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Advance of Health Research through Geospatial Data

Geospatial data, also known as spatial data, refers
to information linked to specific geographic
locations on earth (e.g., Lat & Log, zip codes)

» Geospatial data is increasingly being collected
from a variety of sources

« GPS, Satellites, Drones, Sensors,
Smartphones, Social media...

* Open new avenues for numerous areas of
biomedical, behavioral, and public health
research
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Why Geospatial Data Matters?

“Your ZIP code is more important than your genetic
code” — highlights that where a person lives
(geographic location) has a more significant impact on
health outcomes than genetic factors.

 Primarily due to Social Determinants of Health
(SDOH), like access to healthcare, food environment,
economic opportunities, and environmental
conditions, which vary widely by neighborhood

« Determine life expectancy, disease rates, and overall
quality of life....

« Underscores the importance of geospatial data in

addressing systemic inequalities to improve public
health.

ATALE OF TWO ZIP CODES

63105 63106
Clayton : North St. Louis

Life expectancy: 85 years ( ' Life expectancy: 67 years

Racial makeup: YT \ Racial makeup:
8% White | 9% African American | 14% Other \""3 -, : 95% Mfrican American | 2% White | 3% Other

Unemployment: % S Unemployment: 24%
Percent below the poverty fne: 7% : y Percet below the poverty ne: 54%

Median househokd o ' Wedian household
income: $90,000 » income: $15,000

Sources: City of St Louss Department of Health - Center for Health Information, Planning,

and Research: Census 2040, MODHSS, Death MICA 2010

Graphic is from *For the Sake of All” in 2045, Itis used with pemission of Health Equity
Works at Washington University.

Notes: ZIP code ffe expectancies were derived using population counts from Census 2040 and
deaths from Death MICA 2040. Total percentage for race may exceed 100% due to rounding.
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Consider a person’s zip code in shaping the health conditions


Applications: Geographic Patterns of Chronic Diseases

Il Low rate cluster
Not significant

I High rate cluster
B Low rate cluster
Not significant

Casper et al. Circulation 133:12
https://doi.org/10.1161/CIRCULATIONAHA.115.01866

A. Age-adjusted incidence rates
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What are the Federal Efforts in Geospatial Data

Information Technology Laws

Executive Summary 2.13 Geospatial Data Act (2018)
CIO Role at a Glance Codifies the Federal Geographic Data Committee and supports the National Spatial Data
Infrastructure

1. CIO Responsibilities
The Geospatial Data Act of 2018 (GDA) became law on October 5,2018. The GDA was

I 2.1T Laws included as a component of the FAA Reauthorization Act (P.L. 115-254, Subtitle F). The

GDA codifies the committees, processes, and tools used to develop, drive, and manage

3. Other Authorities the National Spatial Data Infrastructure (NSDI) and recognizes responsibilities beyond the
Federal government for its development. The GDA reflects growing recognition of the

4. Key Stakeholders essential role of geospatial data and technology in understanding and managing our
world and highlights the need to support their continuing development as critical

5. Key Organizations investments for the Nation. (Federal Geographic Data Committee. Geospatial Data Act of
2018.)

6. Policies & Initiatives o " .
The GDA reduces duplicative efforts and facilitates the efficient procurement of

geospatial expertise, technology, services, and data from the rapidly growing geographic

7. Reportin
e communitv in the United States. The GDA:

Building the Geospatial Future Together—
The NSDI Strategic Plan 2025-2035

CHIER
o 2y

Iy
/J/

Geospatial Data Strategy
Department of Health and Human Services
2023-2026

Op
230

OFFICy
LERN

. _ https://www.hhs.gov/sites/default/files/hhs-
https://www.fgdc.gov/nsdi-plan geospatial-data-strategy-2023-2026.pdf
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Geospatial Data has emerged as an increasingly high-priority research area for Federal agencies, including Department of Health and Human Services

Legislation efforts like the Geospatial Data Act of 2018 and the program under the National Spatial Data Infrastructure (NSDI) have established standards to improve access, interoperability, and transparency of geospatial data. 

The National Spatial Data Infrastructure (NSDI) aims to create a seamlessly interconnected ecosystem of geospatial data that can be used to address various challenges at local, regional, and national levels by providing actionable insights through trusted and readily accessible data.

The HHS emphasizes leveraging geospatial data and tools  by ensuring data is accessible, interoperable, and actionable to support HHS' mission “to improve public health outcomes, support research, and enhance decision-making in alignment with the Geospatial Data Act and NSDI.”



Office of Data Science Strategy | OD/DPCPSI

Provides NIH-wide leadership and coordination for a modernized
NIH data resource ecosystem What we do

AIM-AHEAD Provides leadership
« Enhance participation and representation in and coordination on the strategic
Al/ML research and data plan for data science

Clinical Informatics & Standards

» Clinical data standards

» Clinical and SDoH data using CDEs

» Providing clinical informatics trainings

Develops NIH’s vision for

a modernized and integrated
biomedical data ecosystem
FAIR Data and Repositories

+ Data storage, management, and integration

Adoption of FAIR data principles Enhances a diverse and
Integrated Infrastructure and Emerging talented data science workforce
Technologies
* Al Cloud Services, & Quantum Information

Science Builds strategic partnerships to

advanced technologies and
methods

Training, Workforce, and Community
Engagement

* Promoting interdisciplinary collaborations
« Capacity Building

« Engaging broader community



NIH Data Science Strategy in the next 5 years

2l Improve Capabilities to Sustain the NIH Policy for Data Management and Sharing

@ Develop Programs to Enhance Human Derived Data for Research

Provide New Opportunities in Software, Computational Methods, and Artificial
Intelligence

Bese-

Support for a Federated Biomedical Research Data Infrastructure

w

<= Strengthen a Broad Community in Data Science

We are finalizing the next strategic plan!
NIH-STRATEGIC-PLAN-FOR-DATA-SCIENCE-2023-2028-final-draft.pdf

NIH Office of Data Science Strategy
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Within NIH, the need for geospatial data arises in numerous areas of NIH biomedical and public health research, and NIH Institutes and Centers increasingly recognize the importance of geographic context in this research. 

As part of the NIH data Science strategy plan,  geospatial data along with associated SDOH, EDOH are part mentioned in the NIH’s strategic plan, 


https://datascience.nih.gov/sites/default/files/NIH-STRATEGIC-PLAN-FOR-DATA-SCIENCE-2023-2028-final-draft.pdf

NIH Landscape in Geospatial Data Applications
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NIH Institutes and Centers increasingly recognize the importance of
geographic context in advancing biomedical and public health research

https://reporter.nih.gov/
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For example, for the last 10 years,  NIH has funded close to 2000 projects, with over $1 billion in projects related to the use of geospatial data in biomedical and public health research. 



NIH ICs Activities in Geospatial Data Research

NHLBI

NIDA

NIEHS

Several NIH ICs (NCI, NIDA, NIMHD,
NIADA, NIEHS..) leverage geospatial data in
biomedical and public health research.

NATIONAL CANCER INSTITUTE Search =7
earc Al
GIS Portal for Cancer Research =y

Home GISatNCl~  Geospatial Tools*  Geospatial Data~  Publications

$O NCI Cancer Atlas

>Incidence | AllRaces | All CancerSites | Both Sexes | State | 2017 to 2021

The NCI Cancer Atlas is an interactive digital atlas that
enables users to generate geographic maps of cancer rates,
risk factors for cancer, screening statistics, and other
geographical data related to cancer.
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Geospatial data, Geographic Information Systems (GIS) and spatial modeling are being used in research on the epidemiology of cancers (NCI); 


NIH ICs Activities in Geospatial Data Research

National Institute
on Minority Health
and HoalthDigpaites 0000«

HDP ulse An Ecosystem of Health Disparities and Minority Health Resources

Home Data Portal Interventions Portal About Help & Resources

Health Outcomes
Mortality - Map
All Causes of Death

) View the Quick Profile « Table Historical Trends 5-Year Rate Changes Rate Trend Comparison Download ~

All Causes of Death Rates by State
All Races (includes Hispanic/Latino), Both Sexes, All Ages, 2018-2022

Change Data Topic

DATA OPTIONS

Area
US by State
Cause of Death Age-Adjusted

All Causes of Death Annual Death Rate

Statistic &/ ; (Deaths per 100,000)
Age-Adjusted Rates [Js86.2t0723.1
Race/Ethnicity [D>723.1t0 7748
All Races (includes Hispanic/Latino) 4 @ >774.8t0 8095
@ >8095t09113
Sex
Both Sexes R . @ >91131t01,064.2
Age Group -
All s ! .
fees ¢ Puerto Rico
- o

Rural/Urban

NIMHD research uses geospatial data to study how
neighborhood characteristics impact mental health,
chronic stress, and cardiovascular health.

PEGS

Personalized Environment and Genes Study

Participants: 19,445

V V
Genotype Environment
« Candidate « Health & Exposure

Gene/SNP Data Survey

«Whole Genome « Internal Exposome

Sequencing Data Survey
« Genome-Wide v « External Exposome
Methylation Data Y4 Survey
Phenotype « Geographic
: Information
« Self-Reported Diseases Systems (GIS) Data

and Conditions

Rev 2/8/2024

Studies of gene-environment-
health interactions (NIEHS)


Presenter Notes
Presentation Notes
leverages geospatial data to probe the influence of geographic factors on disease development and health outcomes



Combining Geospatial Data and Social Determinants of Health

» Geospatial and SDOH intersect
Health outcomes and SDOH are not

- SDOH is an increasingly high-priority research area evenly distributed across locations!
for the NIH at the forefront of improving health and
advancing health equity. f ﬁ

« FYI 2022, NIH invested about $4.1 billion, funding

more than 8,300 SDOH research and training | m [>>

programs. ; :
Social Determinants

« NIH’s 2021-2025 strategic plan calls for research on of Health Research at NIH
SDOH, and most NIH ICOs explicitly mention SDOH |

in their strategic plans. §

 Interdisciplinary leverage of GIS and geospatial data with
SDOH provides a powerful lens to understand and address o
health disparities.

https://blog.nimhd.nih.gov/nimhd-insights-current-blog-posts-2023/news_feed/cross-cutting-collaboration


https://report.nih.gov/funding/categorical-spending#/

Example NOSI: Leveraging Geospatial Data

Notice of Special Interest (NOSI): Data Informed, Place-Based Community-Engaged Research to
Advance Health Equity

Notice Number:

NOT-HL-23-110

Key Dates

Release Date: November 28, 2023
First Available Due Date: February 05, 2024
Expiration Date: January 08, 2027

Related Announcements

* March 27, 2024 - Notice of NICHD Participation in NOT-HL-23-110 "Notice of Special Interest (NOSI): Data Informed, Place-Based Community-Engaged Research to Advance

Equity”. See Notice NOT-HD-24-014
= July 20, 2023 - Social Disconnection and Suicide Risk in Late Life (R0O1 Clinical Trial Optional). See NOFO PAR-23-238.
+ Julv 20. 2023 - Social disconnection and Suicide Risk in Late Life (R21 Clinical Trial Optional). See NOFO PAR-23-239.

https://grants.nih.gov/grants/guide/notice-files/NOT-HL-23-110.html
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The purpose of this NOSI is to stimulate community-engaged research that leverages geospatial data to probe the influence of geographic factors on disease development and health outcomes. 


Challenges of Geospatial Data in Health Research

HOW STANDARDS PROUFERATE:
(468 AJC CHARGERS, CHARACTER ENCODINGS, INSTANT MESSAGING, ETC)

Data Availability and Quality
* Geocoding errors, missing/incomplete or outdated administrative

boundaries, limited data in rural or underserved areas...

Data Integration and Standardization
* Inconsistencies in data formats and definitions across different

sources.
« Temporal discrepancies, spatial and attribute data misalignments
« Data integration difficulties due to differing formats and standards

Granularity and Scale
« State level may mask high-risk areas like rural communities

« Modifiable Area Problem

Ethical and Privacy Concerns
 Privacy concerns include the potential for discrimination and

stigma, lack of transparency, regulatory compliance
Managing big geospatial data and technical challenges

 Lack of specialized skills
» Challenges for interdisciplinary collaborations

A) Statewide

 Lack of infrastructure to store, process, and analyze large datasets » ww.

STANDPRDS.

M?! RIDICULOLS!
WE NEED To DEVELGP
SITUATION: || SIE URERAL SHORRD || SITUATION:
THERE ARE USE. CASES. vERHI THERE ARE
4 COMPETING || 15 comPETiNG
STANDERDS.

\ O )

Onega et al 2023 Ann Surg Oncol 30, 6987-6989
(2023). https://doi.org/10.1245/s10434
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Geospatial data offers immense benefits but also comes with significant challenges, including… 



Opportunities: Develop FAIR Geospatial Data

% Develop FAIR geospatial data, and ensure it is
Findable, Accessible, Interoperable, and Reusable

Implement comprehensive, detailed metadata,
standardized data formats, clear access protocols,
and proper documentation

([

Enable scientists to quickly find existing geospatial

9 data and apply it, potentially accelerating research
and its impact on public health.




Opportunities: NIH Common Data Elements (CDEs)

(D) National Library of Medicine

« NIH "geospatial data CDE" refers to a standardized set of & reveios

data elements specifically designed to capture location- 0
based information S o
* Encourages researchers to use CDEs to standardize | m——
geospatial data collection, sharing, and e
interoperability in health and disease research R =
S 2ip - post code

Zip code for patient's current residence; String o [...] Postal Service to a geographic location to faciltate mail delivery.

- The HEAL geospatial data CDE collects standardized
geographic information, like location coordinates, that are
collected alongside other clinical data within the HEAL
Initiative research studies

« Allow researchers to analyze health outcomes in
relation to specific geographic areas, enabling a better
understanding of spatial patterns related to pain and
other health conditions studied by HEAL.

NIH - Helping to End Addiction Long-term®
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Allowing researchers to collect and analyze geographic data consistently across different studies within the NIH ecosystem, enabling better data integration and comparison between research projects


NIMHD: ScHARe/PhenX Core Common Data Elements

mép h en X Toolkit ‘ (# Register ‘ #] Log in & My Toolkit

Home Protocols~ COVID-19~ Search~ Resources~ News~ Help~ About ~ Cite PhenX Contact #Tree X @ (ha | 2 | par

Search:  Search all protocols in the Toolkit using keywords (e.g. diabetes) or PhenX ID (e.g. 011502) Advanced Search

Home » Browse Collections » Social Determinants of Health » Structural Social Determinants of Health J‘D I n

Showing 1 to 14 of 14 protocols

IS Air Quality Index #290101
Environmental Protection Agency (EPA), Air Quality Index (AQI)

O Concentrated Poverty #290201
American Community Survey (ACS), 5-year estimates, Concentrated Poverty, 2009-2018

g Educational Attainment - Community #290301
American Community Survey (ACS), 5-year estimates, Educational Attainment, 2013-2017

Seienca Colabaralicn for Headlh

—  Environmental Justice #290401 P T
0 . . wa h
Envirenmental Protection Agency (EPA), Environmental Justice Screening and Mapping Tool (EJSCREEN) ._-I'I_I "" Ilr" I ] r"-JI I. L

0 Food Swamp #290501
Traditional Retail Food Environment Index (RFEI)

IS Residential Concentrations of Income #290801
Index of Concentration at the Extremes (ICE)

o Minimum Wage #290901
U.S. Department of Labor, State Minimum Wage Laws, 2022

https://www.nimhd.nih.gov/resources/schare/platform-components.html#core-common-data-elements
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the ScHARe/PhenX Core Common Data Elements (CCDEs) are standardized questions and responses that can be used across different studies to ensure consistent data collection and facilitate interoperability, especially related to SDOH.



Opportunities: Develop a Culture of Reuse Geospatial data

* Build once and use many times.

« Ensure geospatial data are created
efficiently and cost-effectively,

« Focus on reusability across multiple
disciplines and applications,

e Maximize the value and impact of existing
geospatial data rather than collecting new
data for every need.

 Accelerate the pace of future research
directions

 Foster multidisciplinary collaborations




Opportunities: Integrate Geospatial Data with
SDoH, wearables, and clinical data

SDoH, EDoH, Wearable Sensors: Encourage geospatial links
@ with SDoH, EDoH, and wearable sensors to explore how
geographic factors might influence health outcomes.

Q@ Electronic Health Records (EHRs): Addition of location
Gl variables or geocoded patient data to EHRs

Remote sensing data: Satellite imagery can provide
% information on land use, vegetation cover, and
environmental factors.

teee Social media data: Aggregated social media data can be
m used to understand population movement and potential
disease spread
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Integrate and analyze broad geospatial data with other data sets, including SDOH, 

Encourage the addition of location variables/geocodes to electronic health records, creating a foundation to conduct spatiotemporal research. 



Opportunities: Geospatial Ethical and Privacy
Consideration

» Geospatial data can often be linked directly to
individuals, raising significant ethical and privacy
concerns, like identifying specific homes or
movements of people through location tracking.

* Prioritize ethical and privacy concerns through
* Practices informed consent,
« Data anonymization
« Robust security measures
« Transparency in algorithms
« Data gaps and underrepresentation, especially
for marginalized communities
« Data sovereignty
» Federated or distributed data approach




Opportunities: Geospatial
Artificial Intelligence (GeoAl)

* GeoAl is an emerging area that combines artificial
intelligence/machine learning, data mining, and high-
performance computing to extract knowledge from big
geospatial data

» Leverage GeoAl /Digital Twins

 Predict outbreaks, identify health risks, and understand
disparities, as well as future health trends, from large
amounts of geospatial data in various formats (e.g.,
image, text, voice, social media).

« Computational efficiency

* Flexibility in algorithms and workflows to accommodate
relevant data

 Scalability of the model for other geographic areas or
health/behavioral outcomes



STRIDES OVERVIEW

The NIH STRIDES Initiative

STRIDES: Science & Technology Research Infrastructure for Discovery, Experimentation, & Sustainability

Overview Core Motivations

Serving both the NIH intramural and

o 1. Democratization of computational research & data science
extramural research communities, the

Leveling the playing field for those traditionally

STRIDES Initiative accelerates biomedical underrepresented in biomedical research ."'.
research in the cloud by:
« Simplifying access 2. Cost savings & efficiencies for the research community
More usage begets more savings and greater overall discounts
* Reducing costs for all
> Lo teeineloglesl AR 3. Strong partnerships with cloud providers
. Standardizing administrative & financial ReSUlting in collaborative R&D engagements and more dlre_
processes focus and support on research . 't;HH
Partnerships with: ,aWS, ¢ Google Cloud m Microsoft Azure
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NIH has used Other Transaction Authority to establish these partnerships, which has resulted in relationships and programmatic components that would not have been possible through traditional contract mechanisms
For example, NIH negotiated cost rates on behalf of the entire biomedical research community, both intramural and extramural
NIH has also been able to engage directly with Cloud Service Providers to. jointly create novel capabilities, such as specialized imaging data de-identification services on Google Cloud to automatically remove PII/PHI from medical imaging data, which is being integrated into the overall platform for all users/customers of Google Cloud


NIH Use Cases

CLOUD TRAINING AT NIH

NIH Cloud Lab: Experiment in the Cloud Evaluate Utility & Cost

Provides an easy route to
NIH Cloud Lab is a no-cost, 90-day program for NIH intra- and extramural researchers to try evaluate the cloud’s
commercial cloud services in an NIH-approved environment. Cloud Lab provides training and utility/cost for a project
guardrails to protect against financial and security risks.

without major time or
financial commitments

NIH Cloud Lab Sign Up Page

About STRIDES = Contact Us
m STRIDES Initiative Q D I N T I
Enrollment Training Resources eve op ew 00 s
| cloudvab NIH Cloud Lab

FAQs

How It Works

1. Fillout ,orapply in
Allows experienced teams to
NIH Cloud Lab is a resource developed by NIH’s CIT Cloud Services Team

2. Get account and $500 Of Credits to support STRIDES’ mission of enabling and modernizing biomedical prOtOtype new architectures
research through the cloud. Through this resource, NIH-funded and eval_u ate SOftwa re an d

researchers can become more efficient and comfortable in leveraging the

3. Access tallored ClOUd tralnlngs cloud for their research purposes. hardware Comb|nat|0ns
4. Practice and learn for 90 days

NIH Cloud Lab AWS Tutorial Repository
P ———— e Tmels) (F=elh ] St et \ Connects NIH’ers from across

s ICs to share ideas on how to
conduct biomedical research
O kyleoconnell-NIH Update README md d1fss73 last month D History ~ R .

in the cloud

Share Ideas

= READMEmd

AWS Tutorial Resources ; o - j Leal‘l‘l NeW SkiuS

Overvew of Page Conents — TEPIRERTR AN & Simplifies access to tools

£ ¢%fe e ® . o g .
 Download SRA Data | :z P ."' 3 : :f, and CI.OUd enV|r0nmentS

° GWAS

i R | that participants can use

* scRNAseq

: T e for training purposes

« Long Read Sequencing Analysis

o AUML Pipeline | 2 2



https://cloud.nih.gov/resources/cloudlab/
https://nairrpilot.org/opportunities/education-call

The Artificial Intelligence/Machine Learning
Consortium to Advance Health Equity and
Researcher Diversity (AIM-AHEAD)

NIH Office of Data Science Strategy

Enhance the participation
and representation of
researchers and communities
currently underrepresented in
the development of Al

Address health disparities
and inequities using AI/ML

Improve the capabilities of
this emerging technology

https://aim-ahead.net/



https://aim-ahead.net/

Closing thoughts...

*Increased recognition of geospatial data by NIH ICs to
address complex challenges in biomedical and behavioral
research

*Exciting times for geospatial data and public health
research

*The fusion of geospatial data with AI/ML, cloud
computing, and digital twins, the implementation of
FAIR principles and ethical practices

*All these will transform the way we leverage geospatial
data to understand numerous health and behavioral
issues while ensuring equitable benefits for all
communities.....
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m Mational Institutes of Health
Office of Data SciencéSirategy -

Thank you!

Contact Info:

Dr. Samson Gebreab
samson.gebreab@nih.gov
https:// www.aim_'—aheild'.

- b
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: . Professor, Tufts University School of
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Small AC ea Estimation Opioid Abuse Y Spatial Epidemiology and Geospatial Data
Prevention and Response Science in Opioid-Related Research

4 "j Courte Van Voorhees, Ph.D.

Moderator

Program Official, Prevention Research
Branch, DESPR, NIDA
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Outline

* Questions we want to answer with maps

* What data do we need?

* What data do we want? What data do we see?
* What questions can we answer?

* What patterns do we see? Why?
e Summary and next steps



The whirling vortex of data analysis

4. Question we can
answer with data and
methods we have.

1. Question we 2~
want to answer.

N

W

2. Data and methods
we need to answer
question.

> 3. Data we can get.
Methods we can use.




Questions: What do we want to answer?

» Outcomes
« Mortality? Morbidity? Use? Sales? Arrests? Treatment?

* Risk factors

* Resiliency factors

* At what scale (individual, community, both)?
* How do they relate/interact?

» Social determinants of “disease”’...




Ecology of Substance Use
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What do we get to see? A disease ecology perspective

Surveillance of Public Health Impact
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Geoanalytics
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What data do we see? Public health surveillance perspective

* Building public health surveillance from existing data sources:
* Mortality
* Emergency response
* Medical records
« Law enforcement
* Treatment
« Community measures (vulnerability indices)



What questions can we begin to answer?

« Patterns of mortality, patterns of reporting.

 Patterns of risk factors
« Comparing:
« a data science perspective
 a traditional variable selection perspective

* Resiliency: Just another (negative) risk factor?

* Thoughts on interactions, confounding, effect modification, and
causation...what do we care about here?



Trends in mortality, trends in reporting

« 2000-2017 Multiple Cause of Death data from US National
Center for Health Statistics (NCHS).

Data use agreement for individual level data on:
* Underlying (primary) cause of death (ICD-10)
« Up to 20 contributory causes
« State and county of residence



Defining opioid mortality

« CDC Guidance (2018): Underlying overdose deaths include:

. Unin)tentional (ICD-10 codes X40-X44) and intentional poisonings (X60-
X64

* Those of undetermined intent (Y10-Y14) and
« Homicides by drugs (X85)

 Also, deaths classified via contributory causes:
* Opium (T40.0),
* Heroin (T40.1)

* “Other” opioids including codeine and morphine (T40.2), methadone
(T40.3), other synthetic narcotics (T40.4) and “other and unspecified
narcotics” (T40.6).

* "Any opioids” includes all six of these T-codes



Opioid Mortality Trends: National (2000-2017)

Overdose deaths 2000-2017 by type of opioid
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Opioid Mortality Trends by State and Type

Trends in deaths with an overdose reported as a
contributory, not underlying, factor
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Potential “hidden” deaths

» Overdoses recorded as a contributory cause but the underlying
cause is not an overdose

» Underlying cause does not include any of the X or Y overdose codes
but contributory cause does

* Overdoses recorded as a primary cause but the contributory
code only lists “unspecified drug”

» Some overdoses may be coded as “other and unspecified drugs,
medicaments and biological substances” (1T50.9).

* Not all are opioid deaths, but some may be (Ruhm 2016, 2017).
* What patterns do we see across states?



Opioids contributory but not underlying cause

State

(o)
o

District of Columbia =
New

New Hampshire -

Deaths with an overdose listed as a contributory cause (2000-2017)
(Many of these deaths also include an opioid as a contributory cause)

Nevada -
California -

lowa -

North Dakota -
Kansas -
Texas -
Arkansas -

West Virginia =
Oregon -
Louisiana -

W

Delaware -
Nebraska -
Arizona -
New Mexico -
Missouri =
Colorado -
Washington -
South Carolina -
South Dakota -
.. Ohig-
Mississippi -
Minnesota -
Indiana -
Oklahoma -
aho -

Florida =
Georgia -
Tennessee -
Alabama -
Michigan -
New York -
Montana -
Kemuckx .
Utah -

Type
. OD and opioid as contributory
. OD as contributory

Trends in deaths with an overdose reported as a
contributory, not underlying, factor

500-
Maine -
Rhode Island -
ersey =
irginia -

Wisconsin -
North Carorl]lna -

s

[=

(=
i

Pennsylvania -
onnecticut =

Maryla
Massachusetts =

=
o -
o

100
Deaths
(per 1000 overdose deaths)

200

Ao Individual states (all)

—— Median (10 states with highest OD rates)
= Median (10 states with lowest OD rates)

200 - — Overall median

Deaths (per 1000 overdose deaths)

100 -

2000 2005 2010 2015
Year



Unspecified drug cases as contributing cause

Overdose deaths with an unspecified drug listed as a contributory cause
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What are we seeing?

« Combination of mortality and reporting patterns.

» States with lower overdose mortality rates have higher numbers
of deaths in these potentially “hidden” categories.

» Faster decline in "hidden” categories in states with higher
overdose mortality rates.

* Negative correlation between contributing synthetic opioids and
contributing-only overdose (-0.65).

* Negative correlation between contributing synthetic opioids and
contributing unspecified drugs (-0.67).



Epidemiology and vulnerability indices

 Traditional: Measuring association between outcome and risk
factors.

* Vulnerability indices: Examine associations observed in one
location in predicting outcomes elsewhere.
* Goal: Ranking of regions by vulnerability to future event.
» Literature on natural disaster vulnerability indices.
» Opioids: CDC vulnerability index from Scott County, IN.
« Tennessee vulnerability index (Rickles et al. 2017).

« Combination of dimension reduction (PCA, factor analysis) and
variable selection.

» Goals are different from typical epidemiology goals...



Different goals?

* Risk factor selection (individual and community level)

* Resiliency factors
 Just a negative risk factor?
 |Interaction with a risk factor?
« Effect modification?
« Same scale? Cross scales?
 Adjusting vulnerability?



Example: Social Vulnerability Index

* From the US CDC

* Fact sheet:
nttps://www.atsdr.cdc.gov/placeandhealth/svi/fact_sheet/fact_sheet.ht
ml

* 16 social factors including
* Poverty
* Lack of vehicle access
* Crowded housing

* Grouped into four related themes

* Socioeconomic Status, Household characteristics, Racial and Ethnic Minority
Status, Housing type and transportation


https://www.atsdr.cdc.gov/placeandhealth/svi/fact_sheet/fact_sheet.html
https://www.atsdr.cdc.gov/placeandhealth/svi/fact_sheet/fact_sheet.html

* Grouped into four related t
* Socioeconomic Status
* Household characteristics
* Racial and ethnic minority ¢
* Housing type/transportatio
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Mapping SVI

* Interactive map!
* https://www.atsdr.cdc.gov/place-health/php/svi/svi-interactive-map.html

* Data download
* https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html

* County or Census Tract
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https://www.atsdr.cdc.gov/place-health/php/svi/svi-interactive-map.html
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html

Social Vulnerability Indices?

* |s CDC’s SVI the social vulnerability index?

* Orisitmore important to think of how to develop the most appropriate
Index for a particular application?

* Tennessee developed an in-state vulnerability assessment for a specific
application.

* Rickles et al. (2018) Tennessee’s in-state vulnerability assessment for ‘a
rapid dissemination of human immunodeficiency virus or Hepatitis C
virus infection event’ utilizing data about the opioid epidemic. Clinical
Infectious Diseases.

* https://academic.oup.com/cid/article/66/11/1722/4706246



https://academic.oup.com/cid/article/66/11/1722/4706246

Why develop your own?

* Earlier indices:
* Few variables, use same weights for multiple applications.

* Now:
* Access to many variables, want reproducible definitions and calculations.



Summary

« Questions we want to answer

» Data we need to answer those questions

» Data we can get

* Questions we can answer from the data we can get.

 How clq)se are the questions we can answer to the questions want to
answer”

» Patterns we observe are echoes of the true process, the observation
process, and the reporting process.

 Can we learn to see these echoes? Measure them?
« Can we learn to see the factors that influence the echoes?
» Epidemiology of reporting?
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Overview

« Spatial epidemiology, geospatial data, and disease prevention
* Applications of spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots

* Assessing access to services and resource allocation
* Assessing social determinants of health
* Monitoring interventions and change

« Conducting predictive analytics and simulation modeling

* Focus on 3 NIDA-funded studies

SCHOOL OF MEDICINE

Public Health

Tufts




NIDA Funding

Rural Opioid Initiative New England (DISCERNNE). UG3DA044830,
UH3DA044830. MPIs: Friedmann, Stopka

Predict to Prevent (P2P): Dynamic Spatiotemporal Analyses of Opioid
Overdose to Guide Pre-Emptive Public Health Responses. RO1DA054267.
MPls: Stopka, Bauer

Assessing Optimal XR-Buprenorphine Initiation Points in Jail. RO1DA056446.
MPIs: Farabee, Friedmann, Stopka

Examining Xylazine Exposure & Risk of Skin and Soft Tissue Infections in
People Who Inject Drugs. R21DA061423. MPls: Stopka, Shrestha

Tufts

HEALing Communities Study (MA). UM1DA04912. PI: Samet

MA Justice Community Opioid Innovation Network (JCOIN). UG3DA050067.
MPIls: Friedmann, Evans
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Sensitivity Notice

Representing Lives Lost

The symbols on these maps represent much more than data. They
represent loved children, parents, friends, coworkers, and peers
who were lost to an opioid overdose. With respect to confidentiality
for family and neighbors of those who have passed on, these
maps mask the exact locations of decedent residences.
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Spatial Epidemiology & Public Health Impact

Can spatial analyses and spatial data inform disease prevention?

The facts are coming! The facts are coming!

SCHOOL OF MEDICINE

Public Health

Tufts




Spatial Epidemiology

* Facilitates description and examination of disease
and its geographic variations...

 Place matters

« Source: Carpenter (2011). Spatial & Spatiotemporal Epidemiology.
PMID: 22748171

UNIVERSITY |



GIS/Spatial Analytical Approaches in Prevention

1. Descriptive mapping/risk maps

Study sites —
Spatial distribution of risk (e.g., nonfatal and fatal overdose)
Locations of services (e.g., treatment providers)

Geolocation of prevention tools (e.g., harm reduction agencies)

2. Calculation of variables
« Distance from homes to MOUD treatment Exploratory Spatial

« Small area measures of OD risk and health disparities Data Analysis (ESDA)
 Areal interpolation/Spatial Krieging

3. Geostatistical analysis/spatial epidemiology
* Incremental spatial autocorrelation; cluster analyses .
« Spatial regression; geographically weighted regression
« Spatiotemporal cluster analysis
« Health services access: location-allocation and 2-stage floating catchment area analysis

Tufts

SCHOOL OF MEDICINE
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Applications: Spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots
* Assessing access to services and resource allocation

« Assessing social determinants of health

* Monitoring interventions and change

» Conducting predictive analytics and simulation modeling

SCHOOL OF MEDICINE

Public Health

Tufts




— |dentifying and characterizing hepatitis C @ees
virus hotspots in Massachusetts: a spatial
epidemiological approach

Thomas J. Stopka' @, Michael A. Goulart', David J. Meyers ', Marga Hutcheson', Kerri Barton®, Shauna Onofrey”,
Daniel Church?®, Ashley Donahue' and Kenneth K. H. Chui'

Tufts

SEHOOLOF MERISINE Stopka et al. BMC Infectious Disease. 2024. PMID: 38245914
Public Health




Stopka et al. BMC
Infectious Dis. 2024.
PMID: 38245914

Tufts
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ldentifying and characterizing HCV hotspots in Massachusetts:
A spatial epidemiological approach

|dentified 9 HCV mortality clusters across MA (p < 0.05)

Hotspots were positively associated with % of pop. Hispanic (AOR: 1.07; 95%
Cl: 1.04, 1.09) and % households receiving food stamps (AOR: 1.83; 95% CI:
1.22,2.74).

HCV hotspots were negatively associated with:

* % of the population that were HS graduates or higher (AOR: 0.91; 95% CI: 0.89, 0.93)

 "“Other” race/ethnicity category (AOR: 0.88; 95% ClI: 0.85, 0.91)

SEHOOL.OF MERIGINE Stopka et al. BMC Infectious Disease. 2024. PMID: 38245914
Public Health

Tufts




Contents lists available at ScienceDirect

International Journal of Drug Policy

— ELSEVIER journal homepage: www.elsevier.com/locate/drugpo

Research Paper

Characterizing opioid overdose hotspots for place-based overdose T

prevention and treatment interventions: A geo-spatial analysis of Rhode
Island, USA

SCHOOL OF MEDICINE

Public el Samuels et al. [JDP. 2024. PMID: 38245914

Tufts

UNIVERSITY




Characterizing opioid OD hotspots for place-based OD prevention and
treatment interventions: A geo-spatial analysis of Rhode Island

ldentified 7 non-fatal & 3 fatal overdose hotspots in R

Hotspot neighborhoods had higher proportions of Black and LatinX residents, renter-
occupied housing, vacant housing, unemployment, and cost-burdened households

Increased relative risk of non-fatal and fatal ODs in neighborhoods with crowded
housing (RR 1.19 [95 % CI 1.05, 1.34]; RR 1.21 [95 % CI 1.18, 1.38], respectively)

Higher proportion of hotspot neighborhoods had a religious organization, a health
center, or a police station

Public el Samuels et al. [JDP. 2024. PMID: 38245914

Tufts




Applications: Spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots
» Assessing access to services and resource allocation

« Assessing social determinants of health

* Monitoring interventions and change

» Conducting predictive analytics and simulation modeling

SCHOOL OF MEDICINE

Public Health

Tufts




Measuring Accessibility to Services

* Measures of accessibility
* Euclidean distances
» Buffer zones
* Drive- and walk-times
* Enhanced 2-3 Step Floating Catchment Areas
* L ocation-Allocation




Access to pharmacies and sterile syringes

T o

Pharmacy Syringe Access

- < ® Sell OTC Syringes (n=65)
‘ ? Distance to OTC Pharmac y
. 1/4 mile or less
ﬂ ‘; >1/4 mile to 1/2 mile
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o
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SCHOOL OF MEDICINE

Public Health Stopka (2012). Am J Epidemiology PMID: 22562660

Tufts




Client Catchment Areas:
Distances Traveled by Harm Reduction Clients

Year 1: July 2014 - July 2015

t Clients Servefy iDU Care A closer look at the Boston area:

777777

®  Syringe exchange

SCHOOL OF MEDICINE

Public Health Stopka et al. (2016). APHA




Opioid Treatment Program (OTP) Locations by Site Type as of 2023

Stopka et al. 2024 |
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Only 13% of Massachusetts residents lived within a 15-minute walk of an OTP

Stopka et al. 2024
BSAS Report for
Gov’s. Office
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Only 9% of decedents Ilved W|th|n 15 mmutes walking to an OTP
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UNIVERSITY
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Data-to-Action: Presentation to OTP Providers

98% of decedents lived 80% of decedents lived 32% of decedents lived Only 9% of decedents
within a 30-minute within a 15-minute within a 30-minute walk | lived within a 15-minute
drive time of an OTP. drive of an OTP. of an OTP. walk of an OTP.

SCHOOL OF MEDICINE

Public Health




2-Stage Floating Catchment Area (2SFCA) Analysis

* Accessibility calculated in two steps

« Assess the proportion of services (e.g., treatment providers) to the population
In need within a designated search area

« Calculate “service availability” within a 30-minute drive from each population
center developing an accessibility index

SCHOOL OF MEDICINE

Public Health

Tufts
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Applications: Spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots
* Assessing access to services and resource allocation

» Assessing social determinants of health

* Monitoring interventions and change

» Conducting predictive analytics and simulation modeling

SCHOOL OF MEDICINE

Public Health

Tufts




Social Determinants and Disease Testing Gaps

Tufts

UNIVERSITY
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Applications: Spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots
* Assessing access to services and resource allocation

« Assessing social determinants of health

* Monitoring interventions and change

» Conducting predictive analytics and simulation modeling

SCHOOL OF MEDICINE

Public Health

Tufts




Methadone Access: Holyoke, MA

suppressed due to low counts,

i
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Mate: Mon-Hispanic Black and Another race residence address locations are # Regional Transit Bus Stops

suppressed for publication due 1o low counts,

Tufts B Pustz et al (2023). Drug & Alcohol Dep. PMID: 37666091

UNIVERSITY



Applications: Spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots
* Assessing access to services and resource allocation

« Assessing social determinants of health

* Monitoring interventions and change

» Conducting predictive analytics and simulation modeling

SCHOOL OF MEDICINE

Public Health

Tufts




Applications in NIDA-funded Studies...




Mobile telemedicine-based treatment of chronic
HCV among PWID in rural northern New England:
A randomized clinical trial
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Drug Injection Surveillance and
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Thomas J. Stopka, Donna Wilson, David de Gijsel, Kerry Nolte Jean
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Patrick Dowd, and Peter D. Friedmann
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Rural Opioid Initiative Sites
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Epidemiologic, Policy and Legal Environment

Preventive Medicine 128 (2019 105740
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Disease Outcomes

of concern, 2014-16

Fatal Overdose Rate
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Unemployment, Age 16 and Over
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New England Syringe Service Programs Access

SSP Access Buffer
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Service Environment

Drive-time Access: Syringe Service Programs Drive-time Access: Drug Treatment Programs Drive-time Access: Naloxone Programs
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HCV & Risk Landscape Results: 2017-2019

All vT | NH | mA | - Limited access to injection gear and
-HCV testing and treatment
HCV seropositivity 59% | 94% | 66% | 58% | . High Risk of HIV outbreak
T considering lack of harm reduction
SurlEs el 53% | 46% | 65% | 51% services and high HCV rates
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Comparative Study
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Data to Action: HCV Treatment RCT

A randomized controlled trial to evaluate:

Mobile telemedicine care VS Enhanced usual care (EUC)
(MTC) with integrated syringe referral with care navigation to a
services local or regional provider
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Results: Primary outcomes

Odds Ratios (95% CIl), MTC vs EUC

Outcome Comparison
Initiated DAA MTC vs EUC
Cleared on SVR-12 MTC vs EUC
Shared syringesin FU MTC vs EUC
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6.95 (3.07-15.73)
4.03 (1.76-9.24)
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HEAL HEALing Communities Study: Spatial

INITIATIVE

——  Epidemiology and Overdose Prevention

Massac husetts

Massachusetts PI: Jeffrey Samet; Co-l/Spatial Epi Lead: Tom Stopka
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HEALIng Communities Study (HCS) in MA
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Overdose Clustering:
Local Indicators of Spatial Association (LISA)

High-High cluster

Bl High-Low outlier

B |ow-High outlier

Low-Low cluster
Not significant
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Geographically Weighted Regression:
Opioid-related overdose, home, age
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Hispanic decedents in Springfield were less likely to overdose at their
home, compared to those who lived in Worcester and Boston

A 5

DL

.ﬁ‘ﬁv\ |

(a8

LOWELL

AT DK
i .
'4.\"“ R
sl )‘\ i |

} } } ! | i | } | i
r T 1 s 5 ~ j‘éw'
= ", . 5 T T \%
N\ /f o l@" o T o ﬂﬁ‘
“SIFALL RIVER ' ?\} = s
7 S 2 Nz
L P P £ *{,r;.
! S g 4 &’}‘w—*ﬁ, & ,.!
| @ W 1 .‘,”u o, ;« J
Home address clusters: Hispanic decedents ' A
’ o
Not significant & = &" : .
Hot Spot: 90% Confidence ~ #/ o _Lt./'\k_g }\
- '
] Hot Spot: 95% Confidence \}/ o ,.G;‘»?' \\I
L.
I Hot Spot 99% Confidence < T
Odds of fatal overdose at home among Hispanic decedents
Not statistically significant b

SCHOOL OF MEDICINE

Public Health Pustz et al (2022). Spatial & Spatiotemporal Epi. PMID: 36460457

Tufts

FERSTEY




Buprenorphine Accessiblility Index
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Results: Access to Buprenorphine Providers
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Predict to Prevent (P2P):
Dynamic Spatiotemporal Analyses of Opioid Overdose to
Guide Pre-Emptive Public Health Responses
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Predicting

the Future
(e.g., Hurricanes)

Hurricane Laura Current information: x  Forecast positions:
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Public Health Data Warehouse (PHD) 2.0
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Bayesian Spatiotemporal Modeling

Combining prior distribution & likelihood function to calculate posterior distribution

Including time and geographic areas to provide additional information/effect of
surrounding areas and contiguous times

Bayesian Spatiotemporal models incorporate

« Spatial random effects to model spatial autocorrelation

* Time effects to model dependent structure of the data

* Time varying covariates to model uncertainty tied to unmeasured confounders
* And space-time interaction effects to model residual spatiotemporal variation
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Predict to Prevent Opioid Overdose
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Figure 2. Temporal trends and maps of predicted fatal OD rates (per 100,000 population)
and counts for 2020 and 2021 (in grey shade). Each line represents one ZCTA in panels
(A) and (B), color coded by their rural/urban status. Data were obtained from the MA
Registry for Vital Records and Statistics for 2005 to 2019 and used to predict ODs for
2020 and 2021 with Bayesian spatiotemporal models.
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Drug and Alcohol Dependence 246 (2023) 109836
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Uncovering new time varying and spatiotemporal
patterns in fatal overdose rates not previously reported...

Opioid-Related Mortality:

Dynamic Temporal and Spatial Trends by Drug Type and Demographic Subpopulations,
Massachusetts, 2005-2021
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Opioid-related fatal overdoses: Fentany!
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Data-to-Action-to-Prevention

Interactive map with search bar

The interactive map has a search bar on the top left. The map can zoom in to a ZCTA by entering a 5-digit zip code number, and the popup information includes total population, population aged 20 and greater, and

death rate (in quintiles Q1- Q5, with Q5 th
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e highest) in year 2010, 2015 and 2019. The plot on the right side compares the state average death rate and the selected zip code death rate by year.

Average fatal opioid overdose rate (per 100k) in MA
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Recap

« Spatial epidemiology, geospatial data, and disease prevention
* Applications of spatial epidemiology in prevention

* |dentifying and characterizing the risk landscape and hotspots

* Assessing access to services and resource allocation
* Assessing social determinants of health
* Monitoring interventions and change

« Conducting predictive analytics and simulation modeling

* Focus on 3 NIDA-funded studies

SCHOOL OF MEDICINE

Public Health

Tufts




Spatial Epidemiology & Public Health Impact

Can spatially oriented data inform disease prevention?

The facts are coming! The facts are coming!

SCHOOL OF MEDICINE

Public Health

UNIVERSITY




Prevention Impact

« Spatial epidemiology and spatial data to inform prevention?

« Can inform and monitoring prevention interventions by...
* Guiding public health, community, academic partnerships

« Targeting locations for new health services
 Informing local communities & policymakers

« Using spatial analysis tools for surveillance
* Health service access (disease prev./care, treatment centers)
» Assess risky behavior, disease spread across populations
« Assess spatial relationships for health outcomes
* Model risk for future outbreaks

Tufts

SCHOOL OF MEDICINE

Public Health




Thank you!

Questions?

Thomas J. Stopka, PhD, MHS

thomas.stopka@tufts.edu

SCHOOL OF MEDICINE

Public Health



mailto:thomas.stopka@tufts.edu

Prevention Research

Lance Waller, Ph.D. & | Tom Stopka, Ph.D., MHS

: . Professor, Tufts University School of
Professor, Emory University N Medicine

Small AC ea Estimation Opioid Abuse Y Spatial Epidemiology and Geospatial Data
Prevention and Response Science in Opioid-Related Research

4 "j Courte Van Voorhees, Ph.D.

Moderator

Program Official, Prevention Research
Branch, DESPR, NIDA

T -

- 3’5 an Drug Ause s Tuesday, December 3, 2024




Treatment and Services Research

: : : - Assistant Professor, Washington University in St.
Assistant Professor, University of Illinois L 5 d

Urbanq-Champaig.n T . p Integrating Community Engagement and Geospatial
Measuring the Spatial Availability of Medications Methods to Address Racial Inequities:

for Opioid Use Disorder Benefits and Barriers

Moderator

Program Official, Services Research
Branch, DESPR NIDA

T -

NIH Bt - = e 3 Tuesday, December 3, 2024




"
Measuring the Spatial

Availability of Medications
for Opioid Use Disorder

M. Kolak, PhD, University of Illlinois at Urbana-Champaign

NIH Workshop on Innovative Applications of Geospatial Data Science in Drug Use Research

Study Co-Authors:
. Wataru Morioka, PhD & Qinyun Lin, PhD
Healthy Regions E
Policies Lab

-~




What medications are available for OUD?

\ 0
0“ (9% 5'

Methadone Buprenorphine Naltrexone

Full agonist. Partial agonist. Antagonist.




Barriers to MOUD

« Regulatory: policy, how medication is prescribed & dispensed

o Logistical: access to reliable transit at all stages of seeking MOUD
« Geographic: spatial availability of medication of choice/preference
o Financial: cost of medication, insurance, economic opportunity

o Attitudinal: individual, interpersonal, & organizational-level stigma




OUD Stigma 1s Associated with MOUD Access

Personal experience

L= with OUD

Friends’ or family
| members’ experience

| with OUD Stigma
/

Experience when

accessing MOUD

o

Spatial access

NIH _ to MOUD
HEAL

INITIATIVE

JUSTICE COMMUNITY OPIOID
----------




While multiple barriers to accessing
MOUD are well documented,
measurement of spatial access are
not well understood.

What are best practices in
measuring access to MOUD?




Factors Influencing Spatial Access

Spatial Temporal Distance
Resolution Resolution Measure
Tract, ZCTA, County year, historical Euclidean, Network
(walk, bike,

transit, drive)

Access Boundary Degree of
Measure Conditions Urbanicity
Count, Nearest, Across borders, Urban,

Density, Gravity Within borders Suburban, Rural




Study Objective

Calculate and compare neighborhood-level associations of spatial availability metrics, and contextualize
within additional dimensions of access at a community scale:

® Across various access metrics: distance-based metrics using various transit modes, as well as
gravity supply and demand models that account for population & congestion

° Across rurality, type of neighborhood characterized by SDOH characteristics, and racial/ethnic
characteristics to identify gaps and trends in spatial access

e In orderto identify a meaningful & consistent measure with sufficient variability for further analyses

When aggregating up to the county level to link drug-poisoning mortality metrics, where are locations that
have the greatest mismatch in need and resource availability?




Methods

Defining Resources & Need, + Plan for Analyses




Study Population and Spatial Scale

This research included all the populated areas counted in the census across
the continental United States, covering about 322 million people according to
the 2019 census (ACS 2019).

The US Census Bureau refers to these areas as small, consistent sections with
fixed borders. We focused only on the continental states to keep the
neighboring areas connected, ignoring state borders.




MOUD Resources

Q
&

Methadone

SAMSHA directory.

= Methadone
Maintenance
(disclude ‘short-term)

May not be accepting
more patients

May have varying
cost associated,
Tend to take cash.

oF

Buprenorphine

SAMSHA directory.

DATA 2000 Waivered
Physician Directory.

Many in directory
don't prescribe;
address may be

INncorrect.

Naltrexone

SAMSHA + Vivitrol
web scraping

Still may
underestimate total
prescribers.

Billing Claims, EHR
data may be more
precise.




What are ways to access MOUDs?

Driving
Travel Time Matrix
developed using
Open Street Map
road network,
street limits, and

impedance factor for
Urban locations (x2)

Approximated with %
households with
Nno vehicle

Biking
Travel Time Matrix
developed using

Open Street Map
bike network

Public Transit

Approximated with %
commuters using
public transit

Walking

Travel Time Matrix
developed using
Open Street Map

pedestrian network

Approximated with %
commuters using
public transit




Access Metrics Calculated

Supply-Only Models

e Minimum Distance from tract centroid to nearest resource, in miles
o Euclidean Distance

e Travel Time from tract centroid origin, to tract centroid destination (nearest
resource), in minutes

o Walking
o Biking
o Driving

e Count of Resources within 30-minutes driving time




Access Metrics Calculated

Supply & Demand Models

Floating Catchment Area measures the ratio of providers to clients within a
travel time

Two-Step Floating Catchment Areas (2SFCA) extends FCA by calculating
catchment areas for both the medication providers and the population
Enhanced 2SFCA (E2SFCA) extends E2SFCA by assigning weights to various
travel time zones, thereby accounting for the distance decay function
Rational Agent Access Model (RAAM) aims to equalize congestion and
mMinimize costs, where an individual's expense for accessing services depends
on both congestion levels and travel time




Computational Framework

« Pre-computed travel time matrices enabled quick calculations of supply-only models
across the country for all tracts, quickly, using R or Python.

« Spatial accessibility was calculated using the "pysal" library in Python. Due to the
large volume of data, a high-performance computing environment was necessary.
- Supply-demand models for spatial accessibility were executed on the Keeling
computer cluster at the University of Illinois.
- The Keeling node features 24 compute threads and 192 GB of memory, runs on
Scientific Linux 6.3, and provides Python access.
> Running the Rational Agent Access Model with a 90-minute threshold took
approximately 5 hours in this high-performance environment.




Pop. Fop. Fop. Fop.

RUCA Pop. Pop.
op op Density Density Density Density

Deﬁning Need: Code Median | Density
Rurality

14 MMedian 30 Avg,

2 hetro High Commuting Suburban 6,669 4,133 51 46 96 202 373
21 Secondary flow to larger LA Suburban 110 3,893 &7 &9 120 206 198
hetro Low Commuting Rural 653 3,838 39 30 54 107 145
. ) ) . _ 4 Micro Suburban 3877 4,005 137 269 748 1,876 1,389
places Wlth dlfferlng rurallty type WI” 4.1 Secondary flow to a Lis Suburban 29 4,756 208 277 59 1,645 1,144
have differing travel behaviors, 5 Micro High Commuting Rural 1907 = 3,749 23 21 43 78 81
characteristics, and expectations. 5.1 Secondary flow to a UA Rural 46 | 4197 53 35 55 94 69
Rural-Urban Continuum Area (RUCA) ‘ MicroLow Commuting | Rural 408 3,810 2 25 43 72 63
codes ca pture Commuting behaviors 7 small town core Rural 1,926 4,088 48 77 203 534 440
and seg ment areas accordingly. 71 Secondary flow to a UA Rural 156 4,288 56 79 2m 405 387
1.2 Secondary flow to a large UC Rural 55 3,483 26 51 157 a7 351
® U rba N Areas B - Small town high commuting | Rural - 792 - 3,138 12 12 24 45 37
P Su bu rba n Areas 8.1 Secondary flow to a LI Rural 18 3,096 14 7 33 41 48
8.2 Secondary flow to a large UC Rural 10 3,024 20 34 264 1,059 834
e Rural Areas : — - -
8 Small town low commuting Rural 343 3,442 24 19 34 53 43
10 Rural Rural 3.022 2772 g & 19 48 &7
10.1 Secondary flow to a Lis Rural 105 3,213 B 5 24 B5 &1
10.2 - Secondary flow to a large UC | Rural - 110 - 2,788 5 4 14 40 39
10.3 Secondary flow to a small UC Rural 20 2,706 & 4 12 41 37

Figure 1. RUCA Code distribution of Census tracts by Urban, Suburban, Rural classifications

Rural, Suburban, Urban Classification for Small Area Analysis. September 2021. DOI:10.13140/RG.2.2.25148.16009
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Defining Need:

SDOH Area
Clusters

Social Determinants of
Health (SDOH) drive health
outcomes, and exist as
Intersecting community
context at various scales.

Using a Spatial & Social
Science Data-Driven
Approach, we identified
distinct indices & 7 clusters
characterizing SDOH,
moving beyond SES
measures alone.

(b) US Typalogy (T, |: magnitude < 1, I, ¥ magnitude > 1)

Rural Vibrant Suburban Extreme Multilingual Suburban | Sparse
Affordable Urban Affordable Poverty Working Affluent Area
Core
PC1
Socioeconomic
Advantage T ‘L T l'l' ‘Ll' ﬂ ﬂ
PC2
Mobility-Related
Isolaton ~|' ‘L n U f T U
PC3
Urban
PC4
Mixed Cohesion &
Accessibility l T T ﬂ U’ T U-

Kolak M, Bhatt J, Park YH, Padrén NA, Molefe A. Quantification of Neighborhood-Level Social Determinants of Health in the
Continental United States. JAMA Netw Open. 2020;3(1):€1919928. doi:10.1001/jamanetworkopen.2019.19928




Defining Need:
SDOH Area E—
Chl SteI'S — Poverty

Income Unemployment ™~

" Crowded housing Health N
/x insurance
SDOH were mapped onto /e
different spheres of the ,
socioecological model of , Ecticaion
health adapted from [ Hentare - Aged 265 years  Single parent
Bronfenbrenner. Indices | Novehicle < Agedsl8years  |imited English Miriority
persisted across different '.. S o,
intersections & layers. Disability .
\, \\ - e Individual ot / /

Blue = socioeconomic advantage AN NS il
Purple = limited mobility, e N
Red = urban core opportunity E rep g
Yellow = mixed immigrant s Organizational

cohesion and accessibility. e "
Community

Kolak M, Bhatt J, Park YH, Padrén NA, Molefe A. Quantification of Neighborhood-Level Social Determinants of Health in the
Continental United States. JAMA Netw Open. 2020;3(1):€1919928. doi:10.1001/jamanetworkopen.2019.19928
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Correlation Analyses & Summary Statistics

e \We created correlation matrices using Spearman rank correlation to examine
the relationship between overall spatial accessibility measurements to each
treatment type, for all census tracts and within each urban-rural category.

e To further understand the spatial accessibility within a specific type and
rurality, we additionally created box plots and mapped spatial access.

e Summary statistics of covariate data and access metrics included:

o Breakdown by mode of transit

o Stratified by urbanicity measures

o Stratified by SDOH Cluster measures

o Across multiple access metric calculations

o Across SDOH indices, socioeconomic, and racial/ethnic measures




Internal Consistency Analyses

For measuring the internal consistency among measurements, we computed
standard deviations among various spatial access on each treatment type:

) First, we computed the standard deviations within each accessibility
Mmeasurement to standardize values among different measurements.

2)  Then, we computed values of standard deviations within the same census
tracts among different measurements.

From the analysis, census tracts having high internal consistency show low variance;
on the other hand, ones of low consistency show high variance.




Results

Figures, Tables & Maps







Metrics of Buprenorphine Spatial Availability

BupMnDs -
I Lower outlier (0) [=inf : -4.730
[T < 25%(17913) [-4.730 : 0.790]
| 25% - 50% (18317) [0.790 : 1.690]
| 50% - 75% (18191) [1.690 : 4.470]
[T > 75% (8745) [4.470 : 9.990]

I Upper outlier (9372) [9.990 : inf]

BpCnD30
Il Lover outlier (7603) [-2646 : -600.500
I <25%(10496) [-600.500 : -248]
|| 25% - 50% (18028) [-248 : -77]

| 508 — 75% (18690) [-77 : -13]
B > 75% (17721) [-13 : 339.500]
Il Upoer outlier (0) [339.500 - inf]

Euclidean distance

I Lower outlier (0) [=inf : ~15.135] } ‘
I < 25% (0) [-15.135: 0] g
|| 25% - 50% (36244) [0:4.690]

| 50% - 75% (18160) [4.690 : 10.090]
[T > 75% (11718) [10.090 : 25.225]
I Upoer outlier (6416) [25.225 : inf]

Bp2sf30
Il Lower outlier (3224) [-1: -0.002]
[ <25%(14910) [-0.002 : -0.001]
|| 25% - 50% (18135) [-0.001 : -0.000]
[ 50% - 75% (18135) [-0.000 : -0000]
[ > 75% (18134) [-0.000 : 0.001]

- Upper outlier (0) [0.001 - inf]

Driving time

. Rl
g L "]
BupTmDr o -. k F

Kolak, Morioka & Lin, in prep.

Categorical dr tm

BupCtDr
I Lower outlier (412) [0: 1]
I < 25%(0) [1:1]

[ ] 25% - 50% (0) [1:1]

| 50% - 75% (59567) [1:1]
> 75% ) [1:1]

I Upper outlier (12559) [1 : inf]

BupRm30
Il Lower outlier (1) [-33235 : -0834] "7
I <25% (18133) [-0:834 :0976]

[ | 25% - 50% (18135) [0976 :1477]

|| 50% - 75% (18135) [1477 :2.183]

I > 75% (15690) [2.183 : 3.994]

Il Uorsr outlier (2444) (3994 :inf]



Buprenorphine

BupTmDr
BupCatDr
BupCntDr30
BupDens
BupFca30
BupMinDis Buprcacd
BupFca%0
BupTmDr Bup2sfca30
BupCatDr pupssicaed
BupZ2sfca90
BupCntDr30 BupE2sfca30
BupE2sfcat0
BUDDEHS BupE2sfcad0
BupFca30 BupRaam30
BupRaam6G0
BupFcat0 BupRaam90
BupkFcadi
0 02 04 06 08 1
Bup2sfca30
BupZsfcati
BupMinDis BupMinDis
BupZsfcaZ0 BupTmDr BupTmDr
BUDEESfCEiSD BupCatDr BupCatDr
BupCntDr30 BupCntDr30
BupE2sicatl BupDens BupDens
BUDEESfCEiQD BupFca30 BupFca30
BupFca60 BupFca60
BupRaam30 BupFcado BupFca90
BupZ2sfca30 Bup2sfca30
BupRaamG0 0.88 0.9 0.86 0.84 0.87 0.83 0.83 0.9 0.89 097 1
Bup2sfca60 BupZ2sfcag0
BupRaam90 Bup2sfcag0 Bup2sfcag0
BupE2sfca30 [N BupE2sfca30
BupE2sfcag0 BupE2sfcat0
I I BupE2sfcad0 BupE2sfcagn
0 0.2 0.4 0.6 0.8 ! BupRaam30 BupRaam30
BupRaam60 BupRaam6G0
BupRaam90 BupRaam90




Methadone

MetTmDr U r b a n
MetCatDr
MetCntDr30
MetDens
MetFca30

MetFca60

MetMinDis

MetFca90

MetTmDr Met2sfca30

ME‘tCﬂth Met2sfcab0

Met2sfca90

MetCntDr30 MetE2sfca30
MetE2sfca60
MetDens
MetE2sfca90
MetFca30 DIRER Gy SN A i £ Me‘Raa"‘?’O

MetRaam60

MetFca60 MetRaam90
MetFca90 , T
0 02 04 06 08 1

Met2sfca30

Met2sfcaBi

MetMinDis

Met2sfcag0 Suburban

MetTmDr

MetCatDr

MetE2sfca30

MetCntDr30 MetCntDr30

MetE2sfcatl

MetDens MetDens

MetFca30

MetE2sfca90

MetFca60

MetRaam30

MetFca90

MetRaam60 Met2sfca30

Met2sfca60
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MetRaam90
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MetE2sfca90 MetE2sfca%0 LE:ERR-F W]

MetRaam30 MetRaam30 [R:I R lOE: ]
MetRaamB0 MetRaam60 [id:Xilg: N4
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Naltrexone

NalTmDr
NalCatDr
0
_\;5 MalCntDr3|
NalDens
NalFca30
NalMinDis NalFcadd
NalFcag0
NalTmDr (X5 .| Nal2sfca30
Mal2sfcaB0
NalCatDr [ sl i B
Nal2sfca90
NalCntDr30 [ BR300 | NalE2sfca30
NalE2sfca60
NalDens [uirg RGNk
NalE2sfcad0
MNalFca30 NalRaam30
NalRaamé&0
NalFEaﬁD NalRaam90
MNalFca90 0.69 0.9
0 02 04 06 08 1
Mal2sfca30 093 0.7 064 1
Mal2sfcaB0
MalMinDis NalMinDis
Nal2sfca90 NalTmDr NalTmDr
NalE2sfca30 [GERIGIGE Nalzatr Nalcatbr
NalCntDr30 NalCntDr30
MNalE2sfca60 NalDens NalDens
NalFca30 NalFca30
MalE2sfcag90
NalFca60 NalFca60
NalRaam30 m NalFcag0 NalFcag0
Nal2sfca30 \:1eeale: R 0.77 0.85 0.87 0.94 0.94 0.99 0.59. 1
MalRaam6G0
Nal2sfca60 (NE1z(e:G0.69 0.74 0.73 0.6 0.6 0.63 0.93 0.73 0.63 1
MalRaamo0 Nal2sfca90 0_56. 0.6 0.83 09 057 083 1 Nal2sfcag0
\Ell=is{w: IV 0.83 0.9 0.88 0.75 0.75 0.89 0.59.0.96 0.64 0.56 1 NalE2sfca30
NalE2sfcaG0 NalE2sfcaB0
NalE2sfca90 NalE2sfcad0
0 0.2 0.4 0.6 0.8 1 NalRaam30 NalRaam30
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NalRaam90 NalRaam90




Nearest resource - Euclidean distance (miles)
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Nearest resource - Network distance, driving

(minutes)

BupTmDr-
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RAAM 60mins
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SDOH Metrics Table, By Rurality

Overall Rural
Variable N = 69,602 N = 8,197
ComWIkP 1.2 (0.3, 3.1) 1.7 (0.6, 3.4)
ComPubP 1(0, 5) 0 (0, 0)
NoVHHP 5(2, 1) 5(3, 8)

SocEcAdvin 0.58 (-1.30,1.78)  0.81(-0.12, 1.55)
LimMobind  0.07 (-0.82, 0.92) -0.76 (-1.43, -0.14)
UrbCorelnd -0.21 (-0.80, 0.56) -0.80 (-1.15, -0.42)

Micalnd 0.04 (-0.54, 0.62) -0.45 (-0.89, -0.07)

BlackP 5 (1, 16) 1(0, 5)
HispP.y 8 (3, 21) 2 (1, 6)
WhitePy 81 (60, 92) 94 (84, 97)

" Median (Q1, Q3)

% Kruskal-Wallis rank sum test

Suburban
N =10,284'

1.1 (0.3, 2.6)
0(0,1)
4 (2, 8)

0.92 (-0.24, 1.80)

-0.29 (-1.02, 0.40)

-0.15 (-0.60, 0.28)

2 (0, 8)
4 (1,10)

91 (80, 96)

Urban
N =51121

1.2 (0.3, 3.2)
2 (0, 7)
6 (2, 13)
0.39 (-1.89, 1.83)

0.32 (-0.58, 1.14)

-0.67 (-1.04, -0.25) 0.06 (-0.58, 0.84)

0.20 (-0.41, 0.77)
6 (2, 19)
10 (4, 26)

75 (53, 88)

p-valu92
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

<0.001




SDOH Metrics Table, By SDOH Cluster

Overall

Characteristic N = ?1,828T

ComWIkP

ComPubP

NoVHHP

SocEcAdvin

LimMoblInd

UrbCorelnd

Micalnd

BlackP

HispP.y

WhiteP.y

1.2 (0.3, 3.1)

1(0, 5)
5 (2, 11)

0.60 (-1.28,
1.78)

0.06 (-0.82,
0.92)

-0.23 (-0.80,
0.54)

0.03 (-0.55,
0.60)

4 (1, 16)
7 (3, 21)

81 (60, 92)

1
N = 19,508’

1.1(0.2, 2.6)

0 (0, 1)
5 (3, 9)

0.51 (-0.39,
1.26)

-0.73 (-1.26,
-0.28)

-0.74 (-1.09,
-0.37)

-0.37 (-0.73,
-0.02)

3 (1,12)
4 (1, 1)

89 (76, 96)

2
N=17778

1.2 (0.4, 2.6)

2 (0, 6)
4(2,7)

2.06 (1.27,
2.63)

0.36 (-0.11,
0.84)

0.42 (-0.01,
0.91)

0.06 (-0.28,
0.41)

2(1,7)
5(3,12)
87 (76, 93)

3
N = 14,012

0.6 (0.0, 1.6)

1(0, 2)
3 (1, 5)

0.86 (-0.31,
1.77)

1.13 (0.65,
1.67)

-0.64 (-1.00,
-0.26)

0.55 (0.19,
0.91)

5 (1, 15)
1 (4, 23)

79 (63, 90)

4
N = 6,897’

2.5 (0.7, 5.5)

5(1,14)
20 (13, 30)

-3.12 (-4.34,
-2.06)

-1.21 (-2.04,
-0.46)

-0.41 (-1.03,
0.30)

1.35 (0.86,
2.04)

54 (21, 83)
7 (2,19)

31 (10, 60)

5 )
N = 6,335

1.5 (0.5, 3.3)

3 (1, 8)
8 (4,14)

-3.99 (-5.50,
-2.68)

1.63 (0.95,
2.32)

0.09 (-0.58,
0.83)

-1.49 (-2.25,
-0.88)

4 (1,13)
66 (47, 83)
59 (41, 77)

6
N = 4,618’

7.2 (3.4,
14.8)

24 (6, 50)
26 (13, 47)

-0.76 (-2.34,
0.77)

-0.22 (-0.95,
0.45)

2.60 (1.98,
3.52)

0.73 (0.08,
1.34)

9 (3, 24)
13 (7, 27)

64 (42, 78)

7
N = 2,6801l

1.2 (0.0, 3.4)

0 (0, 2)
6 (3, 12)

1.70 (0.54,
2.80)

-2.52 (-3.44,
-1.86)

0.61 (-0.11,
1.34)

-1.61 (-2.20,
-1.16)

2 (0, 7)
5(2,12)

92 (82, 96)

p-
2
value

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001
<0.001
<0.001
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Discussion

Main Findings




Which Metric Was Best?

Which access metric proved to be the most distinct, and variable across places?

The RAAM Model (that takes into account congestion)

However, for resources that were scarce such as Methadone,
the RAAM metric was highly correlated with minimum distance in rural settings.

Minimum distance may be a reasonable approximation for Methadone,
depending on the region of study.

RAAM should be used in other settings to best account for population
& congestion factors




Discussion

e Large portions of the country were outside of 90 minutes to nearest
Methadone provider. Distance decay are important factors to consider...

o« Consistency between measurements was spatially heterogeneous

o Resources generally had less consistency in suburban and rural areas
overall.

o How population is accounted for, or not, can generate great
Inconsistency across all types of resource measurement.




Discussion

o Availability for some medications in tracts of extreme poverty were similar to
tracts of suburban affluence, despite greater need, less access to a variety of
reliant transit modes, and higher population & density of residents.

e Measures of greater MOUD access in city tracts from prior research may
overestimate actual access due to higher population numbers within cities, as
well as greater transit times spent walking or using public transportation

e Vulnerable census tracts by SDOH Cluster with fewer resources also included:

o Sparse areas (mainly rural settings)
o Rural affordable areas




Discussion

e Translating RAAM metric scores to plain language remains a challenge

o Recommend including multiple metrics (e.g. travel time, minimum
distance) to facilitate greater clarity

e Accessing RAAM algorithms & computing environments is challenging.

o Developing computational notebook to calculate RAAM with python in
the cloud using Google Colab, which may be scaled at 30-min resolution.

o For greater computational needs, generating detailed instructions for
computing frameworks needed for calculation
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Racial Inequities in Overdose

* Fatal drug overdoses increased
drastically for Black, American
Indian & Hispanic people in U.S.
since mid- 2010s

* Increasing disparities concurrent
with proliferation of illicitly-
manufactured fentanyl

 Prevention & treatment efforts

are not equally benefitting
minoritized racial/ethnic groups

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry

U.S. drug overdose death rate per 100,000 people, by race and
ethnicity (age-adjusted)

MEN WOMEN
54.1

52.1

32.0

American Indian 25.8
or Alaska Native

Black 17.3 168 /_/ e
7.7

| T T T T 1
15 20 15 '20
Pew Research Center, 2022 (based on CDC WONDER data)
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Opioid Overdose Deaths Fell Across Most Demographics in the
Second Half of 2023, but the Magnitude of that Change Was
Uneven Across Demographic Groups

Percent change in the number of opioid overdose deaths in Jul-Dec 2023 vs. Jul
to Dec 2022

White

Black

Hispanic

Asian or Pacific Islander

AIAN 2%

Source: KFF analysis of CDC WONDER Multiple Cause of Death Cause of Death File, Final 2022

and Provisional 2023 KFF RaCial

NATIONAL DRUG OVERDOSE DEATH RATES

SINCE 2020, BY RACE Inequities in

8 10

%: Overdose
Ean

%ln

e

Source: CDC WONDER, 2024




Racial Inequities in Overdose
vital Signs

Drug Overdose Deaths Rise, Disparities Widen
Differences Grew by Race, Ethnicity, and Other Factors

Updated July 19, 2022 | Print

In counties with more income
2 X causity. overdose geah raes for Age-adjusted rates of drug overdose deaths by race/ethnicity and income inequality ratio

Black people were more than two

times as high as in counties with 50
less income inequality in 2020.
& .
S 40 - Bl Highest
S o @ Middle
E ] [ Lowest
a 30-
v
= 25+
o
< 20+
E 15 -
;'3 10 =
& 5+
; T
A/PI Al/AN Black White Hispanic

Race/Ethnicity
Kariisa M, Davis NL, Kumar S, et al. Vital Signs: Drug Overdose
Deaths, by Selected Sociodemographic and Social Determinants of
Health Characteristics — 25 States and the District of Columbia,

o . . . . 2019-2020. MMWR Morb Mortal Wkly Rep 2022;71:940-947
Division of Addiction Science, Prevention & Treatment—Department of Psychiatry orb Worta yrep
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Racial Inequities in Overdose
vital Signs

Drug Overdose Deaths Rise, Disparities Widen
Differences Grew by Race, Ethnicity, and Other Factors

Updated July 19, 2022 | Print

In counties with more income
2 X causity. overdose geah raes for Age-adjusted rates of drug overdose deaths by race/ethnicity and income inequality ratio

Black people were more than two

times as high as in counties with 50
less income inequality in 2020.
g - .
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Kariisa M, Davis NL, Kumar S, et al. Vital Signs: Drug Overdose
Deaths, by Selected Sociodemographic and Social Determinants of
Health Characteristics — 25 States and the District of Columbia,

o . . . . 2019-2020. MMWR Morb Mortal Wkly Rep 2022;71:940-947
Division of Addiction Science, Prevention & Treatment—Department of Psychiatry orb Worta yrep
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Racial Inequities in Overdose

Age-adjusted rate of overdose among Black individuals in the US, 2022

11-20 | EEE B 4164 B ss 12

Source: KFF State Health Facts

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry 167



Racial Inequities in Overdose

Age-adjusted rate of overdose among Black individuals in the US, 2022

11-20 | EEE B 4164 B ss 12

Source: KFF State Health Facts

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry 168



Racial Inequities in Overdose

* Missouri’s high Black fatal

. All Drug Overdose Mortality Rates by Gender and Race
overdose driven by deaths among
Black men in St. Louis metro

100
e Opioid-involved deaths increased

388% from 2015-2021 among St.
Louis Black residents; 48% among

U
o

Rate (per 100k)

Whites J -
* In 2023 St. Louis metro accounted ’
2018 2019 2020 2021 2022 2023
for 45% Of tOtaI MO Overdoses bUt B slack Female Bl Black Male White Female White Male
75% of Black MO overdoses.

Source: Missouri Department of Health & Senior Services

health.mo.gov/data/opioids
Division of Addiction Science, Prevention & Treatment—Department of Psychiatry
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A) The concentration of African American populatien
Parcent African American population by ZIP coda

B - 5% lLowest
B 6 —4a% Middie)
B 5% - 97% (Highest)

Mo data

\
5t Louis
City

J'II

5t. Lowis County

Ci Heart dizaase death rates
Heartdizease death rates per 100,000 for all residents by ZIP code

I 10:- 196 (Lowest
B 197 - 270 (Middle|
. 271 - 354 {Highest)

Mo data

B} The comcentration of poverty
Parcent of all residents living in poverty by ZIP coda

B 3% (Lowestl
B o 18% (Middie)
9% - 54% (Highest)

No data

0] Cancer death rates
Cancer death rates per 100,000 for all residents by ZIP coda

B 28 1700Lowest]
B 17122 {Middie)
B 213-353 (Highest)

Mo data

Social
Determinants

of Health
Overdose

Environmental exposures
drive racial inequities.

Goodman & Gilbert, 2013, For the Sake of All
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Black, White, SOClal
Pre-fentanyl (‘11-'15) Pre-fentanyl (‘11-'15)

Determinants
of Health
Overdose

Fatal Overdose, St. Louis City &
County, by race & period
C [

'b‘
Black, White,

Post-fentanyl (‘16-'21) Post-fentanyl (‘16-'21) Banks et al., 2023, Journal of Urban Health 171

P,

In fentanyl era of OD crisis,
environmental exposures
more prominent.

7




Social Determinants of Health Overdose

Treatment
Overdose Deaths among Black
- Resource Desert
Individuals 2019-2020
: Pelican Island st
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Division of Addiction Science, Prevention & Treatment—Department of Psychiatry

172



Contents lists available at ScienceDirect

Social Science & Medicine
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Geographic information science and the United States opioid overdose
crisis: A scoping review of methods, scales, and application areas

Jeffery Sauer , Kathleen Stewart

Department of Geographical Sciences, University of Maryland at College Pork, 4600 River Road, Suite 300, Riverdale, MD, 20737, USA

ARTICLE INFO ABSTRACT

Keywords: Background: The Opicid Overdose Crisis (OOC) continues to generate morbidity and mortality in the United
Opioid crisis States, outpacing other prominent accident-related reasons. Multiple disciplines have applied geographic in-
United State

formation science (GIScience) to understand geographical patterns in opicid-related health measures. However,
there are limited reviews that assess how GIScience has been used.

Geographic information systems (GIS) ﬂtgierftfwsr 11115 sc?ping :revie“i inm_zst?gate? l'l_Dw Gl_SL‘iEIlCE has been .used to conduct res_eard'L on the QOC.
Spatial analysis Specific sub-objectives involve identifying bibliometric trends, the location and scale of studies, the frequency of
Bibliometrics use of various GIScience methodologies, and what direction future research can take to address existing gaps.
Methods: The review was pre-registered with the Open Science Framework ((https://osf.io/h3mfx/) and followed
the PRISMA-ScR guidelines. Scholarly research was gathered from the Web of Science Core Collection, PubMed,
IEEE Xplore, ACM Digital Library. Inclusion criteria was defined as having a publication date between January
1999 and August 2021, using GIScience as a central part of the research, and investigating an opioid-related
health measure.

Results: 231 studies met the inclusion criteria. Most studies were published from 2017 onward. While many
(41.6%) of studies were conducted using nationwide data, the majority (58.4%) occurred at the sub-national
level. California, New York, Ohio, and Appalachia were most frequently studied, while the Midwest, north
Rocky Mountains, Alaska, and Hawaii lacked studies. The most common GlScience methodology used was
descriptive mapping, and county-level data was the most common unit of analysis across methodologies.
Conclusions: Future research of GlScience on the O0C can address gaps by developing use cases for machine
learning, conducting analyses at the sub-county level, and applying GIScience to questions involving illicit
fentanyl. Research using GlScience is expected to continue to increase, and multidisciplinary research efforts
amongst GIScientists, epidemiologists, and other medical professionals can improve the rigor of research.

Scoping review
Geographic information science (GIScienoe)




Community-based Intervention to Mitigate Social
Determinants of Overdose

 Grassroots/community orgs dispatch lay
health workers to underserved communities

to address social determinants & F

e Outreach improves trust & access to
treatment, resources & OD prevention services

 Limited by reliance on convenience
or arbitrary methods (e.g., word
of mouth, funding, agency policy, stigma)

« Can data-driven outreach using
GIS improve service impact &
inform intervention?

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry S " .



Benefits & Challenges of GIS to Guide Black
Overdose Prevention

e Stakeholder focus group (n=8)

leveragec
orgs conc

ucting outreach in Black

neighbor

* Represen

noods in North St. Louis

ted orgs ranged from

grassroots nonprofits to large
service/treatment agencies

* All partici

pants had operational or

supervisory role in substance use or

harm red

Division of Addiction Science,

uction programming

Prevention & Treatment—Department of Psychiatry

community partnerships with

PN

Banks DE, Paschke M, Ghonasgi R, Thompson VL. Benefits and
challenges of geographic information systems (GIS) for data-
driven outreach in black communities experiencing overdose
disparities: results of a stakeholder focus group. BMC Public
Health. 2024 Aug 5;24(1):2103
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Benefits & Challenges of GIS to Guide Black
Overdose Prevention

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry Banks et al., 2024, BMC Public Health




Benefits & Challenges of GIS to Guide Black
Overdose Prevention

Importance of Considering
Broader Community Context

Data Manipulation & Validity
Concerns

Potential for Awareness,
Engagement & Community
Collaboration

Ensuring Data Relevance to the
Affected Community

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry Banks et al., 2024, BMC Public Health 177



Benefits & Challenges of GIS to Guide Black

Overdose Prevention

Importance of Considering
Broader Community Context

Data Manipulation & Validity
Concerns

Potential for Awareness,
Engagement & Community
Collaboration

Ensuring Data Relevance to the
Affected Community

In our community, it's not just drugs, it’s not
just bullets. From the day you're born, you are
faced with racism and that manifestsin so
many things. It's a struggle, honestlyisa
struggle to be Black in America.

When we talk about resources, what kind of
resources?...Well it was just explained that
this a deeper problem than substance use.
This is a neighborhood problem where we
just have a lack of employment. Education is
poor. It's 40 kids to one teacher.

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry Banks et al., 2024, BMC Public Health
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Benefits & Challenges of GIS to Guide Black

Overdose Prevention

Importance of Considering
Broader Community Context

Data Manipulation & Validity
Concerns

Potential for Awareness,
Engagement & Community
Collaboration

Ensuring Data Relevance to the
Affected Community

| lived for 30 years in the central corridor in the 17th
ward...once [a local university] wanted our
neighborhood, it was over with. We had really high
rates of everything you can think of. And the

population was 70:30, 70 African American, 30 White.

Now it's flipped. And what happened was [the
university] wrote a bunch of grants showing that the

demographics needed this moneyl(, then] used that
money to wipe that demographic out.

So, how we capture datais... I've seen how it
comes really from a certain stream. It's really
cleansed and it’s not the real data that we see
on the streets.

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry Banks et al., 2024, BMC Public Health
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Benefits & Challenges of GIS to Guide Black

Overdose Prevention

Importance of Considering
Broader Community Context

Data Manipulation & Validity
Concerns

Potential for Awareness,
Engagement & Community
Collaboration

Ensuring Data Relevance to the
Affected Community

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry

“It’s helpful in the sense that | can go now, myself, and
seeif [the data are] true. So, | don't just take it at its
facevalue, I go now to experience it for myself...The
numbers showed us that these were the places that we

needed to be for alot of reasons. But | don’t just take a
map at face value like, “Okay, that's the way it is, let’s
go see parts of it,” but let me check that, check that
skepticism, take that and go learn from there.”

Banks et al., 2024, BMC Public Health
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Benefits & Challenges of GIS to Guide Black
Overdose Prevention

Importance of Considering There's situati h lup | 4 they’
Broader Community Context ere's situations where we pull up ina place and they're

like, “we don’t want you here.” Well okay, but let me show
you why I'm here. | can use that map to show there’s a
reason why. “l came because look at these numbers right

Data Manipulation & Validity

here”... Now | can get the whole communityinvolved,ina
Concerns

way that | couldn’t before ... because the communities we
go toright now don’t acknowledge that there’s an
Potential for Awareness, [overdose] issue in their community.
Engagement & Community
Collaboration

With the mapping... [local government could] utilize the

community organizations within those zip codes to be at

Ensuring Data Relevance to the the table to resolve problems in that zip code versus making
Affected Community their own plan... bring those people to the table, because

those are the people that see and know that community.

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry Banks et al., 2024, BMC Public Health 181



Benefits & Challenges of GIS to Guide Black

Overdose Prevention

Importance of Considering
Broader Community Context

Data Manipulation & Validity
Concerns

Potential for Awareness,
Engagement & Community
Collaboration

Ensuring Data Relevance to
the Affected Community

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry

The last big map | saw was the high rates of STDs and it
had every zip code, and it broke down all this stuff. Yet,
you didn't put a STD clinicin the highest area that had
these numbers. But then big people got grants to give
instant HIV tests and all this stuff. But...for my peoplein
the community, they don’t go to that place. So...the maps
can do whatever you want them to do, but they usually do
things specific for people to get resources other thanin
the community.

Maps without a story is meaningless to the
community. Are we taking the maps back to the
community? Get them in touch with what's
happening in their community? Telling them that
we need their buy-in to come to their community?

Banks et al., 2024, BMC Public Health
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We've got to recognize that [bad actors are] an inherent
riskandroll withit, but there’s also so many benefits.
We've all talked about all the different ways we can use

this [mapping tool] and we've got to think about those
more than we think about the harmful.




Awareness &
Data Validity Engagement
Potential

Community
Relevance
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Drug Involved Death Dashboard

St. Louis City & County

Pie charts and graphs are interactive and serve as selectors.

*Data is updated quarterly as allowed by regional medical examiner timelines. As data is received, we will do our

best to update in a timely manner. Latest Update: March 2023
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Awareness &
Data Validity | Engagement
Potential

e
MAPPING OVERDOSE FOTQ
SAINT LOUIS TRANSFORMAT

Community
Relevance

K08 DA058080; PI: Banks



Project MOST

Community consultants (n=7) brainstorm, then rank
social determinants of health variables contributing to
Black overdose in analytic hierarchy process toward a
community-derived geospatial index

STAGES OF PARTICIPATORY GIS

Convening Deliberation

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry Haklay & Francis, 2018; Cromley & MclLafferty, 2012 g3



Project MOST

Community consultants (n=7) brainstorm, then rank
social determinants of health variables contributing to
Black overdose in analytic hierarchy process toward a
community-derived geospatial index

Healthfulness Index (100 pts)

Category A @ Category B @ Category C @
I PCS I PtS I PtS

3
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Social Determinant of Health Literature Review Consultants

Income X X
Education X K
Employment X X**
GGG B Housing quality & stability X b
Deprivation Internet & technology access X A*r
Vehicle ownership X K
Physical neighborhood deprivation X X
Redistricting & district funding X
Substance use treatment X Xe*
Harm reduction & naloxone access X A
ol TR R B Healtheare access X A*e
& Healthcare Mental/behavioral health X - Gl
Access Availability of opioids, tobacco, alcohol X X
Health insurance X Xe*
Physical health & disability X
Parks, libraries & public land X i
Vacant and foreclosed buildings/land X X
Places of worship X X
Grocery stores & restaurants X X*=
GG T T Hotels & single room occupancies X X
Convenience / “mom & pop" stores X
Bus stops X
Police stations X
Auto shops X
Crime & safety X Xw*
Criminal-Legal Arrests & pnlicej activity X X**
Activity & [}rug-relatgd rmds,._n"busts X X
kvohemant anar'cer'annn j’: prison release X X
Law & order” policies X
Police conduct X
Age of population X X
Community Racial segregation & racial makeup X
G LT S Urbanicity X
1A EUETT O Divorce, widowed, single-parent families X

Foster care & family separation X
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Community-informed vs. Traditional GIS Index

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry

Box. Census Variables in the Area Deprivation

Index
Domain Variable
Education % Population aged 25 vears or older with less than 9 years of

education

% Population aged 25 vears or older with at least a high school
diploma

% Employed population aged 16 years or older in white-collar
occupations

Income/employment

Median family income in US dollars

Income disparity

% Families below federal poverty level

% Population below 150% of federal poverty level

% Civilian labor force population aged 16 vears and older who are

unemployed

Housing

Median home value in U5 dollars

Median gross rent in US dollars

Median monthly mortgage in US dollars

%% Owner-occupied housing units

% Occupied housing units without complete plumbing

Household
characteristics

% Single-parent households with children younger than 18

%% Households without a motor vehicle

% Housesholds without a telephone

% Households with more than 1 person per room

Maroko AR, Doan TM, Arno PS, Hubel M, Yi S, Viola D.
Integrating social determinants of health with treatment
and prevention. A new tool to assess local area
deprivation. Prev Chronic Dis 2016;13:160221
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Community-informed vs. Traditional GIS Index

Project MOST Box. Census Variables in the Area Deprivation
. Index
Index Domains
Domain Variable
Tra Lile & Mental Hea |th Education % Population aged 25 vears or older with less than 9 years of

education

% Population aged 25 vears or older with at least a high school

Income & Housing diploma

% Employed population aged 16 years or older in white-collar
occupations

Drug & AICOhOI Access Income/employment Median family income in US dollars

Income disparity

% Families below federal poverty level

Education & Youth Support

% Population below 150% of federal poverty level

% Civilian labor force population aged 16 vears and older who are
unemployed

Treatment & Healthcare Access

Housing Median home value in U5 dollars

Median gross rent in US dollars

FOOd |nSECUFIty & ACCGSS Median monthly mortgage in US dollars

%% Owner-occupied housing units

% Occupied housing units without complete plumbing

Ineq urta ble POIiCleS Household % Single-parent households with children younger than 18

characteristics ] !
%% Households without a motor vehicle

% Housesholds without a telephone

% Households with more than 1 person per room

Maroko AR, Doan TM, Arno PS, Hubel M, Yi S, Viola D.
Integrating social determinants of health with treatment

and prevention. A new tool to assess local area

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry deprivation. Prev Chronic Dis 2016;13:160221 194



Summary

* GIS has several potential benefits for improving services in Black
communities overburdened by overdose crisis but under-resourced

— Informing location-based service targets

— Improving awareness and reducing stigma

— Facilitating collaboration, advocacy & resource allocation

* Despite benefits, challenges and skepticism remain due to inequities in

data validity and use

e Community-engaged geos
mitigate challenges, and il
to advance the science of

natial science may enhance potential benefits,
uminate new social determinants of overdose

nealth equity

Division of Addiction Science, Prevention & Treatment—Department of Psychiatry
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Using Geo-located Social Media
to Track the Opioid Epidemic

Johannes Eichstaedt & Russ Altman
(on behalf of Stanford Research team)



Outline

e Data sources overview
* Language estimation

* Twitter results
* Kentucky RADOR-KY collaboration

e Reddit results
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Social media data sources

X (Twitter)

Broadcasting
short posts

transcripts

Posts,
comments

twitter.com

Platform Platform focus | Textdata | Platform URL Drug Has Has Previously Geolocation | Example of
Name available discussion not | API? | research researched for available? geolocation inference
restricted? portal? opioid strategy
pharmacovigilance?

Facebook Personal Posts, facebook.com X 7 X W4 v Consensus of friend
profiles and comments, locations
friend activity | captions

Instagram | Sharing photos | Captions, | instagram.com | J X W4 s Consensus of friend
and videos comments locations

LinkedIn Professional Posts, linkedin.com X s X X s Location-specific
networking comments company

TikTok Sharing short | Captions, | tiktok.com X s X X s Location-specific
videos comments, hashtags

Self-described
location of user

Reddit

Community
networks and
discussion

Posts,
comments,
captions

reddit.com

Location-specific
subreddits

JOHANNES EICHSTAEDT, PH.D.

Carpenter et al., 2024, Preprint
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Outline

* Data sources overview
* Language estimation methods

e Twitter results
* Kentucky RADOR-KY collaboration

e Reddit results



How to measure opioid use from language use?

e Keywords
e Extended through LLMs and embeddings
 Seems to work on Reddit, not on Twitter

* General markers of psychological distress (whole vocabulary)
 Works well on Twitter, TBD on Reddit



Outline

e Data sources overview
* Language estimation

* Twitter results
* Kentucky RADOR-KY collaboration

e Reddit results



Social media data sources

* Twitter/X

* Geolocation through Twitter profile location or GPS tags, total 8-10% of
the sample

e AP| access ended March 2023
* Reddit

* Geolocation through users posting in a location subreddit (e.g.,
R/LosAngeles)

* APl access ended, but up-to-date data still obtainable on open web

* TikTok

* We are exploring, but unclear.
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Twitter data geospatial data processing

fm'i“"'{ 4 P
lake aoﬂ Imml
tuilflik& Jhahahaha ~

grand....

g

v (-1 | ,
| H
Posts by 1. Filter and User- 2. Extract Linguistic 3. Depression and 4. Post-Stratification
County-Date level Aggregation Patterns Anxiety Scoring and Aggregation County-Week Scores

Fig. 1 | The Language Based Mental Health Assessment pipeline. Visual overview  passed through pretrained language-based mental health assessments to generate
of the language-based mental health assessments pipeline. County-mapped messages  user scores. These scores are then reweighted to better represent county demo-
are filtered to self-written posts, from which language features are extracted and graphics and are then aggregated to communities in time.

* Geolocation through profiles and GPS tags

* Language estimation through full-vocabulary language models

trained with supervised machine learning
Mangalik et al., 2024, npj digital medicing,



Twitter data geospatial density

Reliability per Spatiotemporal Unit
MSA (1) County (23) Township (155)

Year (2)
Quarter (3)
Month (8)
Week (36)
Day (252)

d)

Reliability (1

&
o°)

=
o

LBMHA

©
N

S
N

=
o

10 20 30 50 100 200300 500
Minimum User Threshold (UT)

Mangalik et al., 2024, npj digital medicing,




Longitudinal evaluation

Twitter Depression ,

Sadness HEE/NBPOIAE U -

0.30

0.25

m National Institute
of Mental Health
RO1 MH125702

JOHANNES EICHSTAEDT, PH.D.

March

Apnl

May

June July ALgust

Weeks - 2020

Mangalik, et al., 2024, Scientific Reports 209



Prediction of Opioid Mortality with Twitter

y Tweets ‘ Topic Relative

Extraction Frequencies

|

Ridge regression Language Prediction Model

!

Opioid Mortality

IIIIIII

counties

JOHANNES EICHSTAEDT, PH.D. Giorgi et al., 2023 210



Predicting opioid mortality

y Twitter Alone -

All non-language -

Subjective |
Well-being

Access to |
Health Care

Depression A
Pain 4

Socio-demographics

; i i i ; ; " 062 counties;
00 01 02 03 04 05 06 07 038 Cross-sectional
Out of Sample Prediction Accuracy (Pearson r) 10-fold cross-validation

JOHANNES EICHSTAEDT, PH.D. Giorgi et al., 2023, Scientific Reports 211



Collaboration with Kentucky RADOR-KY

* Kentucky opioid mortality tracking system based on many data feeds
* EMS, hospitals...

* Adding social media to test incremental predictive value



2020 Twitter data for Kentucky RADOR-KY

Top 10 counties by n_users

county name n_users avg users avg n_lexwords avg dep_score avg_anx_score

Jefferson 447998 4307.67 364594.29
Fayette 96756 930.35 54504.52
Warren 26316 253.04 11749.9
Madison 15282 146.94 7098.83
Kenton 14048 135.08 7768.04
Daviess 12068 116.04 5576.46
Boone 11802 113.48 6113.44
Hardin 10732 103.19 6066.46
Campbell 9850 94.71 4316.6

See all counties: Descriptives for KY on LBMHA

2.62
2.59
2.57
2.64
2.63

2.6
2.62
2.61
2.66

2.58
2.53
2.52
2.57
2.56
2.53
2.54
2.56
2.58

Mean Weekly Predictive Tweets per County (2020 Differenced)

35000 -

30000 A

25000 A

N
(=]
o
(=]
o

15000 -

Mean Predictive Tweets

10000 -

5000 A

Tjefferson

Fayette
arren

County

Mean Users per County (2020 Differenced)

4000 -

3000 A

2000 A

Mean Number of Users

1000 ~

Tjefferson

Fayette
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https://docs.google.com/spreadsheets/d/1aHIw7PT2SLXY0L4oLCYnF1fp3pfP-zdBJF0XTPQfqWg/edit?usp=sharing

Kentucky tweets from 2021

Tweets in 2021

After English filtered

Tweets 7,127,150
Counties 117
Users 20,521

After removing duplicates
(county-level) and retweets

Tweets 5,758,726 Tweets 3,303,236
Counties 117 Counties 117
Users 20,245 Users 18,649
Users Counties / Tweets Counties / Users
min 1 min 8 min 1
mean 177 mean 28,233 mean 159
sd 317 sd 168,079 sd 845
median 40 median 3,134 median 20
max 2583 max 1,753,560 max 8723 2




Kentucky tweets from 2022

Tweets in 2022

After English filtered

Tweets 4,636,877
Counties 117
Users 14,046

Tweets 3,697,559
Counties 117
Users 13,791

After removing duplicates
(county-level) and retweets

Tweets 2,069,332
Counties 117
Users 12,535

_______________________________________________________________
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QOutline

. Data sources overview
. Language estimation
. Twitter results
- Kentucky RADOR-KY collaboration
. Reddit results
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Monitoring the opioid epidemic via social media discussions

Delaney A. Smith!™ Adam Lavertu??, Aadesh Salecha?, Tymor Hamamsy, Keith Humphreys>f, Mathew V.
Kiang, Russ B. Altman%¢ & Johannes C. Eichstaedt®"

! Biochemistry Department, Stanford University School of Medicine, Stanford, CA 94305, USA

2 Department of Biomedical Data Science, Stanford University, Stanford, CA 94305, USA

3 Department of Psychology, Stanford University, Stanford, CA 94305, USA

“Center for Data Science, New York University, New York, NY 10011, USA

SDepartment of Psychiatry and Behavioral Sciences, Stanford University, Stanford, CA 94305, USA
¢ Departments of Bioengineering and Genetics, Stanford University, Stanford, CA 94305, USA
"Epidemiology and Population Health, Stanford University, Stanford, CA 94305, USA

8 Veterans Affairs Health Care System, Palo Alto, CA, 94304

’Institute for Human-Centered Al, Stanford University, Stanford, CA 94305, USA

T These authors contributed equally to the work.

" Corresponding author: Johannes C. Eichstaedt, johannes.stanford@gmail.com

Abstract

Opioid-involved overdose deaths have risen significantly since 1999 with over 80,000 deaths annually since
2021, primarily driven by synthetic opioids, like fentanyl. Responding to the rapidly changing opioid crisis
requires reliable and timely information. One possible source of such data is the social media platforms with
billions of user-generated posts, a fraction of which are about drug use. We therefore assessed the utility of
Reddit data for surveillance of the opioid epidemic, covering prescription, heroin, and synthetic drugs (as of
September 2024, up-to-date Reddit data was still accessible on the open web). Specifically, we built a natural
language processing pipeline to identify opioid-related comments and created a cohort of 1,689,039 geo-located
Reddit users, each assigned to a state. We followed these users from 2010 through 2022, measured their opioid-
related posting activity over time, and compared this posting activity against CDC overdose and National
Forensic Laboratory Information System (NFLIS) drug report rates. To simulate the real-world prediction of
synthetic drug overdose rates, we added near real-time Reddit data to a model relying on CDC mortality data
with a typical 6-month reporting lag and found that Reddit data significantly improved prediction accuracy. We
observed drastic, largely unpredictable changes in both Reddit and overdose patterns during the COVID-19
pandemic. Reddit discussions covered a wide variety of drug types that are currently missed by official
reporting. This work suggests that social media can help identify and monitor known and emerging drug
epidemics and that this data is a public health “common good” to which researchers should continue to have
access.

Keywords applied to Reddit

Location through users
posting in location subreddits
(e.g., R/losAngeles)

z
-
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https://www.medrxiv.org/content/10.1101/2021.04.01.21254815v2.full.pdf

Using Reddit to monitor the opioid epidemic

Geo-located Reddit Users vs. State Population
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40,000 1

Monthly Comment Count

Opioid Comments Over Time by Drug

30,000+

20,000+

10,000

Heroin
Oxycodone

| Fentanyl
Hydrocodone

Mleth'adone
Codeine
¥ Tramadol

Smith et al., 2024, MedArXiv preprint
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B) Opioid Comments Over Time by Category
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Reddit rates vs. CDC mortality rates

Synthetic (fentanyl)
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Reddit vs.

National Forensic Laboratory Information System (NFLIS) drug report rates
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Testing the incremental predictive validity
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Los Angeles County Stats

* Population: 9.7 million (2023) S
* More than 40 individual U.S. states e ke Lot
* 4,083 sq miles

Palmdale

Littlerock

Acton

» 88 cities + unincorporated areas

* In recent years, U.S. county with 5 v
largest number of fatal overdoses

Thousand
(population-adjusted rate slightly '
lower than national average)

A"uge_-"f:’_-'}_‘.
National Forest

Ontari

Anaheim

Gooale

a



Motivating question: Where are harm
reduction service deserts in Los Angeles
County?



Big question #1. S | LT _
Where are harm Sl S M o TD

' 'qll
(]

reduction services? WERTTLS G U 0o S P T
f . SLN— | R S - - cwdeemey 00 |
. . 8 LI r_; | __ & oy .
L & e . i~

el i ,
' - s
el [ .

i ﬁ'

i YiUH . \': Wi [y,
= = , . l AHF _':;:Jeg;‘j
== B1ENESTAR .| .

[
| .

BENEg7




Survey of services (Spring-Summer 2023)

° ant do you Offer? Nasal spray Injectable
* Where? | |
* When?




Big question #1: How do we
define harm reduction
service “desert?”



Big question #2: What do the maps tell us?
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traffic? And what about people who
don’t drive?



La Cana

da

Thousand
Oaks

Calabasas
Agoura Hills Glendale Pasadena

Arcadia

"3
S Baldwin
Park
El'Monte West C na: "
[ ] e f
Malibu e - East Los °
o e wangeles
e B L
~Santa 1,
Monica .
VS |
| |
I I V I I I g Fullerton
Anaheim
Garden
Grove
Rancho
Btae Santa Ana
Verdes
Fountain

Valley




Big question #4: So, are there almost no
service deserts?
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Days of SSP operation across Los Angeles
5- and 10-minute drive times

Hurbink L

]
g
L} S
‘_:.a::-\" ..I:.I.:'.-\} Glencdal P -f"'l'll:i"' :\-:-.‘—_
B 1 Ly
1 Ry P
Wﬂtﬁ*’-ﬁ_:mq < < o i
./ e By { W ".,; _j!-l.'\"""-
; n, T
o o Eﬁ = 2o
S i =
w -

' Los gfigeles
P AP

Anaheim

Santa Ana

Fauntain




TUégday

Days of SSP operation across Los Angeles
5- and 10-minute drive times
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Days of SSP operation across Los Angeles
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Friday

Days of SSP operation across Los Angeles
5- and 10-minute drive times
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Satdrday

Days of SSP operation across Los Angeles
5- and 10-minute drive times
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Days of SSP operation across Los Angeles
5- and 10-minute drive times
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Big question #5: Where do we go from here?



Thank you to the team!

MPI: David Goodman-Meza, MD, PhD
Geospatial analysis: Michael Shin, PhD
Concept: Tucker Avra, DVM

Surveys: Ruby Romero, BA

Contact me: clshover@mednet.ucla.edu
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