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Suicide rates in the United States have increased over the past 15 years, with substantial geographic variation
in these increases; yet there have been few attempts to cluster counties by the magnitude of suicide rate changes
according to intercept and slope or to identify the economic precursors of increases. We used vital statistics data
and growth mixture models to identify clusters of counties by their magnitude of suicide growth from 2008 to
2020 and examined associations with county economic and labor indices. Our models identified 5 clusters, each
differentiated by intercept and slope magnitude, with the highest-rate cluster (4% of counties) being observed
mainly in sparsely populated areas in the West and Alaska, starting the time series at 25.4 suicides per 100,000
population, and exhibiting the steepest increase in slope (0.69/100,000/year). There was no cluster for which the
suicide rate was stable or declining. Counties in the highest-rate cluster were more likely to have agricultural and
service economies and less likely to have urban professional economies. Given the increased burden of suicide,
with no clusters of counties improving over time, additional policy and prevention efforts are needed, particularly
targeted at rural areas in the West.

economic factors; epidemiologic methods; growth mixture modeling; suicide

Abbreviations: APPA, average posterior probability of assignment; COVID-19, coronavirus disease 2019; GMM, growth mixture
model; RR, rate ratio.

Suicide poses a significant burden to population health
in the United States (1). Indeed, suicide is consistently a
leading cause of death in the United States overall (2) and
is among the top 3 causes of death for certain demographic
groups (3). After a decade of decline beginning in the 1990s,
US suicide rates have increased annually, with few excep-
tions, since 2010, and suicide has been identified as among
the most important contributors to the increase in working-
age mortality and the stagnation in overall life expectancy
in the United States over the past 3 decades (3). Suicide
rates vary considerably across the United States, with higher
rates in rural areas than in urban areas and higher rates in
the West than in the rest of the country (4). Understanding
where risk is concentrated and identifying the ecological fac-
tors contributing to increasing rates is critical to informing
prevention and intervention efforts.

Factors that increase the risk of suicide operate across
multiple levels. Individual-level risk factors include history
and severity of psychiatric disorders and a history of suicide
attempts (5), recent stressful life events (6, 7), family history
of suicide (8), and access to lethal means (particularly
firearms) (9). At the ecological level, several features
of the social and built environments are associated with
higher suicide rates, including mental-health provider
access and firearm access (10–14) and lower prevalence of
social-capital–promoting institutions (15). Macroeconomic
factors also appear to play an important role. Counties
with higher rates of poverty, lower median incomes,
and less educated populations have higher suicide rates
(16–18), and local employment shocks have been found
to increase suicide rates (19–21). Further, emerging
evidence indicates that economic policies such as higher
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minimum wages reduce suicide rates across US states
(22–24).

While macroeconomic factors predict overall rates of
suicide at the county level (25), it is unclear whether they
predict increases in or trajectories of suicide over time and
whether counties with large increases in suicide can be clus-
tered on the basis of common economic and labor market
features. Research indicates that among working-age non-
Hispanic Whites, increases in suicide are steeper in counties
with economies dependent on agriculture and farming (25),
although the extent to which broader economic factors pre-
dict county clusters of suicide in the US population overall
remains unknown. County-level economic disadvantage and
declines in manufacturing labor-force participation predict
increased drug overdose rates (19–21, 26–28), which may
have common underlying mechanisms with suicide. Further,
available evidence indicates that suicide rates have increased
more in rural counties than in urban counties (11, 29–32),
but little work has been done to establish economic cluster-
ing of counties according to suicide risk trajectories, espe-
cially in recent years. Findings are also inconsistent; during
2000–2015, increased economic insecurity predicted higher
county-level suicide rates but did not predict increases over
time (33). The extent to which these associations generalize
beyond 2015 remains unknown, especially in data that cover
the onset of the coronavirus disease 2019 (COVID-19) pan-
demic, which led to substantial economic disruption.

Understanding where suicide risk is concentrated is crit-
ical to timely dissemination of prevention and interven-
tion efforts and to identification of etiologically important
environmental causes of suicide that are seldom present
in individual-level risk prediction. While previous studies
have examined county-level associations with suicide rates
over time, there have been no statistical attempts to cluster
counties on the basis of similar suicide rates and trajectories.
Furthermore, understanding how risk varies by method of
suicide death is critical given that firearm access, and thus
firearm suicides, cluster geographically (34) and that firearm
deaths call for different prevention strategies than suicide by
other methods (9). Additionally, temporal and geographic
clustering of suicide, and mechanisms underlying variation,
differ across age groups (35, 36); given that suicide risk
is particularly high at older ages in the United States (36),
consideration of differences in trajectories and correlates
is warranted. Growth models provide empirical and data-
driven methods for identifying clusters and patterns in lon-
gitudinal data, and they are extensively used to identify
trajectories over time and their determinants, yet to our
knowledge they have not been applied to suicide data to
provide a statistical assessment of risk clustering across the
United States.

In this study, we use cluster analysis to identify groups
of US counties based on their suicide trajectories from 2008
to 2020. We test whether cluster model fit improves when
clusters are identified based on the intercept and slope of the
time series alone versus with the addition of annual time-
varying county economic characteristics. We then identify
the economic and labor market factors measured at the
beginning of the time series that predict cluster membership.
We also examine clusters across age groups (ages 18–64

years and ≥65 years), as well as by method of suicide
death (firearm vs. nonfirearm), to assess whether trajectories
of suicides are similar across these categories. This study
advances the existing literature on geographic disparities in
suicide by 1) statistically identifying clusters of differing
trajectories across counties and 2) identifying the economic
characteristics associated with different trajectory profiles.

METHODS

Data sources

We used death records for 2008–2020 from the National
Vital Statistics System (37). We identified deaths resulting
from suicide using International Classification of Diseases,
Tenth Revision, underlying-cause-of-death codes X60–X84,
Y87.0, and U03 (38). We obtained county estimates for
the total population and the population stratified by age
and sex from the Bridged-Race Intercensal (2008–2009)
(39) and Postcensal (2011–2020) Population Estimates and
used these to calculate annual crude county-level suicide
mortality rates (number of suicides/100,000 population). We
considered suicides overall and then separately by age group
and method (firearm and nonfirearm suicides). We attempted
to analyze data by sex and race/ethnicity, as well as more
narrow age bands; however, these models did not converge
due to sparse data in some groups. We began the time series
in 2008 to match the data for economic and labor predictor
indices that we correlated with suicide trajectories. Data
from 3,140 counties were included in the study; 2 counties
were dropped due to missing data.

Economic characteristics

For selection of the number of suicide trajectory classes,
we tested model fit while including time-varying annual
measures of county-level economic activity for 2008
through 2020, including: 1) proportion of the population
living in poverty and median household income: annual mea-
sures of poverty prevalence and median household income,
as estimated by the Census Bureau’s Small Area Income
and Poverty Estimates program (40); 2) average weekly
wage and annual pay: estimates of average weekly wage and
annual pay across all industries, as reported to the Bureau
of Labor Statistics’ Quarterly Census of Employment and
Wages program (41); and 3) unemployment rate: estimates
of unemployment by the Bureau of Labor Statistics (42).

After model selection, we tested associations between
class membership and 5 county-level economic activity
indices calculated in previous work by Monnat et al. (28),
based on exploratory factor analysis of demographic, socioe-
conomic, occupational, and industry characteristics from the
2008–2012 administrations of the American Community
Survey. Monnat et al. found that of 34 US Census variables
examined, a 4-factor model best represented the correlations
among 27 of the variables, with high (≥0.40) factor loadings
that explained 70% of the variance across variables tested
(28). The resulting factor-weighted standardized indices
predicted county-level variation in overdose mortality rates
(28) and reflected the economic conditions of counties at the

Am J Epidemiol. 2024;193(2):256–266



258 Keyes et al.

beginning of our study period. The urban professional index
includes data on population density and percentage of renter-
occupied housing units, number of new residents in the
previous 5 years, and numbers of workers employed in var-
ious fields—1) business/professional services; 2) finance,
insurance, and real estate; 3) communication, information,
and utilities industries; and 4) professional and technical,
executive and managerial, retail sales, and administrative
and clerical occupations. The economic disadvantage index
includes the inverse of the labor force participation rate,
Thiel’s L (inequality at the bottom of the income distribu-
tion), the Gini coefficient of income inequality, the ratio of
federal to state median household income, and percentages
of individuals living in poverty, households receiving public
assistance, single-parent families, and divorced/separated
persons. The blue-collar worker index includes the percent-
age of adults aged ≥25 years without a 4-year college degree
and the percentages of workers employed in production,
extraction, or construction; transportation or materials mov-
ing; and manufacturing. The service economy index includes
the percentage of vacant housing units and the percentages
of workers employed in personal service; retail, personal
sales, food, and accommodations; construction; and public
administration. The agricultural economy index includes the
percentage of workers employed in farming, fishing, and
forestry occupations and the percentage employed in the
agriculture, fishing, and forestry industries. The indices are
standardized (mean = 0, standard deviation = 1). This data
set did not include index estimates for Alaska or Hawaii;
thus, those states were excluded from regression analysis
that included the indices (Alaska and Hawaii were included
in other analyses). More information on the development
of the indices can be found in the paper by Monnat
et al. (28).

Additional variables included in all models were metropoli-
tan status, classified using the US Department of Agriculture
Economic Research Service’s Rural-Urban Continuum
Codes (43), and US Census region: Northeast, South,
Midwest, or West.

Growth mixture model

The scalar form of a K-class growth mixture model
(GMM) (44) with a random intercept and slope and class-
specific error variance is given by

yk
it = βk

0 + bk
0i + (

βk
1 + bk

1i

) × t + εk
it,

where t = 1, ..., T denotes time (year), i = 1, . . . , N denotes
county, and yit denotes the suicide rate during year t in
county i. k = 1, . . . , K denotes cluster or latent class (45).

βk
0 and βk

1 represent fixed effects for cluster k, the class-
specific intercept (rate at the start of the study period)
and slope (linear trend over the study period); bk

0i and bk
1i

represent random effects that capture individual county dif-
ferences in class k (intercounty variability); and εk

it represents
errors (intracounty variability) and is class-specific. Random
effects and errors are assumed to be normally distributed

with a mean of 0 and different variances—that is, bk
ji ∼

N
(
0, σ2

bk
j

)
, j = 0, 1, and εk

it ∼ N
(
0, σ2

εkt

)
.

Note that this formulation allows each class to have a
separate and distinct intercept (βk

0), slope (βk
1), intercept

variance (σ2
bk

0
), slope variance (σ2

bk
1
), and error variance (σ2

εkt
),

as well as a different random intercept-slope covariance,
Cov

(
bk

0i, bk
1i

)
. In other words, each class can have a different

average suicide mortality rate at the start of the study period
and different slopes over the study period, counties can
deviate from the class averages (both intercept and slope)
by different degrees, and the magnitude of county deviation
from the class average is allowed to differ across classes.
These together allow for a flexible model framework. The
above GMM form constitutes the base model. The alternate
form with additional covariates, that is, annual time-varying
county economic characteristics, is given as

yk
it = βk

0 + bk
0i + (

βk
1 + bk

1i

) × t +
P∑

p=1

γk
pxitp + εk

it,

where xitp denotes the value of covariate p in county i during
year t and γk

p is the class-specific coefficient to be estimated
for covariate p. As described above, we identified 5 annual
county-level economic measures to include in the model;
hence, P = 5.

The models were built using the flexmix (46–48) package
in R (49). The model was initialized with different parameter
priors and expectation maximized. The process was repeated
10 times with different priors (to avoid local maxima), and
up to 1,000 iterations were allowed to reach convergence;
the prior that maximized likelihood was retained.

Goodness of fit and assessment of model adequacy

The model’s goodness of fit was primarily assessed using
the Bayesian information criterion (50, 51), the Akaike in-
formation criterion (52), and the log likelihood. We also used
adequacy measures to assess the classification uncertainty
of the model that are complementary to likelihood-based
goodness-of-fit measures. The average posterior probabil-
ity of assignment (APPA) calculates the average posterior
probability of all counties assigned to class k. The APPA
has clear bounds, (0, 1), with values closer to 1 indicating
greater classification certainty; an APPA greater than 0.7 for
all classes is considered acceptable (45, 53, 54). We also
used relative entropy, which, unlike the APPA, is a global
measure defined across all classes, with values close to 0
indicating low classification uncertainty, and an undefined
upper bound (i.e., bounds of [0 , ∞)). Higher values of
relative entropy indicate higher classification certainty, and
values greater than 0.5 are considered acceptable (45, 53,
55, 56).

Model selection

We built models with linear trend terms (no higher-order
polynomial terms were necessary), as specified above, for
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Table 1. Estimated Parameters for a 5-Class Overall Growth Mixture Model of Suicide Mortality (Deaths/100,000a) in 3,140 Counties, United
States, 2008–2020b

Parameterc
Rate Class

Lowest Middle Lowest Middle Middle Highest Highest

Intercept (βk
0) 12.08 12.91 14.26 16.87 23.63

Slope (βk
1) 0.41 0.38 0.44 0.56 0.69

Intercept variance (σ2
bk

0
) 4.17 2.01 1.28 1.08 1.03

Slope variance (σ2
bk

1
) 0.10 0.09 0.23 0.31 0.94

Intercept-slope covariance (Cov
(
bk

0i, bk
1i

)
) 0.42 0.17 0.13 0.04 0.03

Error variance
(
σ2

εk

)
7.34 35.69 104.25 364.54 2,121.11

Percentage of counties 19.8 28.7 31.8 15.8 4.0

APPA 0.94 0.85 0.85 0.90 0.94

Abbreviation: APPA, average posterior probability of assignment.
a Average number of suicides per 100,000 population.
b Clusters are ordered by the 2008 average rate of suicide death in counties assigned to the cluster (lowest rate to highest rate).
c Estimates from the base model were not adjusted for additional covariates.

k = {2, . . . , 5}, using annual county-level (n = 3,139)
suicide mortality rates from 2008–2020 (T = 15) as the
response. While the Akaike information criterion and
Bayesian information criterion generally improved with
increasing k (see Web Figure 1, available at https://doi.
org/10.1093/aje/kwad205), the changes were small at values
of k greater than 5. Based on relative entropy (Web Figure
2), all models indicated acceptable fit; for the APPA (Web
Figure 3), models with k > 5 had a fit that was below
acceptable for at least some clusters.

We also tested the fit of models including annual time-
varying economic measures to determine whether cluster
identification was improved when these economic factors
were included in cluster model selection. Inclusion of time-
varying covariates in the model did not change the goodness
of fit at smaller values of k, including at the selected value of
k = 5 (Web Figure 1). Model adequacy measures met accept-
able criteria and were comparable to the corresponding base
model without the economic predictor variables (Web Fig-
ures 1–3). Estimates for the random effects and the propor-
tion of counties in each cluster were similar to corresponding
base model estimates. These together suggested a limited
impact of inclusion of time-varying economic factors on the
choice of number of latent classes, improvement of model
quality, and class certainty. These observations led to our
selection of a 5-class GMM without time-varying economic
factors as our primary model. We built separate models with
suicide rates among persons aged 18–64 years and persons
aged ≥65 years, as well as suicide by firearm involvement.
We varied the baseline year for robustness checks; a 5-group
model was reliably recovered across baseline years.

Analysis of economic characteristics associated with
cluster membership

We examined the association between county economic
activity near the start of the study period and the class

membership assigned by the 5-class GMM. We used a multi-
nomial logit model to estimate the probability that county i
belongs to class k, over belonging to the reference class, as

log
Pr

(
ŷi = k

)

Pr
(
ŷi = ref

) = α0 +
Q∑

q=1

ηk
qziq,

where ŷi denotes the class assigned by the GMM, q denotes
one of Q time-invariant covariates as described above, ziq

is the value of covariate q in county i, and ηk
q is the class-

and covariate-specific regression coefficient (57–61). We set
the class with the smallest fixed intercept (smallest average
suicide rate at the start of the study period) as the reference
category, and we calculated rate ratios for other classes
relative to this class.

Note that in transforming posterior probabilities of class
membership assigned by the GMM to a categorical variable
(ŷi), information on uncertainty of class membership is
lost. To continue to account for classification uncertainty,
we weighted counties in the multinomial model by GMM
posterior class probabilities.

RESULTS

Table 1 shows the model-estimated parameters for the
selected 5-class model. Parameter estimates show that the
two clusters with the lowest rates have considerable dif-
ferences in intercept variance and error variance—that is,
the intercounty heterogeneity of the suicide rate at the start
of the study period and the intracounty residual during the
study period, respectively—while the other parameters are
more comparable (Table 1). Larger error variance was also
estimated for counties in the two highest rate classes, prob-
ably influenced by low populations in these counties. The
APPA was consistently high (≥0.85) and above the generally
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Figure 1. Suicide rates across time in a 5-class growth mixture model (GMM) (A) and locations of county suicide clusters for the overall
population (B), United States, 2008–2020. Panel A shows the mean trajectories of posterior estimates of county suicide rates (number of
suicides per 100,000 population) according to the 5-class GMM in 3,140 US counties. Numbers shown at the end of each trajectory indicate the
percentage of counties assigned to that rate class. Classes are ordered by the 2008 average rate of suicide death of counties assigned to the
cluster (lowest rate to highest rate).Panel B shows a map of counties’class assignments from the 5-class GMM.(Note that the map is not to scale.)

recommended threshold (0.70). Counties classified in the
highest and middle-highest rate clusters had the steepest
slopes (i.e., the fastest rate of increase) during the study
period, at 0.69 and 0.56, respectively.

Figure 1 shows suicide rates across time in the 5-class
GMM and a map depicting the location of county clusters
for the overall population. Web Figures 4 and 5 show cor-
responding stratum-specific components (i.e., by age and
firearm involvement). Class membership was largely differ-
entiated by intercept (i.e., suicide rate in 2008), with the
two highest risk clusters also exhibiting a steeper rate of
change (slope) over the study period than the other clusters.
The model estimated that 20% of US counties were in the
lowest suicide rate group, with an average rate in 2008 of
11.4 per 100,000 population, and an increase over time to
14.0 per 100,000 in 2020. The largest cluster comprised
32% of counties, and it was a relative midpoint across
clusters in terms of rate at the start of the study period.
Four percent of counties were in the highest-rate cluster;
these counties had a substantially higher suicide rate than

any other county cluster in 2008 (25.4/100,000 population),
ending with 34.2/100,000 in 2020. No clusters in which the
suicide rate was stable or declined over the study period were
identified.

Web Table 1 shows the average demographic characteris-
tics of counties included in each cluster, as well as the char-
acteristics of suicide deaths in each cluster, in the first year
of the time series (2008) and the last year (2020). Counties
with the highest suicide rates in 2008 and 2020 had a higher
Native American/Indigenous population proportion, a lower
Asian population proportion, and the lowest population den-
sity. Indeed, in 2020, the highest-rate cluster had an average
population density of 2.1 people per square mile, as com-
pared with 1,074.18 people per square mile in the lowest-
rate cluster. In terms of characteristics of suicide deaths,
the highest-rate clusters had a lower proportion of male
suicide deaths and a higher proportion of Native American/
Indigenous deaths.

The map in Figure 1B shows that the highest-rate cluster
(red) runs primarily through Montana, Wyoming, the Dakotas,
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New Mexico, and Texas, as well as several counties in
Alaska. These states also include counties in the next
highest-rate cluster (orange). The West and East coasts
are largely at the lower end of the rate distribution (blue,
green), although there are counties in both higher and lower
rate clusters throughout all states (i.e., limited intrastate
homogeneity of suicide rate).

Figure 2 shows associations between county economic
characteristics at the start of the study period and cluster
group membership. The highest-rate cluster was distin-
guished from others as having higher levels of agricultural
economies and lower urban professional and blue-collar
labor markets. The cluster with the lowest rate had high
levels of urban professionals and lower dependence on ag-
riculture. The roles of economic disadvantage and service
economy indices were roughly similar across suicide
clusters.

Figure 3 shows rate ratios (RRs) from multinomial regres-
sion of the association between county-level economic
indices (measured in 2008–2012) and suicide trajectory
class membership, with all economic indices included
as covariates, as well as metropolitan status and region.
Considering the highest-rate cluster, agricultural and service
economies were overrepresented in every stratum except
the age group ≥65 years. For example, higher agricultural
(RR = 4.42) and service (RR = 4.26) economic indexes
were associated with increased risk of being in the highest-
rate suicide cluster among persons aged 18–64 years but
not among those aged ≥65 years. Counties with a high
urban professional presence were underrepresented in all
strata. Counties with a higher blue-collar presence were
underrepresented across both age groups (RR = 0.47 for
ages 18–64 years; RR = 0.43 for ages ≥65 years) but
overrepresented among firearm deaths (RR = 2.12) for the
highest-rate cluster compared with the lowest-rate cluster.
Counties higher on the economic disadvantage index had
lower risk of being in the highest-rate cluster for firearm
deaths (RR = 0.44) but higher risk of being in the highest-
rate cluster for nonfirearm deaths (RR = 1.35).

DISCUSSION

In this study, we sought to statistically identify US coun-
ties by their suicide rate trajectories from 2008 to 2020 and
assess the extent to which county-level economic disadvan-
tage and labor market characteristics predict cluster mem-
bership. First, we found 5 statistically reliable trajectories of
suicide rates in the United States differentiated mainly by
their suicide rates in 2008. Importantly, there was no cluster
of counties where the suicide rate was stable or decreasing;
suicide rates increased across all 5 clusters. Second, counties
with the highest and second highest suicide rates in 2008 also
had the steepest rate of increase through 2020, indicating
that risk accelerated in areas for which the suicide rate was
already a substantial population health burden. Third, coun-
ties with the highest rates of suicide were consistent across
firearm and nonfirearm methods, as well as across both
age groups (18–64 years and ≥65 years), suggesting that
there may be additional underlying drivers of suicide beyond
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Figure 2. Associations between county economic characteristics
at the start of the study period and cluster group membership
in a study of suicide trajectories, United States, 2008–2020. The
graphs show the median value (circles), interquartile range (bars),
and distributions of covariate values (violin outlines) for counties
assigned to each suicide rate class (x-axis) by a 5-class growth
mixture model of 3,140 counties. Panels show results for areas
with higher proportions of A) an agricultural economy; B) a ser-
vice economy; C) urban professionals; D) blue-collar workers; and
E) economic disadvantage. Rate classes: blue, lowest; green, middle
lowest; yellow, middle; orange, middle highest; red, highest.
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A) Ages 18–64 years; B) ages ≥65 years; C) firearm deaths; D) nonfirearm deaths. Clusters are ordered on the y-axis from the lowest suicide
risk at the end of the study period to the highest. The lowest suicide rate class (vertical dashed line; rate ratio = 1) was used as the reference
group. “NS” (not significant) indicates a non–statistically significant estimate (e.g., the middle cluster for the blue-collar worker variable for the
age ≥65 years models). Models controlled for metropolitan status and US Census region. Bars, 95% confidence intervals.

firearm access or developmental stage. Fourth, we found that
county economic and labor market factors, including indices
of urban professionals, blue-collar workers, and agricultural
employment, measured around the start of the study period
were reliably correlated with trajectory group membership,
with variation in the strength and direction across age groups
and methods. Counties with the highest suicide rates and
steepest increases were those with more agricultural and
service economies and smaller shares of urban professionals.
Fifth, counties in the mountain West and along the southern
border, as well as in remote areas of Alaska, consistently
had the highest suicide rates, suggesting that addressing

suicide will require interventions across multiple levels and
dimensions. These findings are consistent with other US-
based studies that documented area-level economic factors
as determinants of suicide (11, 15, 17, 18). We added to this
literature by examining associations through 2020 and by
documenting variation across age groups and firearm use.

Given the increased burden of suicide in areas with greater
concentrations of low-wage and economically precarious
workforces, and given the consistent association of agricul-
tural and service-work economies with high-rate cluster
trajectories, additional efforts to support families facing
financial insecurity are needed. High-rate clusters were

Am J Epidemiol. 2024;193(2):256–266



Variation in US Suicide Trajectories, 2008–2020 263

concentrated in the mountain West and Alaska—areas with
a high density of indigenous populations, among whom sui-
cide risk is higher than in other ethnic groups due to system-
atic and structural oppression (62–64). Future assessment of
how structural racism may mediate geographic variation in
suicide, particularly in these regions, may identify mecha-
nisms (65).

Findings are also consistent with other evidence indicat-
ing that the onset of the COVID-19 pandemic did not sub-
stantially increase suicide mortality in the United States (66).
A lesson for intervention may have been learned through the
COVID-19 pandemic, during which the United States imple-
mented the largest expansion of eligibility for government-
funded safety net benefits in its history (67). Despite
concerns, suicide has not increased in the United States since
the onset of the pandemic, and suicide deaths have decreased
in many areas (66, 68). Emerging research indicates mental
health benefits of antipoverty programs (69) and reduced
numbers of suicides with increasing minimum wage by
US state (22–24). Suicide initiatives benefit from structural
interventions designed to support counties with economic
precarity. Social policies may have greater impacts on
suicide prevention if they consider the diverse economic
and occupational profiles of places to address upstream
economic determinants.

Around half of suicides in the United States are firearm-
related, and national and state policies are critical to reduce
access to lethal means. We find that trajectories of firearm-
related suicide vary by county economic and labor market
conditions, suggesting that targeting firearm suicide preven-
tion toward counties with large shares of workers in agricul-
ture, service, and blue-collar occupations is necessary. The
need for increased firearm safety to reduce the burden of
suicide is well documented, and efforts to reduce guns in
the home for suicide prevention need additional support and
attention (70, 71), given that current firearm policies such
as background checks and other policies are not effective in
preventing suicide in all states (72, 73).

While it is clear that access to firearms is an important
driver of geographic disparities in US suicide (34, 74), our
finding that trajectories are consistent for both firearm and
nonfirearm suicides and the reality that nonfirearm suicides
have also increased in recent years (75, 76) highlight the
importance of suicide prevention strategies beyond control-
ling access to firearms. Focusing on reducing the root causes
of suicidal behavior is critical, as are just-in-time interven-
tions during a suicidal crisis (77, 78). National and state-
level intervention efforts to reduce suicide death include the
national 988 crisis telephone hotline, which has been live
since its July 2022 rollout, is administered at the state level,
and has been accompanied by increased funding by some
states for mental-health crisis services (79, 80). Previous
state-level analyses indicated that suicide crisis calls per
capita are higher in many of the states with high suicide rates
as compared with the rest of the nation (81), and increased
funding and the simplicity of a 3-digit mental-health crisis
phone number may thus be particularly effective in these
regions, although differences in administration by state may
lead to variation in support. Another area of concern that
should be addressed is the increase in Internet sites with

graphic content about suicide means (82), especially among
youth (78), and the attendant regulatory challenges.

These results should be considered in light of their limita-
tions. There is substantial variation across the United States
in the accuracy of suicide death certification (83, 84); thus,
measurement error in county-level designations of suicide
should be noted. Sparsely populated counties generally have
low numbers of suicides, which leads to some instability in
estimates. Further, our indices of economic activity were
based on data from 2008–2012 (28) and were not time-
varying. While we incorporated time-varying measures of
economic precarity into the model selection phase of the
analysis, additional research on the role of changes in labor
markets and economic precarity, as well as factors such as
the minimum wage and the proportion of the population
earning minimum wages, would be beneficial to move this
line of research forward. Sparse data for certain subgroups
precluded calculation of estimates for persons under age
18 years and by sex and racial/ethnic group, which limited
our ability to draw conclusions about potential subgroup
variation.

In summary, increases in suicide in the United States since
2008 have been widespread. Increases have been concen-
trated among counties with already comparatively high sui-
cide rates. These places should be prioritized for allocation
of suicide prevention resources. Policy-makers implement-
ing suicide prevention programs should consider economic
and labor activity as well as structural interventions that
address economic and labor precarity, in addition to broader
structural and social determinants of health. We encourage
future research that can identify additional ecological fac-
tors (e.g., structural racism, social and health infrastructure)
associated with suicide trajectories, beyond the economic
factors considered here.
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