach adjusts for the fairly significant portion of census tracts without
clinicians. In the first stage, the probability of a census tract having a clinician is estimated using logistic
regression. In the second stage, the non-zero clinician supply is estimated using OLS. Using the delta
method for standard errors, we used the Stata command twopm to estimate the model and calculate the
overall marginal effects for the entire sample.?®

Clinician supply by medication type is the dependent variable. All social vulnerability variables are
used as explanatory variables along with state fixed effects and a binary control for rurality. The state
fixed effects absorb any potential regional factors or policies that may contribute to the clinician supply's
size. This allows us to interpret our results as within-state variation rather than comparing census tracts
in one state to another. Clinician supply and the social vulnerability measures are standardized so that the
estimated coefficients represent a one standard deviation change. We expect to see that all these
variables have negative correlations with clinician supply.

This cross-sectional study was approved by the George Washington University Institutional
Review Board (IRB). The IRB waived informed consent under 45 CFR §46.116 (d).

RESULTS

We identified 464,426 active clinicians who prescribed antianxiety or antidepressant medications,
152,406 clinicians who prescribed antipsychotics, and 114,645 clinicians who prescribed MOUD. Table 1
reports the number of clinicians by specialty, prescription volume, and payer characteristics for each drug
type.

In addition to psychiatrists and addiction specialists, PCPs and APPs are a significant portion of the
workforce prescribing behavioral health medications. PCPs and APPs comprise 85% of the workforce and
account for approximately 70% of the retail prescriptions for medications for anxiety and depression.
Similarly, PCPs and APPs are 69% of the workforce and account for approximately 56% of the retail
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prescriptions for MOUD. However, prescriptions for antipsychotics are heavily dependent on the
psychiatric workforce. While psychiatrists and addiction specialists are only 42% of the total prescribing
workforce, they account for approximately 96% of all retail antipsychotic prescriptions.

Table 2 reports supply characteristics at the census tract level, segmented by urban and rural
status. The average supply of prescribers of antianxiety and antidepressant medications is 14.2 prescribers
per 10,000 population (SD: 37.1). For prescribers of antipsychotics and MOUD, the average supply is 4.7
(SD: 13.1) and 3.7 (SD: 10.4) prescribers per 10,000 population, respectively. Approximately 64.7% of all
census tracts had at least one prescriber of antianxiety or antidepressant medications, 45.4% had at least
one prescriber of antipsychotics, and 39.1% had at least one prescriber of MOUD.

Figure 1 reports the average clinician supply by deciles for both the SVI and the ADI. Remarkably,
for both indices the relationship seems incredibly flat. For the SVI, there is a slight increase in average
clinician supply between deciles one and three (the least disadvantaged census tracts) before leveling off
in the middle of the SVI distribution. For all three medication types, census tracts in the top 10% of social
vulnerability per the SVI have the highest average clinician supply.

The ADI results show a flatter relationship than the SVI, with very little variation in clinician
supply throughout the distribution or at extremes. The least deprived census tracts have a similar
clinician supply to the most deprived ones. However, there is a slight downward drift for MOUD
prescribers between the 5™ and 10™" deciles.

Regression results illustrating the variation in associations between social vulnerability factors
and clinician supply are plotted in Figure 2. Coefficients represent the estimated change in prescriber
supply in standard deviations of the average supply. For example, a one standard deviation increase in
the percent renters in the census tract is associated with a 0.189 (p < 0.001) standard deviation increase
in the prescriber supply of antianxiety and antidepressant medications.

For prescribers of antianxiety or antidepressants, three variables are positive and statistically
significant at the 95% level or above (percent renters, percent older than 65 years, and percent below
the poverty line). Seven variables are negative and statistically significant (households on SNAP, less than
a high school education, not in the labor force, household crowding, uninsured, Black, and mobile
homes). Five variables are not statistically significant in explaining supply variation (no vehicles, disabled,
single parents, Hispanic, and less than 17 years old).

For prescribers of antipsychotics, four variables are positive and statistically significant at the 95%
level or above (percent renters, percent older than 65 years, percent below the poverty line, and percent
with no vehicle). Eight variables are negative and statistically significant (households on SNAP, less than a
high school education, not in the labor force, single parents, household crowding, uninsured, Black, and
mobile homes). Three variables are not statistically significant (disabled, Hispanic, and less than 17 years
old).

For prescribers of MOUD, four variables are positive and statistically significant at the 95% level
or above (percent renters, percent older than 65 years, percent below the poverty line, and percent with
no vehicle). Seven variables are negative and statistically significant (less than a high school education,
not in the labor force, Hispanic, household crowding, uninsured, Black, and mobile homes). Four variables
are not statistically significant (disabled, households on SNAP, single parents, and less than 17 years old)

DISCUSSION

In conflict with the current theory motivating the usage of social vulnerability indices to identify
underserved areas, we find that the SVI and ADI do not indicate clinician shortage areas. While the ADI is
unrelated to clinician supply, the SVI shows the most vulnerable census tracts have the highest clinician
supply across all medication types. This SVI result perplexes us because it implies that socially vulnerable
areas already have a high clinician supply. This implication does not seem consistent with much of the
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literature on social determinants of health and access to behavioral health resources. The composite
results also provide no intuition as to what types of social vulnerability factors are key drivers for this
result.

Our disaggregated results show social vulnerability factors are not uniformly negatively correlated
with the census tract-level supply of behavioral health prescribers. This is also contrary to our expectations
and the guiding theory on using composite indices. Only a few variables show significant negative
disparities. Most notably, the percentage of the census tract that lives in mobile homes is uninsured or
Black. These are the top three demographic variables associated with lower prescriber supply across all
three types of behavioral health medications. The result that the Black population share supersedes
commonly studied income factors and other social vulnerability variables is consistent with previous work
documenting disparities in access to Medicaid providers # and those in redlined areas.?

The percent of the census tracts below the federal poverty line, those older than 65 years, and
households renting are notably positive in their association with the prescriber supply of all three
behavioral health medications. Given the magnitude of the association between the percentage of
households renting and prescriber supply, we suspect that the overall positive association between the
index and clinician supply is driven heavily by this variable. Particularly for MOUD, high rates of renters in
urban areas likely explain the positive association between the composite SVI index and MOUD facilities.*
This correlation seems intuitive, as providers are more concentrated in urban areas and city centers with
higher rates of renters. The other demographic variables included in the indices are more closely aligned
with the social determinants of health literature. Still, it is unclear why renting versus owning a home
should be considered a social risk factor in the context of access to health care.

These findings validate concerns raised by other researchers about adopting off-the-shelf indices
without appropriately vetting their applicability in specific contexts.”**!3 Policies concerning the
distribution of the behavioral health workforce should specifically understand how social risk factors
relate to the demand and supply of behavioral health services rather than relying on a composite pre-
constructed index.

We also document how the clinical workforce prescribing behavioral health medications includes
clinicians beyond only psychiatrists and addiction specialists, a finding consistent with similar studies.?
PCPs and APPs make up the majority of both the workforce and prescription volume for
antianxiety/antidepressant medications and MOUD. At the same time, psychiatrists and addiction
specialists provide the vast majority of antipsychotic prescriptions. Interestingly, psychiatric nurse
practitioners account for 26% of all antipsychotic prescriptions. Given that APPs, particularly nurse
practitioners, are a growing part of the workforce and are increasingly practicing in rural and underserved
areas®>3, it will be important to understand how less restrictive scope of practice laws facilitate
addressing gaps in behavioral health care services.?!

Our study has several limitations. First, we only capture prescriptions filled at retail locations
and may miss prescriptions filled in other settings. Second, we are limited in our interpretation of our
regression results as finding any causal effect, particularly because we do not include any demand-side
factors that play an important role in distributing the need for behavioral health medications. Third, we
do not have any information regarding patient characteristics or diagnoses. We refer to prescribers of
behavioral health medications because we lack information on the specific conditions for which the
medications are being prescribed.

Implications for policy and practice

Part of the interest in utilizing social risk indices in health care service provision is to address
historic and structural inequities. However, our findings suggest that using the SVI or ADI may not achieve
the intended goal. With the ACO REACH model, CMS will use the ADI to categorize beneficiaries into
deciles of disadvantage and pay a $30 per beneficiary per member (PBPM) for ACO patients in the highest
decile of ADI, and only $6 PBPM for those in the lowest five deciles.® Given our finding of a lack of
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relationship between the ADI and provider supply, this could potentially reward providers serving already
well-resourced communities over those with greater need.® However, if the most socially vulnerable
areas, as measured by these various indices, are also the areas that already have providers (and in the SVI
case, the most providers), then this strategy would financially incentivize providers to practice in areas
that already have well-established facilities and workforce supply.

A composite index is also a blunt tool that does not provide insight into why communities are
socially vulnerable or their specific needs. For example, disparities related to race and ethnicity are likely
due to longstanding structurally racist systems that have prevented public health infrastructure from
equitably delivering health care services®, while disparities related to uninsured rates may exist due to
misalignments of financial incentives. Clearly, the policy response for each of these root causes would
vary. Literature on the social determinants of health provides valuable insight into how and to what
degree various social risk factors affect access to health care services, and packaging them into an index
virtually eliminates all the nuances needed to implement effective policies.

Access disparities in terms of behavioral health clinician supply are clear. Communities with higher
proportions of mobile homes, uninsured, and Black populations have a significant disadvantage in
accessing this workforce. To create an equitable workforce distribution, these demographics should be
directly addressed rather than using an index.
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Table 1: Number of prescribers and prescription volume (in millions) of psychotropic medications and

MOUD, 2019

Total Psychiatry/Addiction
Medicine

Psychiatry

Addiction Psychiatry

Child and Adolescent Psychiatry
Psychiatric Nurse Practitioner
Addiction Medicine

Total Primary Care Providers (PCPs)
Family Medicine

General Internal Medicine
Pediatrics

Total Advanced Practice
Practitioners (APPs)

Nurse Practitioner
Physician Assistant

All Prescribers

Prescribers of
Antianxiety &
Antidepressants

67,891 [145.4]

40,088 [86.0]
942 [1.7]
8,117 [16.3]
14,793 [35.9]
3,951 [5.6]
217,335 [227.7]
109,097 [144.7)
72,893 [73.4]

35,345 [9.6]

179,200 [110.4]
125,071 [75.8]
54,129 [34.6]

464,426 [483.5]

Prescribers of

Antipsychotics

64,285 [28.1]

37,737 [16.2]
902 [0.3]
7,899 [3.1]
14,372 [7.6]
3,375 [0.9]
55,468 [0.4]
32,685 [0.3]
20,837 [0.2]

1,946 [0.0]

32,653 [0.6]
22,856 [0.4]
9,797 [0.2]

152,406 [29.1]

Prescribers of
Medication for Opioid
Use Disorder (MOUD)

35,584 [6.3]

19,186 [1.8]
752 [0.2]
3,086 [0.1]
8,986 [0.5]
3,574 [3.6]
49,591 [5.4]
32,617 [3.7]
15,617 [1.5]

1,357 [0.1]

29,470 [2.7]
19,988 [1.9]
9,482 [0.7]

114,645 [14.4]

SOURCE: Authors’ calculations based on 2019 IQVIA Xponent and NPPES. NOTES Prescriber counts are
reported by clinician specialty and type of medication. Prescription volume in millions is reported in
brackets below the number of prescribers.
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Table 2: Geographic supply characteristics of prescribers of psychotropic medications, 2019

Prescribers of
Antianxiety &

Antidepressants

Average Supply per 10,000 Population (SD)

All Census Tracts 14.2 (37.1)
Urban Census Tracts 14.5 (38.5)
Rural Census Tracts 11.3 (16.8)

Percent of Census Tracts with a Prescriber

All Census Tracts 64.7
Urban Census Tracts 64.4
Rural Census Tracts 67.4

Prescribers of

Antipsychotics

4.7 (13.1)
4.8 (13.6)
3.9 (6.9)

454
45.2
48.0

Prescribers of
Medication for Opioid
Use Disorder (MOUD)

3.7 (10.4)
3.7 (10.8)
2.8(5.7)

39.1
39.0
40.2

SOURCE: Authors’ calculations based on 2019 IQVIA Xponent.
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Figure 1: Average census tract-level clinician supply by SVI and ADI deciles
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SOURCE: Clinician data is based on 2019 IQVIA Xponent and NPPES. SVI from the 2018 SVI data from the CDC. ADI is from the 2018 ADI data from the
University of Wisconsin. NOTES Census tracts are sorted into deciles based on their SVI or ADI scores. Each medication type's average per capita supply of
clinicians is calculated and plotted for census tracts within each decile.
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Figure 2: Partial correlations of social vulnerability factors with census tract-level supply of
psychotropic medications and MOUD prescribers
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SOURCE: Authors’ calculations based on 2019 IQVIA Xponent and 2018 SVI data from the CDC.

NOTES: Adjusted and standardized partial correlations calculate combined effects through a two-part model that
first estimates the probability a census tract has a prescriber and then estimates the per-capita supply among tracts
with prescribers. All variables are standardized to reflect standard deviation changes relative to the variable mean.
95% confidence intervals are plotted along with the point estimate.
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Appendix Table Al: Included medications in the classification of prescribers

Drug Category Generic Drug Name

Alprazolam, Buspirone HCL, Chlordiazepoxide HCL, Clorazepate Dipotassium,
Diazepam, Lorazepam, Meprobamate, Oxazepam, Amoxapine, Chlordiazepoxide-
Amitriptyline, Citalopram Hydrobromide, Desvenlafaxine, Desvenlafaxine Fumarate,
Desvenlafaxine Succinate, Duloxetine HCL, Escitalopram Oxalate, Fluoxetine HCL,
Isocarboxazid, Maprotiline HCL, Paroxetine HCL, Paroxetine Mesylate, Perphenazine-
Amitriptyline, Phenelzine Sulfate, Sertraline HCL, Venlafaxine HCL, Clonazepam
Buspirone HCL, Amoxapine, Brexanolone, Bupropion HCL, Bupropion Hydrobromide,
Chlordiazepoxide-Amitriptyline, Citalopram Hydrobromide, Desipramine HCL,
Desvenlafaxine, Desvenlafaxine Fumarate, Desvenlafaxine Succinate, Duloxetine HCL,
Escitalopram Oxalate, Esketamine HCL, Fluoxetine HCL, Fluvoxamine Maleate,
Imipramine HCL, Imipramine Pamoate, Isocarboxazid, Levomilnacipran HCL,
Maprotiline HCL

Perphenazine-Amitriptyline, Aripiprazole, Aripiprazole Lauroxil, Asenapine, Asenapine
Maleate, Brexpiprazole, Carbamazepine, Cariprazine HCL, Chlorpromazine HCL,
Clozapine, Fluphenazine Decanoate, Fluphenazine HCL, Haloperidol, Haloperidol
Decanoate, Haloperidol Lactate, lloperidone, Loxapine, Loxapine Succinate,
Lumateperone Tosylate, Lurasidone HCL, Molindone HCL, Olanzapine, Olanzapine
Pamoate, Paliperidone, Paliperidone Palmitate, Perphenazine, Quetiapine Fumarate,
Risperidone, Risperidone Microspheres, Thioridazine HCL, Thiothixene,
Trifluoperazine HCL, Ziprasidone HCL, Ziprasidone Mesylate

Antianxiety

Antidepressants

Antipsychotics

Medication for  Buprenorphine, Buprenorphine HCL, Buprenorphine HCL-Naloxone Hcl Dihydrate,
opioid use Naltrexone, Naltrexone HCL, Lofexidine HCL
disorder (MOUD) * Buprenorphine prescription only counted if prescriber was DATA-waivered
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