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Abstract

Introduction: From 1999 to 2020, the suicide rate in Virginia increased from 13.1 to 15.9 per
100,000 persons aged 10 years and older. Few studies have examined spatial patterns of suicide
geographies smaller than the county level.

Methods: We analyzed data from suicide decedents aged =10 years from 2010 through 2015

in the Virginia Violent Death Reporting System. We identified spatial clusters of high suicide

rates using spatially adaptive filtering with standardized mortality ratio (SMR) significantly higher
than the state SMR (p < 0.001). We compared demographic characteristics, method of injury, and
suicide circumstances of decedents within each cluster to decedents outside any cluster.

Results: We identified 13 high-risk suicide clusters (SMR between 1.7 and 2.0). Suicide
decedents in the clusters were more likely to be older (40+ years), non-Hispanic white, widowed/
divorced/separated, and less likely to have certain precipitating suicide circumstances than
decedents outside the clusters. Suicide by firearm was more common in four clusters, and suicide
by poisoning was more common in two clusters compared to the rest of the state.

Conclusions: There are important differences between geographic clusters of suicide in
Virginia. These results suggest that place-specific risk factors for suicide may be relevant for
targeted suicide prevention.

Introduction

Suicide is a complex issue with risks occurring at the individual, relationship, community,
and societal levels (U.S. Department of Health and Human Services, 2012; Stone et af.,
2018; Virginia Department of Health, 2016). Suicide risk varies according to age, sex, race,
and other demographic factors. Some common circumstances preceding a suicide death
include mental health problems, relationship problems, a recent crisis, alcohol or substance
misuse, physical health problems, and financial problems. While understanding individual-
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level risk factors is essential for suicide prevention efforts, exploring spatial patterns

and identifying high-risk areas of suicide can inform more targeted and comprehensive
prevention efforts and improve resource allocation. Culturally appropriate suicide prevention
interventions that address specific risk factors in different populations and places are most
effective (Barnhorst et al., 2021).

There are some important limitations to methods that have been previously used to identify
geographic clusters of suicide. Several studies have used spatial scan statistics to identify
geographic clusters of suicide and characteristics associated with the clusters (Fontanella
et al., 2018; Kulldorff & Nagarwalla, 1995; Saman et al., 2012); however, this method

will identify the most likely clusters, even if they are not significantly different from

the rest of the study area. Bayesian spatial regression is another method for identifying
geographic clusters of suicide. One such study identified 52 counties in Virginia with greater
than expected suicide risk and found that suicide risk was positively associated with the
percentage of the White population and higher median age (Orndahl & Wheeler, 2018).
However, using county boundaries severely limits the ability to detect geographic clusters
since the risk of suicide can be highly concentrated in only one part of a county and can
cross county boundaries. Therefore, new methods for identifying small-area geographic
suicide clusters and community-level risk factors should be explored.

An important aspect of our method for detecting geographic clustering of suicide risk

is our use of the National Violent Death Reporting System (NVDRS). The NVDRS

is a state-based surveillance system containing individual-level data about each suicide,
including demographic characteristics and the residential tract of each decedent. Importantly,
this surveillance system contains unique information about individual circumstances that
precipitated a suicide. Our method for detecting geographic clusters of high suicide risk
differs from other studies because all geographic units in the state have a uniform and
minimum level of statistical reliability instead of a minimum level of geographic precision.
We accomplished this using a series of overlapping moving windows called spatially
adaptive filters (Cai et al., 2011; Talbot et al., 2000; Tiwari & Rushton, 2005). Spatially
adaptive filters are aggregations of smaller neighboring geographic units (in this case,
Census tracts) that, by themselves, do not have sufficiently large populations to calculate
statistically reliable disease rates (Matthews, 2018). The size of the spatial filters varies
according to population density; filters are smaller in urban areas and larger in rural areas.
Others have used spatially adaptive filters to create an interpolated map of disease rates with
a uniform statistical reliability for other diseases. However, identifying geographic clusters,
areas where disease rates are statistically significantly elevated compared to the state overall,
is a novel application of spatially adaptive filters. Using Virginia as an example, we
identified clusters with elevated suicide rates and then compared the suicide circumstances
of the decedents residing within the clusters to all other parts of the state outside the clusters.

Suicide was the 12th leading cause of death in the United States in 2020, with approximately
46,000 deaths from suicide or 15.9 deaths per 100,000 persons aged 10 years and older
(National Center for Injury Prevention and Control, 2020). Furthermore, suicide rates have
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increased in 49 of the 50 U.S. states and by 25% nationwide from 1999 through 2016 (Stone
et al., 2018). Virginia’s suicide rate was 15.9 per 100,000 persons aged 10 years and older in
2020 and increased by 17.4% between 1999 to 2016 (Stone et al., 2018; National Center for
Injury Prevention and Control, 2020). Consistent with the rest of the United States, people
in Virginia who are over 65 years of age, White, and male are at higher risk of suicide than
other groups (Hassamal et al., 2015; Moscicki, 2001; Virginia Department of Health, 2016).
However, the suicide rate varies widely within the state; county-level suicide rates in the
state ranged from 7.0 per 100,000 (Arlington County) to 62.5 per 100,000 (Patrick County)
in 2020 (Centers for Disease Control and Prevention, 2020). In Virginia, firearms are the
most common method of suicide, followed by hanging and poisoning (Hassamal et al., 2015;
Viriginia Department of Health, 2016).

Data and Study Sample

The National Violent Death Reporting System (NVDRS) is an active state-based
surveillance system that collects and compiles information on violent death, including
suicide, from three required data sources: death certificates, coroner/medical examiner
reports, and law enforcement reports. NVDRS collects information related to the manner
of death (e.g., suicide), mechanism of injury (e.g., firearm), demographics, toxicology, and
circumstances preceding the decedent’s death. Data used in this analysis were collected

by the Virginia Violent Death Reporting System (VVDRS), which has been participating
in NVDRS since 2003 (Virginia Department of Health, 2020). The VVDRS follows
standardized methodology, coding, and web-based data collection. The NVDRS does not
collect personally identifying information. NVDRS defines suicide as a death resulting from
the use of force against oneself when most evidence indicates that the use of force was
intentional (Jack et al., 2018). In addition, NVDRS collects geographic information related
to the incident, including the Census tract of the decedent’s residence. Census tracts are
small geographic units containing between 1,200 and 8,000 people (US Census, 2020).

We obtained data for suicides occurring in Virginia among people aged = 10 years from
NVDRS. From these, we selected decedents who were residents of Virginia and who

died between 2010 and 2015 (n= 6,290). For decedents who were missing Census tract
information but had a known residential ZIP code (n=428), we assigned a Census tract using
the population-weighted centroid of the ZIP code. We excluded decedents who were missing
both Census tract and ZIP code information (n=69). In addition, we excluded three suicide
decedents in Census tracts with zero population. As a result, we had a final study population
of 6,218 decedents from NVDRS.

Spatial and Statistical Analyses

We constructed spatial filters to generate statistically reliable estimates for suicide risk
across areas of varying population density throughout the state. Spatial filters are moving
windows constructed by combining the data from a given geographic unit with data from
neighboring geographic units. We combined units by measuring the Euclidean distance from
the population-weighted Census tract centroids of the target unit to the population-weighted
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Census tracts of the neighboring units (Hallisey et al., 2017). Each spatial filter contains

a threshold number of at least 20 expected suicides to ensure reliable estimates. If the
expected number of suicides in a Census tract were less than 20, it would expand to

include expected suicides from the nearest neighboring Census tracts until it reaches the
threshold. To avoid the possibility that a suicide rate for a rural tract is obscured by the

rate in a neighboring urban tract, filters for Census tracts that are classified as rural by the
Rural-Urban Continuum Codes (RUCC) only used rural Census tracts, even if an urban tract
was nearer (WWAMI Rural Health Research Center, 2020).

We calculated standardized mortality ratios (SMR) and indirectly adjusted age-sex
standardized suicide rates (IAR) for each of Virginia’s spatially adaptive filter areas
(Breslow & Day, 1987). We calculated the expected number of suicides for a given Census
tract by multiplying the age- and sex-specific state-level suicide rates for people aged =

10 years by the stratum-specific Census tract population. We then calculated the SMR

for a spatial filter as the observed number of suicides within a spatial filter divided by

the number of expected suicides. Next, we calculated the IAR by multiplying the Census
tract-level SMR by the statewide crude rate of suicide. We represented the suicide rates
continuously across space using inverse distance weighting interpolation and applied a
diverging classification scheme to symbolize areas where the IAR was higher (red) or lower
(blue) than the state suicide rate.

We identified geographic clusters of suicide using the filter SMRs and compared the
characteristics and precipitating circumstances of decedents in those clusters. We identified
any spatial filter with an SMR greater than 1.69 as part of a geographic cluster because the
suicide rate for these filters was significantly greater than the statewide rate at the £<0.001
level for 20 expected suicides (Cai et al., 2011). We assigned a unique cluster identifier

to each geographically distinct cluster that did not share a border with other qualifying
Census tracts and then assigned each decedent to the cluster that contained the decedent’s
residential Census tract. We compared the demographic characteristics, suicide method, and
precipitating suicide circumstances between decedents in clusters with decedents outside all
clusters using Chi-square tests sequentially for individual clusters and all clusters combined
(P<0.05). We performed spatial analysis for this paper in STATA/SE 14.0 (StataCorp LP,
College Station, TX), created maps in ArcGIS 10.5 (ESRI, Redlands, CA), and conducted
statistical analysis in SAS v 9.4 (SAS, Cary, NC).

We analyzed data for 6,218 suicide deaths reported to Virginia VDRS from 2010 through
2015. We identified 13 high-risk suicide clusters, which captured 1,005 (16.1%) suicides in
the state over the six years. These high-risk clusters accounted for 8.7 % (n = 166) of the
Census tracts in Virginia and represented 9.0% (n = 626,864) of the population at-risk. The
clusters were dispersed throughout the state and the geographic variation in the IAR is high
(Figure 1). The clusters had a population ranging between 22,915 and 124,232 and an SMR
for suicide ranging between 1.7 and 2.0 (Table 1). Six of the clusters contained rural Census
tracts as defined by RUCC.
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The clusters differed from the rest of the state for certain suicide decedent characteristics
(Table 2). Suicide decedents in the clusters were more likely to be older (40+ years), White,
and widowed/divorced/separated than decedents in the rest of the state (i.e., decedents
outside the clusters). Firearm was the most common suicide method in clusters and the rest
of the state, accounting for 62% of suicides in clusters compared to 55% of suicides in the
rest of the state. The proportion of suicide by firearm was significantly higher in cluster 9
(78%, P< .01), cluster 11 (79%, P < .01), cluster 12 (72%, P < .01), and cluster 13 (75%,
P<.01) compared to the rest of the state. The proportion of suicide by poisoning was
significantly greater in clusters 1 (25%, £< .01) and 2 (29%, P < .01) compared to the rest
of the state; however, the proportion of suicide by poisoning was not significantly different
from the rest of the state for all clusters combined.

We found differences in decedents’ suicide circumstances between clusters (Table 2);
however, no precipitating suicide circumstance was more prevalent for all clusters combined
compared to the rest of the state. “Current mental health problem” was the most common
circumstance in all clusters (58%), followed by “history of mental illness treatment” (49%)
and “current mental illness treatment” (39%). Some individual clusters differed from the
rest of the state for specific suicide circumstances. Clusters 4, 7, and 11 had significantly
lower proportions of suicides with reported mental health problems than the rest of the state
(Cluster 4: 38%, P=.01; cluster 7: 39%, P< .01; cluster 11: 40%, P=.02). Similarly, the
proportion of suicides with current mental illness treatment was lower in cluster 6 (28%, P
=.04) and the proportion of suicides with a history of mental illness was lower in cluster

7 (37%, P=.03) compared to the rest of the state. The proportion of suicides with “job
problems” as a precipitating circumstance was significantly lower in clusters 9 through 13
(range: 2-8%; P < .02) compared to the rest of the state. The proportion of suicides with
“financial problems” was significantly lower in cluster 12 (5%, £ < .01) and cluster 13 (4%,
P<.01) compared to the rest of the state; similarly, the proportion of suicides with “eviction
or loss of home” was significantly lower in cluster 12 (1%, £ < .01) and cluster 13 (0%, P
=.03). Among all clusters combined, the proportion of suicides with job problems (11%, P
<.01), financial problems (12%, P=.02), and eviction or loss of home (3%, £ =.04) was
significantly lower than the rest of the state.

Discussion

This analysis demonstrates the potential utility of enhancing surveillance systems such as
NVDRS with small-area level geographic data. The pairing of geographic information with
surveillance data can assist in the identification of both areas with higher than state average
suicide rates and place-specific suicide risk factors. In this descriptive analysis, we described
the location of high-risk areas in the state to encourage future investigations into causes

and protective factors of suicide in Virginia and to develop data-driven, targeted suicide
prevention activities.

We used a novel approach to identify clusters with spatially adaptive filters, which diverges
from the contemporary literature on suicide cluster identification. The most commonly used
method for detecting suicide clusters, the spatial scan statistic method, identifies a most
likely cluster even when the statistical significance of the test statistic is low. However, our
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analysis used spatially adaptive filters as the basis for our clustering method to address the
impact that different population sizes have on the statistical reliability of the disease rates
(Choynowski, 1959; Waller et al., 2006). While other studies have used spatially adaptive
filters to represent geographic patterns of disease rates as a continuous surface (Figure 1B),
we extended the use of spatial filters as a new way to identify geographic clusters. In doing
so, we detected several highly geographically detailed clusters where suicide rates were
significantly higher than in Virginia (Figure 1A). Moreover, the identified clusters in this
analysis tended not to follow county administrative boundaries; they either occurred within
counties or contained regions from neighboring counties. These results could inform future
work examining sub-county clustering of suicide and changes in suicide clusters over time.

This analysis revealed important differences in suicide methods between high suicide

risk clusters. Compared to the rest of the state, four clusters in western Virginia had a
significantly higher proportion of suicides from firearm-related injuries, and two clusters in
northern Virginia had a significantly higher proportion of suicides from poisoning. These
clusters contain a higher proportion of rural Census tracts than any other cluster in the study.
An important driver of urban-rural differences in suicide is the increased rate of suicide

by firearm in rural areas (lIvey-Stephenson et al., 2017; Nestadt et al., 2017). Two firearm
suicide clusters were previously identified in Ohio, in the Appalachian region of the state
(Fontanella et al., 2018); the clusters with a higher proportion of firearm suicides in this
paper, which also occurred in or near the Appalachian region of Virginia, may indicate larger
regional trend. Poisoning has a relatively low case fatality rate, which may suggest high
levels of non-fatal substance misuse in the clusters with a higher proportion of poisoning
suicides (Miller et al., 2004).

The pattern of mental health circumstances in all suicide clusters combined was not
different from that of the rest of the state, although the proportion of decedents reporting
mental health circumstances did differ for some individual clusters. Overall, mental

health circumstances were common among decedents inside and outside clusters, which
underscored the importance of preventing and treating mental health conditions for suicide
prevention. However, some individual clusters reported a significantly lower proportion

of mental health conditions (clusters 4, 7, & 11) and mental health treatment (cluster

6) compared to the rest of the state. Treatment for mental health conditions could be
affected by various individual (e.g., health insurance status, mental health condition) and
environmental (e.g., health and mental health provider density) factors. Furthermore, these
results do not account for regional variations in mental health care, such as differences in
quality of care between urban and rural areas (Gamm et al., 2010; Ziller et al., 2010).

Job problems, financial problems, and eviction or loss of home were less likely to be
reported as precipitating suicide circumstances in all clusters combined compared to the rest
of the state, although these circumstances varied regionally. Decedents in three high-risk
clusters (9-11) in western Virginia were less likely to have known job problems, and
decedents in two high-risk suicide clusters (12 & 13) in rural Appalachian Virginia were
less likely to have known job problems, financial problems, and eviction or loss of home
compared to the rest of the state. Some research has found an association between individual
socioeconomic disadvantage and suicide, but the association is inconsistent (Burrows et al.,
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2011). The results from this analysis may indicate the relative importance of precipitating
factors other than job problems, financial problems, and eviction for suicide in clusters 9-13.

This analysis has some important limitations. First, information about precipitating
circumstances, medical/mental health status, and/or intent of the deceased may be
misclassified or incomplete depending on the circumstances of the death investigation. In
particular, the probability of a death being classified as undetermined instead of suicide is
substantially greater for poisoning deaths than gunshot/hanging deaths when documentation
of a suicide note is missing (Rockett et al., 2018). Virginia’s statewide medical examiner
system likely mitigates some of these data quality issues (Institute of Medicine, 2003).
Second, the bivariate descriptive analyses in these surveillance data do not account for
confounding, which could be addressed in future studies through multivariate analysis.
However, we standardized suicide mortality ratios in the analysis by age and sex to control
for demographic differences across the state. Third, the associations from the bivariate
analyses may be inaccurate due to multiple comparisons testing and the variation in cluster
size, which may lead to false positive results and/or limit statistical power. Finally, we did
not examine the effects of contextual factors such as neighborhood poverty in this analysis.
Future studies could examine the interaction between individual-level risk factors from
NVDRS and contextual factors.

Conclusions

Information about spatial variation in suicide rates could help direct suicide prevention
resources to areas with the greatest need in Virginia and elsewhere. These data could
encourage the development of more targeted, effective prevention programs, such as
strategies described in the CDC’s suicide prevention technical package (Stone et al., 2017).
The integration of small-area geographic data to NVDRS provides valuable information
about spatial variation in suicide risk factors that can facilitate place-based suicide
prevention strategies and be used in small-area geographic analyses with other topics (e.g.,
homicide). This analytic strategy is useful for guiding targeted suicide prevention efforts and
informing additional research to understand the increasing rates of suicide.

Acknowledgments

We thank colleagues at the Virginia Violent Death Reporting System for providing the data used in this analysis
and for their support of this project. The findings and conclusions in this article are those of the author(s) and

do not necessarily represent the official position of the Centers for Disease Control and Prevention. This work
was supported by a professional development fellowship from the Oak Ridge Institute for Science and Education
(ORISE) and the Centers for Disease Control and Prevention. Article contents were previously presented at the
2019 American Public Health Association Annual Meeting in Philadelphia, PA. The authors have no financial
disclosures to report.

References

Barnhorst A, Gonzales H, Asif-Sattar R (2021). Suicide prevention efforts in the United States
and their effectiveness. Curr Opin Psychiatry, 34(3),299-305. 10.1097/YC0.0000000000000682
[PubMed: 33405481]

Va J Public Health. Author manuscript; available in PMC 2024 June 13.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Anthony et al.

Page 8

Breslow NE, & Day NE (1987). Statistical methods in cancer research. Volume 11--The design and
analysis of cohort studies. IARC Scientific Publications.

Burrows S, Auger N, Gamache P, St-Laurent D, & Hamel D (2011). Influence of social and material
individual and area depreivation on suicide mortality among 2.7 million Canadians: A prospective
study. BMC Public Health, 11(577). 10.1186/1471-2458-11-577

Cai Q, Rushton G, & Bhaduri B (2011). Validation tests of an improved kernel density estimation
method for identifying disease clusters. Journal of Geographical Systems, 14(3), 243-264. 10.1007/
$10109-010-0146-0

Centers for Disease Control and Prevention. (2020). Underlying Cause of Death database. https://
wonder.cdc.gov/

Choynowski M (1959). Maps Based on Probabilities. Journal of the American Statistical Association,
54(286), 385-388. 10.1080/01621459.1959.10501985

Fontanella CA, Saman DM, Campo JV, Hiance-Steelesmith DL, Bridge JA, Sweeney HA, & Root
ED (2018). Mapping suicide mortality in Ohio: A spatial epidemiological analysis of suicide
clusters and area level correlates. Prev Med, 106, 177-184. 10.1016/j.ypmed.2017.10.033 [PubMed:
29133266]

Gamm L, Stone S, & Pittman S (2010). Mental health and mental disorders—a rural challenge: A
literature review. Rural Healthy People, 1.

Hallisey E, Tai E, Berens A, Wilt G, Peipins L, Lewis B, Graham S, Flanagan B, & Lunsford
NB (2017). Transforming geographic scale: a comparison of combined population and areal
weighting to other interpolation methods. Int J Health Geogr, 16(1), 29. 10.1186/s12942-017-0102-
z [PubMed: 28784135]

Hassamal S, Keyser-Marcus L, Crouse Breden E, Hobron K, Bhattachan A, & Pandurangi A (2015). A
brief analysis of suicide methods and trends in Virginia from 2003 to 2012. Biomed Res Int, 2015,
104036. 10.1155/2015/104036 [PubMed: 25705647]

Institute of Medicine. (2003). Medicolegal Death Investigation System: Workshop Summary. The
National Academies Press. https://doi.org/doi:10.17226/10792

Ivey-Stephenson AZ, Crosby AE, Jack SPD, Haileyesus T, & Kresnow-Sedacca MJ (2017).

Suicide Trends Among and Within Urbanization Levels by Sex, Race/Ethnicity, Age Group,
and Mechanism of Death - United States, 2001-2015. MMWR Surveill Summ, 66(18), 1-16.
10.15585/mmwr.ss6618al

Jack SPD, Petrosky E, Lyons BH, Blair JM, Ertl AM, Sheats KJ, & Betz CJ (2018). Surveillance
for Violent Deaths - National Violent Death Reporting System, 27 States, 2015. MMWR Surveill
Summ, 67(No. SS-11), 1-32. 10.15585/mmwr.ss6711al

Kulldorff M, & Nagarwalla N (1995). Spatial disease clusters: detection and inference. Stat Med,
14(8), 799-810. https://doi.org/10.1002/sim.4780140809 [PubMed: 7644860]

Matthews KA (2018). Spatiotemporal correlation analysis of colorectal cancer late-stage incidence,
mortality, and survival: lowa, 1999 to 2010 [Dissertation, The University of lowa]. lowa City, IA.

Miller M, Azrael D, & Hemenway D (2004). The epidemiology of case fatality rates for suicide in the
northeast. Annals of Emergency Medicine, 43(6), 723-730. 10.1016/j.annemergmed.2004.01.018
[PubMed: 15159703]

Moscicki EK (2001). Epidemiology of completed and attempted suicide: toward a framework
for prevention. Clinical Neuroscience Research, 1(5), 310-323. https://doi.org/10.1016/
S1566-2772(01)00032-9

National Center for Injury Prevention and Control. (2020). Web-based Injury Statistics Query and
Reporting System (WISQARS) Fatal Injury Data. https://www.cdc.gov/injury/wisgars/fatal.html

Nestadt PS, Triplett P, Fowler DR, & Mojtabai R (2017) Urban-Rural Differences in Suicide in the
State of Maryland: The Role of Firearms. Am J Public Health, 107(10), 1548-1553. 10.2105/
AJPH.2017.303865 [PubMed: 28817331]

Orndahl CM, & Wheeler DC (2018). Spatial analysis of the relative risk of suicide for Virginia
counties incorporating uncertainty of variable estimates. Spat Spatiotemporal Epidemiol, 27, 71—
83. 10.1016/j.sste.2018.10.001 [PubMed: 30409378]

Rockett IRH, Caine ED, Connery HS, D’Onofrio G, Gunnell DJ, Miller TR, Nolte KB, Kaplan
MS, Kapusta ND, Lilly CL, Nelson LS, Putnam SL, Stack S, Varnik P, Webster LR, & Jia

Va J Public Health. Author manuscript; available in PMC 2024 June 13.


https://wonder.cdc.gov/
https://wonder.cdc.gov/
https://www.cdc.gov/injury/wisqars/fatal.html

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Anthony et al.

Page 9

H (2018). Discerning suicide in drug intoxication deaths: Paucity and primacy of suicide notes
and psychiatric history. PLoS One, 13(1), e0190200. 10.1371/journal.pone.0190200 [PubMed:
29320540]

Saman DM, S W, A B, & Odoi A (2012). Does place of residence affect risk of suicide? a spatial
epidemiologic investigation in Kentucky from 1999 to 2008. BMC Public Health, 12(108), 1471-
2458.10.1186/1471-2458-12-108

Stone DM, Holland KM, Bartholow B, Davis S, & Wilkins N (2017). Preventing Suicide: A Technical
Package of Policy, Programs, and Practices. 10.15620/cdc.44275

Stone DM, Simon TR, Fowler KA, Kegler SR, Yuan K, Holland KM, Ivey-Stephenson AZ, &

Croshy AE (2018). Vital Signs: Trends in State Suicide Rates - United States, 1999-2016 and
Circumstances Contributing to Suicide - 27 States, 2015. MMWR Morb Mortal Wkly Rep, 67(22),
617-624. 10.15585/mmwr.mm6722al [PubMed: 29879094]

Talbot TO, Kulldorff M, Forand SP, & Haley VB (2000). Evaluation of spatial
filters to create smoothed maps of health data. Stat Med, 19(17-18), 2399—

2408. 10.1002/1097-0258(20000915/30)19:17/18<2399::AID-SIM577>3.0.CO;2-R [PubMed:
10960861]

Tiwari C, & Rushton G (2005). Using Spatially Adaptive Filters to Map Late Stage Colorectal
Cancer Incidence in lowa. In Developments in Spatial Data Handling (pp. 665-676).
10.1007/3-540-26772-7_50

US Census. (2020). US Census Bureau Geographic Entities and Concepts. Retrieved December 2020
from https://www.census.gov/content/dam/Census/data/developers/geoareaconcepts.pdf

US Department of Health and Human Services. (2012). 2012 National Strategy for Suicide Prevention:
Goals and Objectives for Action. https://www.ncbi.nlm.nih.gov/books/NBK109917/

Virginia Department of Health. (2016). Suicide Prevention across the Lifespan Plan for the
Commonwealth of Virginia. Virginia Department of Health. https://sprc.org/sites/default/files/
Virginia%?20Suicide%20Prevention%20Across%20the%20L ifespan%20PIlan.pdf

Virginia Department of Health. (2020). Virginia Violent Death Reporting System. Virginia
Department of Health. http://www.vdh.virginia.gov/medical-examiner/fatality-review-surveillance-
programs-reports/virginia-violent-death-reporting-system/

Waller LA, Hill EG, & Rudd RA (2006). The geography of power: statistical performance of tests
of clusters and clustering in heterogeneous populations. Stat Med, 25(5), 853-865. https://doi.org/
10.1002/sim.2418 [PubMed: 16453372]

WWAMI Rural Health Research Center. (2020). RUCA Data website. http://depts.washington.edu/
uwruca/ruca-uses.php

Ziller EC, Anderson NJ, & Coburn AF (2010). Access to rural mental health services: service use and
out-of-pocket costs. J Rural Health, 26(3), 214-224. 10.1111/j.1748-0361.2010.00291. [PubMed:
20633089]

Va J Public Health. Author manuscript; available in PMC 2024 June 13.


https://www.census.gov/content/dam/Census/data/developers/geoareaconcepts.pdf
https://www.ncbi.nlm.nih.gov/books/NBK109917/
https://sprc.org/sites/default/files/Virginia%20Suicide%20Prevention%20Across%20the%20Lifespan%20Plan.pdf
https://sprc.org/sites/default/files/Virginia%20Suicide%20Prevention%20Across%20the%20Lifespan%20Plan.pdf
http://www.vdh.virginia.gov/medical-examiner/fatality-review-surveillance-programs-reports/virginia-violent-death-reporting-system/
http://www.vdh.virginia.gov/medical-examiner/fatality-review-surveillance-programs-reports/virginia-violent-death-reporting-system/
http://depts.washington.edu/uwruca/ruca-uses.php
http://depts.washington.edu/uwruca/ruca-uses.php

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Anthony et al.

A) Suicide clusters

|:| Clusters

12

B) Suicide Rate
® Cities

(per 100,000 persons aged 10 and older)

B <50

[ s0t069
[ J70t0140
[ 14110160 24 4 ™
B - 60 W SR
7 Lynchburg’ |
b‘:gRoanoke."" N A @ L
e e b‘b - Virginia
b / / Beach
I Bristol Danville <

0 30 60 120 Miles
| S I (| [ | S R [ |

Figure 1. Suicide Clusters and Risk Surface in Virginia, Virginia Violent Death Reporting

System, 2010-2015

A) Suicide clusters in Virginia identified using spatially adaptive filters with an expected
count of 20 and significance of p < 0.001 B) Indirectly age-sex standardized suicide rates per

100,000 persons ages = 10 years (smoothed)
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