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Abstract

A better understanding of whether and how economic factors impact mental health
can inform policy and program decisions to improve mental health. This study
looked at the association between county-level economic factors and the preva-
lence of self-reported poor mental health among adults in United States counties in
2019, overall and disaggregated for urban and rural counties. General dominance
analyses were completed to rank-order the relative influence of the selected vari-
ables in explaining county prevalence of adults reporting > 14 poor mental health
days in the last 30 days (“poor mental health”). The highest weighted variables
were assessed for the statistical significance of their relationships with county-level
poor mental health through multiple linear regression. Across all models, the four
highest-ranked economic factors were household income, receipt of Supplemental
Security Income, population with a college degree, and receipt of Supplemen-

tal Nutrition Assistance Program benefits. The overall, rural, and urban models
explained over 68% of the variation in poor mental health prevalence between
counties. Urban and rural models showed notable differences in the top factors
associated with poor mental health and opposite associations between poor mental
health and population with public insurance. The findings from this study indicate a
significant association between several economic factors and poor mental health,
which may inform decision makers in addressing mental health in the United
States.

Introduction

Mental health is a key component of overall health and well-being, and mental health
conditions are common in the United States [1]. The prevalence of any mental,
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behavioral, or emotional disorder among US adults has been increasing since 2008,
reaching 20.6% by 2019 [2]. An estimated 9.2% of adults have received mental
health treatment in the last 12 months [3], but almost half (43.8%) of adults who
needed treatment did not receive it [2]. Poor mental health, which includes stress,
depression, and problems with emotions, can be experienced by people with or
without a diagnosable mental health condition. It is a risk factor for a range of chronic
diseases and injuries, from stroke to diabetes [4—6]. Poor mental health is also costly
for the economy in terms of losses of productivity and the costs of treatment [7]. For
example, Major Depressive Disorder alone cost the US an estimated $326 billion in
2018, a 37.9% increase over the costs in 2010, primarily due to increasing workplace
costs [8]. Though the causes of poor mental health are complex, addressing the pre-
ventable factors that affect mental health could reduce the economic burden of poor
mental health and improve overall public health.

The socio-ecological model of mental health acknowledges the role that individual,
social, and societal factors have in mental health and well-being [9-11]. These fac-
tors, visualized by Michaels et al 2021 as six levels of interacting and nested social
and environmental factors [10], may have a positive or negative role in the develop-
ment or worsening of poor mental health. One such factor is an individual’s socioeco-
nomic and financial situation, including employment status and income. One survey
found that among people in the US, the top personal stressors were work (64% of
respondents) and money (60%); 46% indicated the economy was a significant source
of stress [1]. Exposure to adverse conditions, such as material hardship, “undoubt-
edly leads to stress and known psychological and physiological stress responses”
that increase the risk of mental health conditions [12]. These issues may be exacer-
bated on a population level in difficult economic times, with higher rates of suicide,
homicide, substance abuse, and psychiatric disorders noted during financial crises
[13—16]. An exploration of the economic factors that impact mental health could
inform possible public health interventions.

Improving population mental health requires a broadening of focus from indi-
vidual treatment — which is costly to patients and the healthcare system — to
population-level or systems-based approaches. Specifically, it necessitates a move
from the more proximal non-medical factors that impact health to the upstream
drivers of those factors [17—19]. Upstream drivers relate to how policy and eco-
nomics shape the distribution of resources; changes at this level have the potential
for greater impacts on population health [17,20]. Upstream interventions in policy,
programs, and practice place the responsibility of health on decision-makers to
undertake broader systemic change rather than focus on individual choice and
behavior [12], which could have larger impacts across the life course and across
generations [21].

Data demonstrating whether economic factors may be associated with mental
health can inform policy and program decisions. This study, therefore, examines the
association between county-level economic variables impacting health (referred to
in this paper as ‘economic factors’) and the prevalence of self-reported poor mental
health among adults in US counties in 2019.
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Methods

This analysis is a cross-sectional, ecological study of the association between county-level economic variables (e.g.,
county Gross Domestic Product [GDP], income inequality, housing affordability) and self-reported poor mental health prev-
alence for US counties in 2019. Data for 2019 were used to get a baseline understanding of the economic factors associ-
ated with mental health prior to the start of the COVID-19 pandemic.

The dependent variable of self-reported poor mental health comes from Centers for Disease Control and Prevention
(CDC) PLACES data (www.cdc.gov/places), which produces small area estimates using data from CDC’s Behavioral Risk
Factor Surveillance System (BRFSS). The BRFSS (www.cdc.gov/brfss) is a telephone survey through which states collect
information on health-related risk behaviors and health conditions, with over 400,000 adult participants each year. The
survey asks the question, “Now thinking about your mental health, which includes stress, depression, and problems with
emotions, for how many days during the past 30 days was your mental health not good? [22]” BRFSS defines poor mental
health as responses indicating >14 poor mental health days over the last 30 days. PLACES uses the BRFSS data to gen-
erate county-level prevalence estimates of poor mental health for all US states and the District of Columbia, using a mul-
tilevel statistical model that considers individual-level demographic data from BRFSS, county-level percentage of adults
below 150% of the federal poverty level from the American Community Survey (ACS), and state- and county-level random
effects [23]. Estimates for poor mental health prevalence are available for 3,121 counties for 2019, with 23 missing coun-
ties in New Jersey (not available from BRFSS) and Alaska (missing the newer Chugach and Copper River Census Areas).

Economic variables originate from the US Bureau of Economic Analysis (BEA) and from American Community Sur-
vey (ACS) five-year estimates for 2019 (S1 Table). Variables were chosen to measure economic factors (relating to the
production, distribution, and consumption of goods and services) meaningful at the county level. Business variables from
BEA were selected to measure current and changing county-level economic activity, including real GDP, 10-year change
in GDP, and 10-year change in county GDP. Business variables from BEA are not available for 51 jurisdictions in Virginia
due to combined independent city/county estimates, nor for two counties in Hawaii (Maui and Kalawao) due to combined
county estimates. Employment variables covered a range of work-related issues, including unemployment rate, employed
but under the Federal Poverty Level (known throughout this paper as ‘working poverty rate’), mean usual hours worked
over the last 12 months, employees working from home, and mean travel time to work. Income and wealth variables
include median individual earnings, median household income, population with a college degree, two measures of
inequality (Gini Index of income inequality and the female/male pay gap), percent of the population with public assistance
income (Social Security, Supplemental Security Income [SSI], and cash public assistance), as well as homeownership
rate (as a significant component of wealth-building). Several variables were included to cover key expenses — two housing
affordability variables (for homeowners, population with Selected Monthly Owner Costs as a Percentage of Household
Income [SMOCAPI] costs of at least 30%, and, for renters, population with Gross Rent as a Percent of Household Income
[GRAPI] costs of at least 30%), a food security variable (percent receiving Supplemental Nutrition Assistance Program or
SNAP benefits), and two health insurance coverage variables (percent uninsured and percent with public health insurance
coverage). Two more variables were added to capture county-level economics, including median home value and 10-year
population change. Two additional variables from County Health Rankings (CHR) were used to capture the county avail-
ability of healthcare providers, which could shape the prevalence of poor mental health through availability of medical
treatment: Primary Care Provider Ratio (from the CHR 2022 dataset) and Mental Health Provider Ratio (from the CHR
2020 dataset), both of which indicate the ratio of the population to the number of health providers. All data were merged
into a single dataset using Federal Information Processing Standards (FIPS) codes for each county as the common
attribute.

Ouir first step was to use PLACES data to map the prevalence of poor mental health at the county level for 2019 in
ArcGIS Pro 2.9.7 (Environmental Systems Research Institute, Redlands, CA, USA). Stata version 17.0 (StataCorp LP,
College Station, TX, USA) was used to complete the following analyses for all US counties and by county urban or rural
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classification based on the 2013 USDA Rural-Urban Continuum Codes. The median and Interquartile Range (IQR) for
each variable were described across all counties in the datasets. Next, variable clustering was used to remove two highly
collinear (>0.5 Spearman coefficient) and redundant (based on our understanding of the literature) variables from our
analysis: median earnings (keeping median household income) and change in real GDP (keeping change in GDP). Gen-
eral dominance analyses were then completed using the Stata package domin with all the remaining economic variables
to rank-order the relative influence of the variables in explaining county-level poor mental health, overall and for urban and
rural counties separately [24]. This method finds the proportion of the total R? accounted for by each variable based on
the average R? across all possible subsets of regression models. Using scree plots (S1 Fig), the most influential (high-
est weighted) variables were identified from the dominance analyses based on dominance weights above the “elbow” of
the graph. We retained eleven influential variables in the overall model, seven in the urban model, and eight in the rural
model. The retained variables were then assessed for the statistical significance of their relationships with county-level
poor mental health through multiple linear regression.

Results

Fig 1 shows the prevalence of poor mental health across all counties in 2019, with a mean of 16.0% and a median of
15.8% (IQR: 14.1-17.8%). County prevalence ranged from 9.7% (Falls Church, VA) to 26.3% (East Carroll Parish, LA).
Across the US, prevalence was higher in Appalachia and the Deep South and parts of Alaska, Montana, South Dakota,
and the Southwest. Lower prevalence was found in the Upper Midwest.

Median and IQR values for each economic variable in 2019 are listed in Table 1. Table 2 shows the most influential eco-
nomic variables for county-level poor mental health identified using the dominance analysis based on standardized domi-
nance weights. The top variables for all counties overall were percent of households with SSI, median household income,
percent of households receiving SNAP benefits in the last 12 months, percent of the population 25 years or older with a
college degree, and percent of the population with public health insurance. The top results were similar for urban counties.
For rural counties, the results were similar, but travel time from work ranked higher than receipt of public insurance.

In the overall model using the top eleven variables identified in the scree plot, county-level measures significantly
positively associated with the prevalence of poor mental health included: unemployment, working poverty rate, mean
travel time to work, households with Social Security, households with SSI, and households with SNAP benefits (Table 3).
County-level measures significantly inversely associated with poor mental health prevalence were employees working
from home, median household income, and percent of the population with a college degree. The largest coefficients were
in median household income, percent of the population working from home, and population receiving SSI. The variables
in the overall model explained 70% (Adjusted R2=0.7001) of the variation in poor mental health prevalence between
counties.

For urban counties, all seven variables used in the model were highly statistically significant in similar directions;
however, two variables that were not significant in the overall model were negatively associated with poor mental health
in urban counties: population with public insurance and median home value. The model explained over 68% (Adjusted
R2=0.6867) of the county variation in poor mental health prevalence.

In the rural model, all eight county-level economic measures used in the regression were statistically significantly
associated with poor mental health prevalence, in the same direction as the associations in the overall model. In contrast
to urban counties, public health insurance was significantly positively associated with poor mental health. The adjusted R?
values indicate that the rural model explained 69.1% of the variation in county-level prevalence of poor mental health.

Discussion

We identified the top most influential economic factors associated with self-reported poor mental health at the US county
level; these variables explained at least 68% of the variation in poor mental health between counties in 2019 in all models.
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Credit: Data from CDC PLACES 2021. Map base created at www.cdc.gov/PLACES
and edited in ESRI ArcGIS Pro 2.9.7.

Fig 1. Estimated Prevalence of Poor Mental Health by County, United States, 2019. Data come from CDC PLACES, which is modeled from the
CDC Behavioral Risk Factor Surveillance System (BRFSS). BRFSS asks the question, “Now thinking about your mental health, which includes stress,
depression, and problems with emotions, for how many days during the past 30 days was your mental health not good?” Self-reported poor mental
health is defined as responses of >14 poor mental health days over the last 30 days.

https://doi.org/10.1371/journal.pone.0300939.9001

The explanatory variables associated with poor mental health were consistent in urban and rural models with some vari-
ation in their weighted ranking in the dominance analysis. Across all models, the four highest-ranked economic factors
were related to income and expenses: receipt of SSI, household income, receipt of SNAP benefits, and population with a
college degree.

Based on our findings, median household income was the most influential factor associated with county-level
poor mental health in all models. Our results show that higher median income in a county is associated with a lower
prevalence of poor mental health. Income is a key factor in overall health because it provides households with the
resources necessary for health and wellbeing, including basic needs like nutritious food, safe housing, and health
care services and other resources like higher education [25]. Lower incomes put children and adults at higher risk
for stress, worse physical health, exposure to adverse conditions in early life, and exposure to violence and crime,
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Table 1. Summary Statistics for Variables Used to Analyze County-Level Association Between Economic Factors and Estimated Prevalence of
Poor Mental Health, United States, Overall and by Urban/Rural Classification, 2019.

Factor Variable 2019 Median
[IQR]
Overall Urban Rural
N=3,121 n=1,145 n=1,976
Business 10-year percent change in Gross Domestic Product | 28.2% 35.6% 24.6%
(GDP), 2010-2019 (%) [15.3 — 42.8%] [22.6 — 49.2%] [10.9 — 39.1%]
Real GDP, in thousands of chained dollars ($) $946,103 $4,018,925 $595,270
[$361,013 — $2,691,786] |[$1,023,404 — $10,900,000] |[$263,664 — $1,295,594]
Change in Real GDP, 2010-2019 (%) 9.7% 14.1% 6.4%
[-1.8 —22.3%] [3.6 — 26.3%] [-4.38 — 19.5%)]
Employment | Unemployment rate, 2 16 years old (%) 4.9% 4.9% 5.0%
[3.6 —6.5%)] [3.9 —6.1%] [3.4 —6.8%]
Employed but under the Federal Poverty Limit 6.8% 6.0% 7.3%
(FPL) (%) [6.1 —8.9%)] [4.4 —7.9%] [6.5—9.3%]
Mean usual hours per week worked in the past 12 39.3 hours 39.0 hours 39.6 hours
months for workers 16—64 years old [38.5 —40.2 hours] [38.3 — 39.7 hours] [38.6 —40.7 hours]
Employees = 16 years old working from home (%) 4.5% 4.5% 4.4%
[3.2 - 6.3%)] [3.4 — 5.8%] [3.0 —6.7%]
Mean travel time to work (minutes) 23.7 minutes 25.7 minutes 22.4 minutes
[19.8 — 27.5 minutes] [22.4 — 29.5 minutes] [18.4 — 26.0 minutes]
Income and | Median earnings ($) $32,607 $35,963 $31,738
Wealth [$30,660 — $36,916] [$32,175 — $40,070] [$29,801 — $34,995]
Median household income ($10,000 increments) $5.2 $5.8 $4.9
[$4.4 — $6.0] [$5.1 — $6.8] [$4.2 — $5.5]
Population 225 years old with a college degree (%) | 19.5% 24.8% 17.8%
[15.3 — 25.8%] [18.6 — 33.1%] [14.3 = 22.1%]
Gini Index of income inequality (index 0-1) 0.44 0.44 0.44
[0.42 — 0.47] [0.42 - 0.47] [0.42 — 0.47]
Female pay as a percentage of male pay (%) 76.5% 78.0% 75.8%
[71.4 — 81.8%] [73.4 — 82.3%] [70.2 — 81.3%]
Households with Social Security income (%) 37.4% 33.8% 39.2%
[32.8 — 41.8%] [29.4 — 37.9%] [35.3 — 43.3%]
Households with Supplemental Security Income 5.5% 5.1% 5.8%
(SSI) (%) [4.1—7.3%] [4.0 — 6.6%] [4.2 — 8.0%]
Households with public cash assistance (%) 1.9% 1.9% 1.9%
[1.3-2.8%)] [1.4 —2.6%] [1.3-2.9%]
Homeownership (%) 72.9% 71.7% 73.4%
[67.6 —77.2%] [64.6 — 77.0%)] [68.9 — 77.2%]
Prevalence of units with a mortgage with Selected 24.6% 24.2% 24.8%
Expenses Monthly Owner Costs as a Percentage of House- [20.9 — 29.4%)] [21.2 — 28.5%)] [20.6 — 29.8%]
hold Income (SMOCAPI) of 30% or more (%)
Prevalence of rent-paying units with Gross Rent 44.3% 46.6% 42.4%
as a Percentage of Household Income (GRAPI) of [38.1 — 49.5%] [42.3 — 50.8%] [35.8 —48.4%)]
30% or more (%)
Households with Supplemental Nutrition Assistance | 11.9% 11.1% 12.6%
Program (SNAP) benefits in the past 12 months (%) |[8.3 — 16.2%] [8.0 — 14.6%)] [8.5—-17.1%]
Population 19-64 years old without health coverage |8.7% 8.0% 9.1%
(%) [6.8 —12.1%] [6.3 —10.8%] [6.1 —13.2%]
Population with public health insurance coverage 39.4% 35.6% 41.7%
alone (Medicaid, Medicare, Veterans Administration | [33.2 — 45.3%)] [30.3 — 41.3%] [35.7 — 47.3%]

[VA]) (%)

(Continued)

PLOS One | https://doi.org/10.1371/journal.pone.0300939  June 4, 2025

6/15



PLO\Sﬁ\\.- One

Table 1. (Continued)

Factor Variable 2019 Median
[IQR]
Overall Urban Rural
N=3,121 n=1,145 n=1,976
Neighbor- Median home value, in $10,000 increments ($) $12.7 $16.7 $11.0
hood [$9.8 — $17.4] [$13.0 — $22.6] [$8.8 — $14.4]
10-year population change (%) -0.07% 4.3% -1.8%
[-3.6 — 5.2%] [-0.35 - 10.5%] [-4.9 —2.0%]
Health Pro- Ratio of population to number of primary care 2055.9 1772.5 2187.3
vider Supply | providers [1343.6 — 3084.3] [1216.7 — 2795.6] [1479.7 — 3251.3]
Ratio of population to number of mental health 786.4 615.8 958.3
providers [408.4 — 1747.9] [348.3 — 1270.0] [465.3 — 2128.3]
Dependent Prevalence of > 14 poor mental health days of the 15.8% 15.3% 16.1%
Variable last 30 days, age-adjusted (%) [14.1 = 17.8%)] [13.7 — 16.9%)] [14.4 — 18.4%]

NB: The dependent variable is missing 21 counties in New Jersey and 2 counties in Alaska, limiting the overall analysis to N = 3,121 counties (urban n
=1,145; rural n = 1,976). The three Business variables are missing 2 counties in Hawaii and 51 counties in Virginia (Overall Analytic N=3,068; Urban
n=1,109; Rural n=1,959). The primary care provider ratio is missing 153 counties (N=2,968; Urban n=1,118; Rural n=1,850). The mental health pro-
vider ratio is missing 204 counties (N=2,917; Urban n=1,116; Rural n=1,801).

https://doi.org/10.1371/journal.pone.0300939.t001

any of which could trigger mood and anxiety disorders [26—28]. A reduction in or loss of income may be particularly
harmful to mental health [26,29,30]. In addition, there is evidence that interventions aimed at reducing poverty, such
as through cash transfers, have a positive effect on mental health, particularly when the support lifts someone out of
poverty [26,29].

One type of income support, SSI benefits, was also significant in all models. The results showed that as the percent-
age of the population with SSI benefits increased, so too did the prevalence of poor mental health. This relationship is
interpreted as bidirectional: receipt of SSI could be an economic indicator that influences mental health, but mental health
conditions may enable someone to receive SSI. SSI provides fixed, monthly supplemental financial assistance to people
who are: under 65 years old who are blind or have a disability (including mental disorders) that makes it difficult to perform
substantial gainful activity or over 65 years old without a disability who live on a low income. Among the 72% of SSI recip-
ients who are under 65 years old, six out of 10 were receiving SSI due to a mental health disorder [31]. In addition, adults
with disabilities or who have low incomes are more likely to report frequent mental distress than those without disabilities
or with higher incomes [32]. The significant association between receipt of SSI and prevalence of poor mental health could
be explained by the higher rate of mental health disorders among SSI recipients than among the general public; however,
the relationship may also suggest that the program on its own may not be able to economically mediate the impact that
other factors have on the number of poor mental health days experienced by people with disabilities (including mental
illness) and/or low incomes.

Similarly, a higher number of SNAP recipients in a county was associated with higher prevalence of poor mental health.
To be eligible for SNAP benefits, households must meet certain gross and net income and resource limits, making SNAP
a proxy for low-income households. Under special SNAP rules, recipients with disability income (e.g., SSI) only need to
meet net income limits. The positive relationship between SNAP benefits and poor mental health may reflect higher prev-
alence of mental health conditions among recipients. An estimated 28% of non-elderly SNAP recipients have a disability
(which could include mental health conditions); of those with a disability, almost 60% receive social security benefits [33].
Though SNAP benefits may have a positive impact on public health [34], the results of these models suggest that SNAP
benefits may not be able to make up for the financial gaps people with low incomes and/or disabilities may have and the
impacts of these financial shortfalls on mental health.
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Table 2. Most-to-Least Influential County-Level Economic Variables Contributing to County Prevalence of Poor Mental Health Based on Domi-

nance Analysis Ranked by Standardized Dominance Weights, Overall and by Urban/Rural Classification, United States, 2019.

2019 Dominance Analysis Rankings and Weights

Overall Weights Urban Weights Rural Weights
N=2,772 n=1,061 n=1,711

1. Household income 0.1136 1. Household income 0.1157 1. Household income 0.1160
2. Receipt of SSI 0.1126 2. Receipt of SSI 0.1090 2. College degree 0.1096
3. College degree 0.0952 3. College degree 0.0834 3. Receipt of SSI 0.1072
4. Receipt of SNAP 0.0944 4. Receipt of SNAP 0.0833 4. Receipt of SNAP 0.0899
5. Public insurance 0.0815 5. Public insurance 0.0768 5. Work travel time 0.0841
6. Unemployment 0.0652 6. Social Security 0.0763 6. Public insurance 0.0758
7. Work from home 0.0607 7. Home values 0.0693 7. Unemployment 0.0739
8. Home values 0.0597 8. Work from home 0.0501 8. Work from home 0.0677
9. Social Security 0.0580 9. Working poverty 0.0470 9. Working poverty 0.0475
10. Work travel time 0.0521 10. Unemployment 0.0388 10. Home values 0.0440
11. Working poverty 0.0520 11. Work travel time 0.0305 11. Social Security 0.0389
12. Gini Index 0.0280 12. Population change 0.0299 12. Gini Index 0.0346
13. Uninsured 0.0185 13. SMOCAPI 230% 0.0265 13. GRAPI 230% 0.0213
14. Population Change 0.0181 14. Real GDP 0.0219 14. Uninsured 0.0151
15. PCP Ratio 0.0147 15. F/M pay gap 0.0197 15. PCP Ratio 0.0127
16. Real GDP 0.0144 16. Uninsured 0.0193 16. Hours worked 0.0120
17. Homeownership 0.0121 17. Homeownership 0.0192 17. Homeownership 0.0100
18. GRAPI 230% 0.0106 18. Gini Index 0.0189 18. SMOCAPI 230% 0.0095
19. SMOCAPI 230% 0.0099 19. Change GDP 0.0187 19. Cash assistance 0.0080
20. Cash assistance 0.0074 20. PCP Ratio 0.0152 20. Real GDP 0.0076
21. Change GDP 0.0066 21. Cash assistance 0.0101 21. Population change 0.0057
22. Hours worked 0.0059 22. MHP Ratio 0.0083 22. Change GDP 0.0034
23. MHP Ratio 0.0049 23. GRAPI 230% 0.0062 23. MHP Ratio 0.0032
24. F/M pay gap 0.0038 24. Hours worked 0.0057 24. F/M pay gap 0.0022

* SSI=Supplemental Security Income, SNAP = Supplemental Nutrition Assistance Program, PCP =Primary Care Provider, GDP = Gross Domestic
Product, GRAPI=Gross Rent as a Percent of Household Income, SMOCAPI = Selected Monthly Owner Costs as a Percentage of Household Income,

MHP =Mental Health Provider, F/M=Female/Male.

https://doi.org/10.1371/journal.pone.0300939.t002

Although the percentage of the population with public health insurance coverage was a highly weighted factor in the
dominance analysis for all models, it was not statistically significant in the overall model and opposite relationships were
seen in the urban (negative) and rural (positive) models. Like SSI and SNAP households discussed previously, the pos-
itive relationship between public health insurance coverage and poor mental health may indicate that access to public
insurance may not mediate the impact of having a low income, and this appears to be particularly true for rural areas.
Having public health insurance may play more of a protective role in the prevalence of poor mental health in urban coun-
ties. The contrasting relationships to poor mental health in urban and rural counties support the need to examine associa-
tions with urban and rural economic factors separately.
The significance of having a college degree for lower prevalence of poor mental health in all models may be related to
higher wages associated with greater educational attainment [35], access to jobs with benefits like health coverage, and
the increased potential to build wealth with a college degree. College education may also have an independent effect

on mental health after controlling for income due to increased non-income related benefits, like broader social networks
and other resources, resulting in lower rates of death and longer lives [12]. Lower levels of educational attainment are
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Table 3. Beta Coefficients, 95% Confidence Interval, and Statistical Significance for County-Level Economic Variables Using Linear Regres-
sion with Prevalence of Poor Mental Health as the Dependent Variable, Overall and by Urban/Rural Classification, United States, 2019. Blue-
filled cells indicate a positive association between the variable and the dependent variable; red-filled cells indicate a negative association;
greyed out cells indicate the variable was not significant; blank cells indicate a variable that was not included in the model.

Factor Variable 2019
Overall Urban Rural
N=3,121 n=1,145 n=1,976
Employment Unemployment rate, 16 years old + (%) 0.093 0.11
(0.066, 0.12) (0.076, 0.14)
p<0.001 p<0.001
Employed but under the Federal Poverty Level (FPL) (%) 0.055
(0.031, 0.078)
p<0.001
Employees aged 16 years and older working from home (%) -0.12 -0.11
(-0.14, -0.10) (-0.13, -0.093)
p<0.001 p<0.001
Mean travel time to work (minutes) 0.085 0.080
(0.075, 0.095) (0.067, 0.093)
p<0.001 p<0.001
Income and Median household income ($10,000 increments) -0.58 -0.40 -0.77
Wealth (-0.67, -0.48) (-0.50, -0.30) (-0.87, -0.67)
p<0.001 p<0.001 p<0.001
Population 25 years old and older with a college degree (%) -0.037 -0.036 -0.049
(-0.046, -0.028) (-0.047, -0.024) (-0.060, -0.037)
p<0.001 p<0.001 p<0.001
Households with Social Security income (%) 0.024 0.072
(0.012, 0.035) (0.054, 0.091)
p<0.001 p<0.001
Households with Supplemental Security Income (SSI) (%) 0.13 0.31 0.087
(0.096, 0.16) (0.24, 0.37) (0.052, 0.12)
p<0.001 p<0.001 p<0.001
Expenses Households with Supplemental Nutrition Assistance Program (SNAP) 0.030 0.067 0.031
benefits in the past 12 months (%) (0.013, 0.047) (0.037, 0.097) (0.012, 0.051)
p=0.0014 p<0.001 p=0.002
Population with public health insurance coverage alone (Medicaid, 0.0083 -0.039 0.025
Medicare, Veterans Administration [VA]) (%) (-0.0040, 0.021) (-0.061, -0.017) (0.014, 0.037)
p=0.18 p=0.001 p<0.001
Neighborhood | Median home value ($10,000 increments) -0.0042 -0.020
(-0.014, 0.0051) (-0.032, -0.0087)
p=0.38 p=0.001
Adj R? Value 0.7001 0.6867 0.6914

https://doi.org/10.1371/journal.pone.0300939.t003

associated with increased risk of some psychiatric diagnoses like Major Depressive Disorder and Generalized Anxiety
Disorder [36] and higher rates of suicide [37]. Conversely, there is a bidirectional relationship between education and
mental health: poor mental health is associated with higher risk of early termination of education, limiting educational
attainment [38].
In addition to the income and expense variables, we found that as mean travel time to work (used in the overall and
rural models) increased, the prevalence of poor mental health increased, which could be explained as a function of the

increased time spent making driving-related decisions, leading to higher stress levels [39]. The results showed that the per-
centage of employees working from home (used in the overall and rural models) was inversely associated with poor mental
health, which also may be related to commute time and other aspects of remote work that support mental well-being, such
as fewer distractions, a more comfortable environment, and more time to spend with family or cook meals [40].
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An unexpected result was the null finding for median home values across all US counties, yet significant association for
the urban model. Median home value in urban counties had a significant inverse relationship with poor mental health. This
is consistent with other studies like those on the Moving to Opportunity for Fair Housing Demonstration Program that have
shown that higher income and higher opportunity neighborhoods may improve mental and physical health, especially for
adults [41-43], possibly relating to less exposure to neighborhood level stressors like crime [43] and greater access to
health-promoting resources like high-quality medical providers [44] and recreation facilities and amenities in good condi-
tion [45] than are available in poorer neighborhoods.

While individual- and clinical-level interventions to address these economic drivers exist, such as connecting patients
receiving mental health care with economic resources to ease financial burdens, these types of interventions are not
sufficient [12]. Population health improves as income increases, particularly for populations in the lowest income brackets
[26,29]. Interventions that systematically address poverty and the financial burden of basic needs like health insurance
and food may have a greater impact on health in the US than a narrow focus on individual interventions [20]. Addressing
the economic drivers of poor mental health may also have cascading impacts on a range of other chronic health outcomes
that share the same drivers, from mortality to substance abuse [46—49].

Policy considerations relating to household income that may have a positive effect on county-level mental health
include expanding programs for federal income subsidies [50]; ensuring income support for households during diffi-
cult financial times, such as unemployment [51,52]; establishment of a universal basic income [53]; increasing federal,
state, or local minimum wages [54,55]; offering additional tax breaks or credits for low-income households [56,57]; and
enacting policies which promote broader access to higher-paying employment opportunities [58]. Programs like SSI that
provide financial assistance to people with poor mental health who may have challenges maintaining stable work and
health insurance for treatment could positively impact mental health. Similarly, policies and programs that support people
with low incomes so they can afford necessary expenses like housing and food may have a beneficial impact on mental
health, beyond the original intentions of the program [59,60]. Additional interventions that might benefit population mental
health include increasing educational opportunities, such as high school completion initiatives, low-cost technical college
programs, and college tuition assistance [61,62]; expanding access to healthcare through subsidized or universal health
insurance coverage [63—65]; and thoughtful implementation of policies supporting work from home [66].

Future analyses could evaluate which approaches are most likely to improve mental health. However, economic con-
siderations may be necessary but insufficient to comprehensively address the persistence of poor mental health in the
US. A systems approach would help understand the most effective ways to improve mental health. Impactful changes in
one place can have cascading effects and create systemic change [21]. Assessment of the mental health consequences
of any new policy or policy change could be standard practice, in line with a Health in All Policies approach [67]. However,
the full effects of large-scale, upstream, systemic changes may not be seen for many years [7].

Additional research could clarify the relationships between economic factors and mental health at the individual level,
but more data on non-medical factors (such as standardized data in electronic health systems [68]) are needed to capture
how mental health may be influenced by non-medical factors on an individual basis. Relatedly, the importance of each
economic variable would be expected to vary depending on other geographic and demographic variables (e.g., age, sex,
race, ethnicity, and nativity). Social and economic inequalities persist for various demographic groups [69], and these
issues are not fully reflected in existing datasets. Future research could continue to explore the relationships between
economic factors and other variables that indicate differences in health outcomes across populations and places, as well
as the most effective change points for interventions.

Our study had three main limitations. First, we conducted an ecological, cross-sectional study to assess county-level
associations, limiting our ability to infer causality. To minimize bias and the influence of confounding, future studies could
employ sophisticated models such as fixed effects with time-dependent predictors using longitudinal data. For example,
researchers could explore how changes in any of these factors may lead to short- or long-term changes in mental health
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outcomes. Second, this study carries forward the limitations of our original data sources. For example, the mental health
prevalence estimates use data from BRFSS, which uses self-reported answers to a single question to assess mental
health status. The variable is broad and likely includes a range of mental health conditions, from diagnosable mental
illness to stress, that impact number of poor mental health days. We expect these conditions have varying relationships to
the economic factors explored here. Additional studies could explore the associations between economic factors and the
prevalence of specific mental health conditions and/or alternative measures of poor mental health. Third, reduced sample
sizes in the urban- and rural-specific models may have impacted our findings.

Nevertheless, this study contributes to the existing literature on the economics of poor mental health in three important
ways. First, we explore a range of economic factors at the county level that may influence mental health status, includ-
ing unique neighborhood-level and economic variables that could be used as a starting point for further analysis. It also
provides a baseline analysis to understand economic factors related to mental health at the county-level prior to the major
economic disruptions associated with the COVID-19 pandemic, which worsened mental health challenges [70-72]. Finally,
it applies dominance analysis techniques to go beyond the identification of potential drivers to rank these drivers in order
of influence, which can inform the prioritization of policies and programs to improve mental health status.

Conclusions

This study provides important data to researchers and policymakers on the association of economic factors and mental
health. This study found that higher county-level access to resources, including income, education, and health insurance,
is associated with a lower prevalence of poor mental health. Economic factors shape the distribution of resources and
opportunities needed to maintain mental well-being and these distributions are geographically uneven across the US.
Additional research could explore additional economic variables as indicators and their relationship to specific mental
health outcomes (e.g., depression); spatial trends in poor mental health over time; and possible mental health-specific
population-level interventions and their effectiveness in improving mental health to improve public health and address
geographic and demographic differences in negative mental health outcomes.
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