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Abstract

Background The 2024 National Strategy for Suicide Prevention has called for the development of community-based
suicide prevention resources, and improved existing prevention efforts. In line with such efforts, Hill and colleagues
developed the Geospatial Identification of Elevated Suicide Risk model that estimates the relative prevalence of
adolescent suicide risk within specific geographical areas. The current study seeks to further evaluate and refine the
model for use as a tool to evaluate risk and protective factors at the neighborhood level.

Method Drawing from multiple sources, data was collected detailing adolescent suicidal ideation, suicide attempts,
suicide fatalities, and census tract characteristics. Utilizing data resulting from an initial pool of 74,883 suicidal
ideation and attempt screens found in electronic health records, suicidal ideation and attempt rates were calculated,
described, and mapped onto relevant census tracts via the Census Geocoder. Once mapped, a total of 1,098 census
tracts were examined for criterion validity and minimum data evaluations.

Results Data indicate that rates of positive suicide risk screens are relatively normally distributed when using a
minimum cell size of at least n=5, with additional improvements at n=10 screens per census tract. Of 48,928 records
with completed screens and patient address data listed in the electronic health record, 44,776 addresses (91.5%) were
matched to U.S. census tracts via the Census Geocoder database. When evaluating criterion validity, the simultaneous
multivariate logistic regression revealed that the model did not fit well to the data, and suicide attempts and suicidal
ideation only predicted 0.02% of the variance in the probability of suicide fatality. Finally, a classification tree revealed
that a minimum of 10 data points were required to delineate between high and low-risk census tracts.

Conclusion The refined model may act as a helpful tool to evaluate neighborhood level risk and protective factors.
Findings suggest a prevention-oriented, as opposed to risk prediction, approach to suicide risk management at the
community level may be needed; such an approach would prioritize community connectedness, adequate mental
health support services, and reduction of community-level risk factors (e.g., substance misuse), among others.
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Suicide rates in the United States (U.S.) have increased
dramatically over the past quarter century, from 29,199
deaths in 1999 to 48,344 deaths in 2018 [1]. Suicide is the
second leading cause of death among adolescents, and
rates continue to rise across all racial and demographic
subgroups [1]. In addition, data from the 2021 nationally-
representative Youth Risk Behavior Survey indicate that
22.2% of U.S. high school students seriously considered
suicide in the previous 12 months and 10.2% reported
making a suicide attempt (SA) over that same period [2].
To combat the rising rates of suicide-related behaviors,
the 2024 National Strategy for Suicide Prevention has
called to “support the development of comprehensive
community-based suicide prevention resources for states
and communities, and improve the effectiveness of exist-
ing community-based suicide prevention efforts” [3].

Suicide is a complex human phenomenon that can be
affected by a multitude of varying interactions of psy-
chological, biological, and social risk and protective fac-
tors that are both static and dynamic [4, 5]. Due to the
complexities of the network of factors that influence an
individual’s or population’s risk of suicide, the Center
for Disease Control and Prevention (CDC) [6] proposed
that suicide prevention methods follow a four-level
social-ecological model that encompasses the interplay
of individual, relationship, community, and societal level
factors. To date, much of the research dedicated to sui-
cide prevention has focused on the individual and rela-
tionship levels of the social-ecological model [7].

To address the need to apply a social-ecological frame-
work to suicide prevention, Cramer and Kapusta [8]
developed the Social-Ecological Suicide Prevention
Model (SESPM). Through the integration of macro- and
micro-level risk and protective factors, the model pro-
vides a basis for a more comprehensive understanding
of suicide risk. The SESPM further highlighted the lack
of macro-level suicide research and prevention efforts,
especially at the neighborhood level [8]. Speaking to the
promise of addressing macro-level factors, Aytur and
colleagues [9] examined contextual risk (e.g., food inse-
curity) and protective (e.g., community service) factors
for youth suicidal thinking in the presence of adverse
childhood events. Also, as seen in other areas of health
research (e.g., Covid-19 morbidity rates, cardiovascular
disease, anxiety disorders), neighborhood level factors
can have substantial impacts on a population’s health
outcomes, especially in marginalized communities [10-
12]. From a public health programming perspective, a
better understanding of factors among marginalized
communities that contribute to poorer health outcomes

like suicide would allow for the efficient allocation of lim-
ited community resources.

The examination of risk and protective factors at larger
socioecological levels and the development of commu-
nity and neighborhood-level suicide prevention pro-
grams targeting identified risk factors requires the ability
to evaluate and monitor suicide risk at this level of spa-
tial granularity. Large data repositories and surveillance
systems, such as the Youth Risk Behavior Surveillance
Survey and the CDC’s Web-based Injury Statistics Query
and Reporting System, provide state and national data.
However, these data sources either accumulate data too
slowly to inform community level examination or are
conducted in limited areas [1, 2]. The development and
validation of brief suicide screening instruments, such
as the Ask Suicide Screening Questions Toolkit [13, 14],
Columbia-Suicide Severity Rating Scale Screen Version
(C-SSRS Screen) [15-17], and Patient Health Question-
naire [18, 19], has led to an increase in universal suicide
risk screening within healthcare institutions [20-25].
This screening data, which may already exist within many
electronic health records (EHRs), has the potential to
identify variations in suicide risk within hospital catch-
ment areas and local communities.

The geographic identification of elevated suicide
risk (GIESR) method

In previous work, a model was developed for estimating
the relative prevalence of adolescent suicide risk within
discrete geographic areas [26]. This method, to be further
evaluated in this study, is now titled the Geographic Iden-
tification of Suicide Risk (GIESR). The GIESR method
used EHR data to examine rates of positive screens for
suicidal ideation (SI) and SA among adolescents present-
ing to the Emergency Department (ED) at the level of U.S.
Postal ZIP Codes [26]. Using data from more than 12,000
suicide risk screens, the GIESR model demonstrated that
the rate of positive suicide risk screens for 96 ZIP codes
in the catchment area of a pediatric children’s hospital
ranged from 6.17 to 31.03% (M=18.33, SD=5.14) and
approximated a normal distribution (skew=0.19, kurto-
sis =0.13). The authors concluded that, at the level of U.S.
Postal ZIP Codes, rates of positive screens on the C-SSRS
Screen were approximately normally distributed, provid-
ing data suitable for potential analysis at a relatively small
geographic level [26]. However, a few aspects of that ini-
tial work limited the utility of the GIESR method for use
in research: (a) U.S. Postal ZIP Codes vary widely in size
and may cross neighborhoods with different socioeco-
nomic statuses and characteristics, and (b) U.S. Postal
ZIP Codes do not align with other data collected at the
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national level, such as data from the U.S. Census Bureau,
which utilizes the census tract as the level of analysis.
Additionally, the initial study by Hill and colleagues [26]
included only limited efforts to examine the validity of
the proposed model.

The present study

The present study further evaluated and refined the
GIESR model for use in research settings by using U.S.
census tracts as the level of analysis. Specifically, this
study aimed to: (1) examine the rates of positive screens
and distributions of the data; (2) to document the ability
of the GIESR methodology to utilize EHR data and match
it to U.S. census tracts, (3) to examine the criterion valid-
ity of the model, in comparison with suicide fatality data,
and (4) to examine the least amount of data needed to
derive accurate estimates of the rate of positive screens
for SI or SA at the level of U.S. census tracts. For Aim 1,
we hypothesized that rates of positive screens would be
normally distributed across census tracts. Aims 2—4 were
considered exploratory and no a priori hypotheses were
made. Successful application of the GIESR model at the
level of U.S. census tracts would allow for more detailed
examination of neighborhood level variation in suicide-
related behaviors and the macro-level risk and protective
factors that may impact rates of suicide-related behaviors
in youth.

Method

Participants and procedures

This project utilized SI and SA data drawn from the EHR
of a large pediatric ED system in Texas, which included
EDs in three hospitals. Adolescents, ages 11 years and
older, presenting to the pediatric ED were asked to com-
plete the C-SSRS Screen as part of standard ED practice.
Positive risk screens were handled in accordance with
hospital protocols, including the provision of mental
health resources and contact with social work and/or
psychiatry staff as indicated. Data were drawn from ED
visits occurring between January 2018 and December
2022. Respondents (N=41,296) ranged in age from 11
to 18 years of age (M =14.05, SD=1.94) and were 56.3%
female (43.7% male). Respondents’ self-identified race
and ethnicity, as identified in the EHR, were: 48.9% His-
panic, 26.1% non-Hispanic White, 18.4% non-Hispanic
Black/African American, 3.0% Asian, 0.1% Native Hawai-
ian or Pacific Islander, 0.1% Native American or Alaskan
Native, 3.5% multiracial, unidentified, or other race/eth-
nicity. This records review study was approved by Loui-
siana State University’s Institutional Review Board and
the study was conducted in accordance with the Com-
mon Rule. Of note, the pediatric ED system included in
this study is one of several hospitals that serve pediatric
patients in a major metropolitan area. Consequently,
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youth from across the geographic region may not be
equally represented in this sample.

Measures

Suicidal ideation and suicide attempts

The C-SSRS Screen [27] is a brief three to seven-item
screen for past-month SI and recent/lifetime SA. A posi-
tive SI screen was defined as a “yes” response to any of
the first five items assessing recent ideation. A positive
SA screen was defined as a “yes” response to item six
(lifetime history of SA). The C-SSRS Screen has been
extensively validated in adolescent and adult samples and
successfully integrated into large health systems [16, 28].
Of note, both active and passive SI were considered as a
positive screen in this analysis as research has suggested
that there is a lack of differential association with known
risk factors across active and passive SI and because pas-
sive SI is significantly associated with suicide attempts
[29].

Suicide fatality data

Data on child and adolescent suicide deaths were pro-
vided by the Harris County Child Fatality Review Team, a
multidisciplinary group that reviews non-natural (homi-
cide, suicide, accident, and undetermined) deaths of
children in Harris County, Texas. The team gathers data
and information about each death from multiple sources,
including the district attorney’s office, the medical exam-
iner’s office, emergency responders, hospitals, and a
range of community providers or resources. The medical
examiner’s office determines the cause of death. Location
data were provided for all pediatric suicide deaths occur-
ring in Harris County, Texas, between 2008 and 2020,
totaling 269 suicide fatalities among children under 18
years. Location data was used to identify the census tract
where the suicide death occurred; census tracts were
coded 1 “fatality present” or 0 “no fatality”

Census tract characteristics

Data describing census tracts within Houston and Har-
ris County, Texas, were informed by publicly available
data from the U.S. Census Bureau, accessed via the Hous-
ton State of Health website which compiles data from
the U.S. Census Bureau and other national data sources
[30]. Data within the U.S. Census Bureau databases were
collected via the 2021 American Community Survey, a
yearly survey that provides social, economic, housing,
and demographic characteristics using 5-year estimates
for specific geographic areas) [31]. Crime data were
gathered via publicly available reports from the Houston
Police Department website [32].
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Data analysis

Data were screened and merged using Microsoft Excel
and SPSS, version 28. The initial data set included records
from the EHR and REDCap databases for the ED from
January 2018 to December 2022. The initial data com-
prised 74,883 records with completed C-SSRS Screens.
First, duplicates resulting from the dual data sources
were removed, resulting in 72,791 records. To prevent
individuals with multiple ED visits from biasing results,
only the first ED visit with a completed C-SSRS Screen
was retained, resulting in 52,097 records. Next, records
with no address data were removed from the data set,
resulting in 48,928 complete records. Finally, the remain-
ing records were run through the U.S. Census Bureau’s
Census Geocoder database [33] to identify census tracts
based on the address data provided in the EHR for each
record. Census records provided matches for 44,776
records (91.5% of those with address data). Finally, to
support comparisons with pediatric suicide fatality data,
the analysis was limited to those ages 11-17, reducing
the number of records to 41,296 records.

To evaluate Aim 1 (replication of the GIESR model),
we first identified rates of positive SI and SA screens for
each census tract, computed as the number of positive
screens for a given census tract divided by the total num-
ber of screens for that census tract. We then examined
means and standard deviations, skewness, and kurtosis
of the rates of positive SI and SA screens across census
tracts. To evaluate Aim 2 (matching EHR data to cen-
sus tracts), EHR address data were matched to U.S. cen-
sus tracts using Census Geocoder [33]. After matching,
we randomly selected 100 non-matched addresses for
further examination by the research team. Unmatched
addresses were examined by two team members, both
visually and via entry into Google Maps [34], to identify
potential factors resulting in a failure to match. Several
potential sources of mismatch were identified and coded
(e.g., typographical errors, incomplete data, use of Post
Office Boxes, etc.).

To evaluate Aim 3 (criterion validity), we conducted a
simultaneous multivariate logistic regression, where the
percentage of positive screens for SA and the percentage
of positive screens for SI were entered as predictors of
suicide fatalities. Prior studies indicate the suicide-related
behaviors, especially suicide attempts, serve as indicators
of risk for suicide, thus offering a means for estimating
criterion validity [35]. Stata SE v. 18.0 [36] was used for
all analyses. A total of 1,098 census tracts were used to
evaluate the association between SA, SI, and suicide
fatalities in Harris County, TX. Prior to analysis, assump-
tions of multivariate logistic regression were assessed,
including checking for extreme outliers using scatter-
plots, examining for multicollinearity of predictors using
Pearson’s r, and checking for a linear association between
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predictors and the logit of the outcome using the Box-
Tidwell test. Further, multicollinearity was assessed
again after running the multivariate logistic regression
by examining variance inflation factors. Of these, there
was some multicollinearity between SA and SI (r=.54,
p<.001) and clear linear associations between counts of
SA and SI within census tracts (see Fig. 1), though it was
within acceptable range (VIF=3.59 for each predictor).
Further, ten extreme outliers were identified, which were
iteratively excluded from analyses to ensure that results
remained unchanged. All other assumptions were met.

To evaluate Aim 4 (minimum data), we created clas-
sification trees, where risk for SA or SI was entered into
a machine learning model with census tract-level pre-
dictors. Risk was calculated by the percentage of posi-
tive SA screens in any given census tract, where high
risk was deemed greater than 14.3% positive screens, the
mean percentage across all sampled census tracts. The
data were split such that 70% of the sample was used to
train the model (#=768), and 30% was used to test the
model (#=330), and sensitivity, specificity, and area
under the curve (AUC) calculated for model accuracy on
the test set [37, 38]. The minimum number of required
data points was tuned using the training set using a ran-
dom search with 10 draws of minimum data points [39]
and trained by resampling the training set using ten folds
with replacement [40]. RStudio v. 2024.04.1 [41] was used
for analysis.

Results

Aim 1. Examine the rates of positive screens and
distributions of the data at various minimum cell sizes

A total of 2,388 census tracts were represented in the
screening data. Results are displayed in Table 1. Of 2,388
census tracts with at least a single screen, 1,574 had at
least five screens, 1,240 had at least ten screens, 768 had
at least 20 screens, 469 had at least 30 screens, and 250
had at least 40 completed screens. Of note, estimates
of the mean rate of positive screens for SI and SA were
similar across all minimum cell sizes. Notably, the stan-
dard deviations for the mean rates of positive screens
were largest when examining census tracts with at least
one screen (compared to all other minimum cell sizes).
They were substantially reduced for census tracts with
at least 5 and 10 (or more) completed screens. The shift
from 1 completed screen to at least 10 (or more) com-
pleted screens also substantially reduced the range (e.g.,
removing census tracts with 100% screening rates), skew,
and kurtosis. At all minimum cell values, the data remain
somewhat non-normally distributed, as indicated by sig-
nificant Kolmogorov-Smirnov and Shapiro-Wilk tests,
except for the distribution of rates of positive SI screens
when a minimum of 40 completed screens were pres-
ent. Taken together, data indicate that rates of positive SI
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Fig. 1 Evidence of Multicollinearity and Extreme Outliers. Note. SA=suicide attempts; SI=suicidal ideation
Table 1 Normality of rates of positive suicidal ideation and suicide attempt screens by minimum cell size
N Mean (SD) Range Skew Kurtosis Kolmogorov-Smirnov test Shapiro-Wilk
Min, Max Est. (SE) Est. (SE)
Census Tracts = 1 screen 2388
Suicidal ideation 0.19(0.271) 0.00, 1.00 2.15 (0.05) 5.69(0.170) 0.19%%* 0.76%%*
Suicide attempt 0.12(0.18) 0.00, 1.00 3.24(0.05) 12,62 (0.10) 0.26*** 0.62%**
Census Tracts =5 screens 1574
Suicidal ideation 0.19(0.17) 0.00,0.71 0.55 (0.06) 1.16 (0.12) 0.07%%* 0.97%%*
Suicide attempt 0.12 (0.09) 0.00,0.60 0.92 (0.06) 1.55(0.12) 0.09%** 0.93***
Census Tracts > 10 screens 1240
Suicidal ideation 0.19 (0.09) 0.00,0.58 044 (0.07) 0.81(0.14) 0.06%** 0.98%**
Suicide attempt 0.12 (0.07) 0.00,0.50 0.69 (0.07) 0.89 (0.14) 0.07%** 0.97%**
Census Tracts > 20 screens 768
Suicidal ideation 0.19(0.08) 0.00,0.52 0.33(0.09 0.52(0.17) 0.05%** 0.99%**
Suicide attempt 0.11 (0.06) 0.00, 041 0.73(0.99) 0.95(0.17) 0.06*** 0.97%**
Census Tracts > 30 screens 469
Suicidal ideation 0.18 (0.07) 0.00,0.41 0.31(0.11) 044 (0.21) 0.05** 0.99%**
Suicide attempt 0.11 (0.06) 0.00, 0.41 0.95(0.17) 1.87(0.21) 0.08*** 0.95%%*
Census Tracts = 40 screens 250
Suicidal ideation 0.18 (0.06) 0.03,0.39 0.08 (0.74) 0.29 (0.28) 0.03 0.99
Suicide attempt 0.11(0.05) 0.00, 0.41 1.44(0.14) 4.52(0.28) 0.08*** 0.92%%*

Note. N =total number of census tracts; SD=standard deviation; SE=standard error; ** p <.01; *** p <.001
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and SA screens are relatively normally distributed when
using a minimum cell size of at least # =5, with additional
improvements at n =10 screens per census tract.

Aim 2. Examine match between EHR data and U.S. Census
tracts

Of 48,928 records with completed screens and patient
address data listed in the EHR, 44,776 addresses (91.5%)
were matched to U.S. census tracts via the Census Geo-
coder database. To examine reasons for the non-match of
addresses in the Census Geocoder database, the research
team reviewed a randomly selected subset of 100 non-
matched addresses. Visual inspection and internet
searches were conducted on the 100 randomly selected
addresses. Examination revealed that 33% appeared to
have street name, city, or ZIP code errors in the EHR
data, likely resulting in a lack of exact matches; 14% were
Post Office boxes and, therefore, could not be matched to
census tracts, and 12% appeared to be potentially incom-
plete (e.g., lacking a key address element). The remain-
ing 41% appeared to be complete and accurate, with no
apparent reason for failing to match in the Census Geo-
coder database. This could indicate errors within Census
Geocoder itself or may reflect unusual issues (e.g., newer
homes not yet listed in Census Geocoder). This relatively
low number of non-matches (<10%) has been common,
and sometimes greater, across previous studies examin-
ing health data at the census tract level [41-44]. Non-
matched data were not included in any study analyses.

Aim 3. Examine the criterion validity of the model

The simultaneous multivariate logistic regression
revealed that the model did not fit well to the data, and
SA and SI only predicted 0.02% of the variance in the
probability of suicide fatality (LR x*(2)=0.19, p=.900,
McFadden’s R?=0.00, McFadden’s AdjR*=0.00). Remov-
ing each extreme outlier (see Fig. 1) iteratively resulted in
the same model fit and logit coefficients. The final model
suggests that there is no increase in probability for sui-
cide fatalities with each percentage point increase in SA
(OR=1.34; b=0.28; z=0.36, p=.722) or SI (OR=0.74; b
= -0.30; z = -0.40, p=.686). Repeating the analysis with
SI (LR?*(1)=0.03, p=.871, McFadden’s R?=0.00, McFad-
den’s AdjR*> = -0.00) and SA (LRx*(1)=0.03, p=.871,
McFadden’s R*=0.00, McFadden’s AdjR* = -0.00) as pre-
dictors in separate models, we discovered the same result;
neither SA nor SI were predictive of suicide fatality.

Aim 4. Examine the amount of data needed to differentiate
risk level for Sl or SA at the level of U.S. Census tracts

The classification tree revealed that a minimum of
16 data points were required to delineate between
high (SI>33.8%; SA>24.1%) and low-risk (SI<33.8%;
SA <24.1%) census tracts. To predict SI, the percentage
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of positive SA screens was most important to the model,
contributing about 27.4% of the predictive capacity of
the model (see Fig. 2). The total number of screens was
also a valuable predictor, contributing about 7.8% of the
predictive capacity. In predicting SA, the percentage of
positive SI screens was the most valuable, contributing
about 36% of the predictive capacity of the model, though
total screened had substantially less influence at 0.5% (see
Fig. 3). However, neither models were especially accurate
for predicting high-risk census tracts. The model predict-
ing SI risk could only successfully classify 23.3% of high-
risk census tracts, while the model predicting SA risk
could only successfully classify 17.1% of high-risk census
tracts. Both models were much better at predicting low-
risk counties (95.9% for low-risk SA; 96.3% for low-risk
SI). This differentiation is likely due to the comparative
rarity of actual SA and SI outcomes, which would require
a much larger sample for model training and evaluation.

Discussion

The present study sought to evaluate and refine the Geo-
spatial Identification of Elevated Suicide Risk (GIESR)
model for use as a tool to evaluate neighborhood level
risk and protective factors for SI and SA [26]. This study
sought to extend the prior model, which utilized U.S.
Postal ZIP Codes, for use with U.S. census tracts, thereby
opening additional opportunities for integration with a
range of data collected by the U.S. Census Bureau. Spe-
cifically, this study aimed to: (1) examine the rates of
positive screens and distributions of the data at various
minimum cell sizes; (2) to document the ability of the
GIESR methodology to utilize EHR data and match it to
U.S. census tracts, (3) to examine the criterion validity of
the model, in comparison with suicide fatality data, and
(4) to examine the minimal amount of data needed to
derive accurate estimates of the rate of positive screens
for SI or SA at the level of U.S. census tracts.

Aim 1 examined the rates of positive SI and SA screens,
with a focus on the distribution of the data when different
minimum cell sizes (i.e., minimum number of screens per
census tract) are included. Results indicated that restrict-
ing the data to census tracts with at least ten completed
screens yields data that, while not entirely normally dis-
tributed, has a more realistic range (i.e., removing census
tracts with 100% positive SI and SA screening rates), with
acceptable skew and kurtosis values. Further cell size
restrictions resulted in relatively little change in range,
skew, and kurtosis, but did reduce the number of census
tracts with adequate data, reducing sample size for sub-
sequent analyses. While the original GIESR model used
a conservative cutoff of at least 50 screens per geographic
unit, this revised model, created with a much larger sam-
ple, appears to stabilize with a smaller minimum cell size
of ten [26].
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Fig. 2 Classification Tree for Predicting High and Low Suicidal Ideation Risk Census Tracts. Note. SApercent = percentage of positive suicide attempt
screens; TotalScreened =total number of suicide attempt or ideation screens in census tract; AWDLIP5 =5 year average percentage of adults aged 20-64
living with a disability and below poverty level; MHGR=median household gross rent; HO = percentage of all housing units (i.e., occupied and unoccu-
pied) that are occupied by homeowners; MHUV=median housing unit value

Aim 2 evaluated the accuracy of the Census Geocoder
tool and the extent of data loss due to the conversion of
address data to census tract-level data. The switch to cen-
sus tracts from U.S. Postal ZIP codes used in the previ-
ous study produces more detailed information about
specific locations in the analysis [26]. However, the addi-
tional step of deriving census tracts based on addresses
is required. This conversion process resulted in a loss of
approximately 8.5% of the data. While it proved difficult
to identify why some addresses did not match the Cen-
sus Geocoder database, possible reasons included the
use of post office boxes as addresses, errors in the medi-
cal record (e.g., misspelling street names), and poten-
tial issues with the Census Geocoder tool (e.g., new
addresses that may not have been added to the database).

Overall, the loss of a small percentage of data for a sub-
stantial increase in spatial granularity in the results may
be beneficial, provided a large enough initial data set is
available.

Aim 3 evaluated the criterion validity of the GIESR
model, comparing rates of positive SI and SA screens
with the location of pediatric suicide fatalities over the
previous decade. Results indicated that rates of positive
screens were not significantly associated with the loca-
tions of suicide deaths. The rate of positive screens was
calculated using those who visited the ED as the denomi-
nator, a group more likely to be at risk for many health
outcomes, including suicide. As such, this rate would not
be a true population rate of SI or SA, rather, most likely,
an overestimation of the true rate. Consequently, it may



Hill et al. BMC Public Health (2025) 25:1453

Sl percent >=0.31

Page 8 of 12

Low Risk

0.86
100%

yes
Low Risk Low Risk
0.50 0.93
15% 85%
Recent SA>=1 Sl percent>=0.22 —
0.40 0.83
12% 24%
—WWDATW <72 — Total Screened —
<10
Low Risk High Risk
0.56 0.39
— Sl percent >= —_ PWSCD < —
0.42 0.55
Low Risk
0.69
5%
FBP <15
High Risk High Risk High Risk Low Risk Low Risk High Risk Low Risk Low Risk Low Risk
0.17 0.20 0.37 0.91 0.82 0.11 0.57 0.89 0.97
5% 2% 2% 3% 1% 2% 21% 61%

Fig. 3 Classification Tree for Predicting High and Low Suicide Attempt Risk Census Tracts. Note. Slpercent=percentage of positive suicidal ideation
screens; RecentSA =number of recent suicide attempts reported; WWDATW = percentage of workers aged 16 years and over who get to work by driving
alone in a car, truck, or van; PWSCD = percentage of the population with a self-care difficulty; FBP = percentage of the population who are a foreign born
(persons not born in the United States, including all foreign born persons regardless of whether they are naturalized U.S. citizens

be unlikely to observe a screen positive rate highly asso-
ciated with the suicide mortality rate as screen rates are
not measures of population risk; a possible explanation
for the model’s low criterion validity. Of note, research
on individual level prediction of suicide-related behav-
iors has proven particularly ineffective, with most risk
and protective factors unable to predict risk much bet-
ter than chance [45]. The present study results, therefore,
replicate the individual level data, indicating poor predic-
tive value with respect to suicide deaths. Findings sug-
gest a prevention-oriented, as opposed to risk prediction,
approach to suicide risk management at the community
level may be needed; such an approach would priori-
tize community connectedness, adequate mental health

support services, and reduction of community-level risk
factors (e.g., substance misuse), among others [46].

Aim 4 examined the minimum amount of data required
to predict high and low-risk census tracts. Results sug-
gested that a minimum of 10 data points would be
required to predict risk level by location and that at least
two suicide risk screens are required to determine risk.
The resulting model was overly sensitive, misclassifying
a significant percentage of low-risk census tracts as high-
risk. The accuracy of identifying high-risk census tracts
was limited, and future research is needed with a larger
overall volume of positive screens may help to improve
the sensitivity of these models. As part of the pro-
cess of identifying the minimum data required, we also
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discovered that two variables related to speaking a lan-
guage other than English contributed substantially to the
predictive power of suicide risk, including language isola-
tion and a larger percentage of the census tract struggling
to speak English, echoing prior work showing the height-
ened risk of suicidal behavior among ethnic minorities
and immigrants [47].

Contributions to theory and practice
As noted by Cramer and Kapusta’s [8] SESPM, in com-
parison with the volume of literature examining suicide
prevention at the individual and interpersonal levels, very
little research has examined suicide-related thoughts and
behaviors at the neighborhood level. This is, perhaps, due
in part to the lack of available measurement of suicide-
related thoughts and behaviors at the neighborhood
level, as current surveillance systems do not function at
the level of U.S. census tracts. Suicide fatalities are suf-
ficiently rare so as to preclude nuanced spatial analysis.
However, in the newly released 2024 National Strat-
egy for Suicide Prevention, strategic directions 1 and 3,
Community-Based Suicide Prevention; and Surveillance,
Quality Improvement, and Research, respectively, high-
light the importance of high-quality data and commu-
nity-level interventions to mitigate suicide-related risk
factors and strengthen protective factors at the individual
and neighborhood levels [48]. The GIESR model aims to
address this gap, utilizing EHR data derived from rou-
tine suicide risk screening to promote suicide preven-
tion research at the neighborhood or community level.
The addition of empirical research on suicide-related
thoughts and behaviors at the neighborhood level is
needed to develop and refine theoretical models of sui-
cide that incorporate a broad range of contextual factors.
That is, while existing models of suicide-related thoughts
and behaviors consider individual and interpersonal fac-
tors that contribute to suicide risk, the GIESR model may
help identify high risk catchment areas characterized by
certain suicide- and culturally-related factors.
Identification of culturally-related factors defining high
suicide risk census tracts fits with existing theoretical and
empirical work concerning multicultural perspectives
on suicide. For instance, Chu and colleagues’ cultural
model of suicide includes unique ethnic/racial minority
expressions of suicide (that may or may not be adequately
captured by the C-SSRS Screen) and social discord (e.g.,
intergenerational conflict stemming from linguistic barri-
ers) [49, 50]. Likewise, evidence links acculturative stress
and acculturation to suicide risk among ethnic and racial
minority youth [51, 52]. Our findings regarding languages
other than English spoken in homes as a potential com-
munity level risk factor for suicide offers indirect affir-
mation of the role of such cultural factors. Indeed, this
pattern of findings raises a valuable next future research
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direction in the form of examining associations between
community-level indicators of structural stigma or accul-
turative stress and high-risk geographic areas. Such work
would also respond to recent calls for increased focus on
intersectionality and cultural factors in suicide research
[53, 54].

Future research should evaluate potential risk and pro-
tective factors at the neighborhood level, such as social
determinants of health that may impact the overall rate
of suicide-related thoughts and behaviors across census
tracts. Better understanding neighborhood level risk and
protective factors may lead to public health interven-
tions targeted toward these risk and protective factors,
with the aim of creating neighborhoods and spaces that
contribute to reduced risk of suicide-related thoughts
and behaviors. As recommended by the social-ecological
model, health outcomes must be approached from all
levels of society [6]. If research continues to skew toward
individual and interpersonal factors, efforts may miss
opportunities for prevention and intervention of suicide-
related thoughts and behaviors spanning across all social-
ecological levels [8].

Limitations and future directions

The findings of this study should be considered in the
context of the study’s limitations. Data were drawn from
the EHR of a large pediatric ED system and, because this
ED system is not the only provider within the greater
metropolitan area, the sample may not be representa-
tive of the region’s general population. Adolescents with
higher levels of risky behavior, histories of abuse, and
higher depression scores, as well as adolescents with
fewer financial resources, may be more likely to use
the ED compared to their peers and thus may be over-
represented in this sample [55]. Additionally, while past
research indicates that youth do not systematically alter
their responses to suicide screening in the ED when
follow-up may occur, some youth may have withheld
reporting SI to avoid potential psychiatric hospitaliza-
tion [56, 57]. Consequently, estimates of rates of positive
SI and SA screens may not reflect true population rates
and may not align with anonymous studies of youth, such
as the Youth Risk Behavior Survey [58]. If possible, future
research may consider gathering data (i.e., screens) uni-
versally from all relevant providers (e.g., all hospitals in
a given catchment area using the same screening tool) to
estimate rates in relation to the total population of the
given area. This method of estimation may provide a bet-
ter estimate of true population rates.

Universal suicide screening in emergency centers is
feasible and acceptable among pediatric patient popula-
tions [28, 59] and has become widespread in hospitals
due to the 2019 Joint Commission requirement to screen
all patients with a primary behavioral health concern
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[60]. Recently, the American Academy of Pediatrics rec-
ommended universal suicide screening among pediatric
patients>12 years in primary care, regardless of behav-
ioral health concerns [61]. As universal suicide-specific
screening in primary care becomes more common, the
GIESR method can be applied to a more general pedi-
atric population more representative of the community
surrounding primary care clinics. Finally, the use of sui-
cide fatality data from the preceding decade was also a
limitation, as the dependent variable for Aim 3 primar-
ily occurred prior to the onset of routine ED screening
and historical changes (e.g., rising rates of suicide risk)
may have impacted the analysis [62]. However, an exten-
sive data range for suicide fatality data was necessary to
provide sufficient data for examination. Further, to better
assess important contributions to risk and predict future
risk, researchers may wish to use more sensitive machine
learning tools, such as zero-inflated Poisson regression
models [63] to effectively establish predictive capacity for
available data.

Additional research is needed to evaluate and refine
the GIESR model in different regions and based on dif-
ferent suicide screening tools [14, 19]. A similar model
could also be utilized with other standardized screens,
such as depression screens. As suicide risk screening
becomes routine in a greater number of hospital sys-
tems, additional research should also consider the pos-
sibility of using GIESR to evaluate changes in positive
screen rates over time and the amount of data necessary
to detect temporal changes. If successful, the use of the
GIESR model to detect a change in positive screen rates
over time would provide a means for ongoing monitoring
and, potentially, an avenue for evaluating the effective-
ness of target public health suicide prevention programs.
Future research should also consider the possibility of
using the GIESR approach to predict positive screen rates
for SI and SA. For public health programs to effectively
address SI and SA, it is important to evaluate factors
affecting risk across all social-ecological levels. While the
majority of research examining risk and protective fac-
tors for SI and SA has focused on the intrapersonal and
interpersonal levels [8], understanding community level
impacts on SI and SA may lead to novel preventive inter-
ventions. To understand risk and protective factors for
suicide-related thoughts and behaviors beyond individual
and interpersonal levels, future research should consider
allocating efforts toward factors at broader granularities,
such as census tracts.
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