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ABSTRACT
The Networks and Causal Inference for Public Health
Research (NCIPHER) Lab at the University of Rhode
Island (URI) was established in 2018, with an initial
pilot project supported by Advance Rhode Island Clin-
ical Translational Research (RI-CTR), to develop meth-
odological and computational approaches for evaluating
interventions in real-world settings where individuals
are connected in ways that impact their health. Lever-
aging bioinformatics and high-performance computing
resources through Advance RI-CTR, we integrate empiri-
cal and simulation methods to estimate causal interven-
tion effects (i.e., change in an outcome caused by a specific
intervention) beyond treated individuals, including spill-
over through social and healthcare networks and clusters.
Our work demonstrates that accounting for spillover
improves understanding of the effectiveness of HIV and
opioid use disorder (OUD) interventions. In the Trans-
mission Reduction Intervention Project Athens, Greece,
participants not exposed themselves to community alerts
about HIV risk, with 50% of their immediate contacts
exposed, reported three fewer unsafe injection behaviors
(per 100 participants), compared to those who had 20%
of their contacts exposed (95% CI: -7, 0). We also found
26 fewer reports (per 100 persons) at six months under
individual treatment with medication for opioid use dis-
order with 60% of other individuals in the network treat-
ed, compared to no treatment with 20% of others treated
(95% CI: -38, -13). Understanding effects in networks can
improve translation from intervention delivery to pop-
ulation-level impact, supporting evidence-based policy.

KEYWORDS: Agent-based models; HIV/AIDS; interference;
spillover; marginalized populations; substance use

BACKGROUND

Many public health interventions aimed at addressing the
syndemics of HIV and overdoses likely not only affect the
treated, but also others in the treated individuals’ networks.
This is known as spillover, a systematic, often unintended
treatment effect on individuals who were not treated them-
selves. This is especially important for the marginalized and
stigmatized populations with lower access and uptake of
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health interventions who are disproportionately impacted
by these syndemics.! There are large disparities in health-
care and outcomes of individuals living with HIV, including
men who have sex with men (MSM), and people who inject
drugs (PWID).>* Measuring and quantifying spillover can
improve disease outcomes by expanding the reach of inter-
ventions beyond traditional research and clinical settings,
informing intervention policy development, and mitigating
infectious diseases.*®

Studying causal mechanisms allows us to understand the
processes by which HIV-related outcomes occur.” Causal
mechanisms include biological, behavioral, or social pro-
cesses through which an intervention affects health out-
comes. Causal inference quantifies what would happen under
different interventions and determines whether observed
differences in health outcomes are caused by specific inter-
ventions. Readers may be familiar with confounding bias,
in which a third variable distorts the relationship between
an exposure and outcome, and we aim to isolate the effect
of an exposure by removing confounding either by design or
analysis. Causal inference using a potential outcomes frame-
work can assess causal effects from both randomized and
observational study data. In the setting of no interference/
spillover, each individual’s (potential) outcome is indexed by
their own exposure; however, with spillover, each person’s
outcome is indexed by their own exposure and the exposure
of others.® Heuristically, we can estimate spillover by com-
paring outcomes among individuals with similar character-
istics and exposure histories but differing exposure patterns
among their contacts.® By summarizing contacts’ treatments
through exposure mapping (e.g., the number or proportion
treated in the group) and appropriately weighting or model-
ing the data, we can assess how modifying the intervention
for network contacts changes the average outcomes, even
for untreated individuals.

Although spillover has been traditionally studied for ther-
apies like vaccines, other interventions may cause mean-
ingful spillover, such as treatment as prevention (TasP) and
pre-exposure prophylaxis (PrEP) for HIV, medication for opi-
oid use disorder (MOUD), and naloxone for opioid overdose
rescue. Standard evaluation methods may underestimate
the benefits of these interventions by overlooking these
effects, so we must account for them in the design, analy-
sis, and modeling of public interventions. For example, PrEP
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provides a 90% reduction in HIV acquisition in randomized
trials among participants with high medication adherence.’
However, if we evaluate the exposure as receipt of PrEP on
preventing HIV acquisition only among treated individu-
als, we will miss the additional spillover benefit due to a
reduction in onward transmission to their partners and pos-
sibly partners’ partners. The Networks and Causal Inference
for Public Health Research (NCIPHER) lab (co-Directors:
Buchanan and Katenka) seeks to understand how interven-
tions affect groups of people impacted by these syndemics,
rather than individuals, recognizing that people are socially
connected in complex and meaningful ways that can be lev-
eraged to improve public health.

Marginalized populations continue to face a dispropor-
tionately high burden of HIV, including PWID and MSM. In
2022, the Centers for Disease Control and Prevention found
that PWID accounted for 10% of all people living with HIV
in the US.” PWID face HIV-transmission risk due to sex-
ual and injection-related behaviors and often have limited
access to harm reduction services, further constrained by
stigma, incarceration, housing instability, and socioeco-
nomic challenges.!®'2 In the PWID population, the majority
inject unregulated opioids, and many of those individuals are
also diagnosed with HIV.!3%!* Although three FDA-approved
medications, including buprenorphine, methadone, and nal-
trexone, are available for treating OUD, major treatment
gaps persist, with fewer than 20% of individuals with OUD
receiving MOUD in 2022.'*?! Because PWID are members
of social, drug-use, and sexual networks,? increased MOUD
uptake may protect both treated individuals and their con-
tacts, including via medication sharing or the diffusion of
harm-reduction information,®**%® and reducing HIV injec-
tion-related risk behaviors of others in the network.!¢-223!

Young Black MSM (BMSM) face substantial barriers to
optimal use of HIV-prevention modalities, including PrEP,
due to factors such as misinformation, mistrust, and co-
occurring substance use disorders that elevate HIV-trans-
mission risk.3>% Between 2008 and 2014, HIV incidence
increased among young BMSM in the United States while
declining in other groups.’” Network-based interventions
show promise for addressing these disparities.®*%*° For
example, The Transmission Reduction Intervention Project
(TRIP) in Athens, Greece, and Chicago, IL, successfully used
network recruitment to identify recently infected individ-
uals and link them to care,*'*? and PrEP Chicago demon-
strated that peer-based network interventions can increase
PrEP uptake among young BMSM.*** Yet, how to most
efficiently leverage networks to maximize spillover effects
of peer-change agents, treatment as prevention (TasP), and
PrEP remains unclear. Because many traditional trials and
cohorts ignore underlying network structure, they risk bias
from network dependence.* Developing methods to account
for this dependence and statistically valid approaches to
appropriately assess spillover are therefore essential for a
wide range of study designs and research questions.
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REVIEW OF ADVANCE RI-CTR SUPPORT
The NCIPHER lab was launched with support from an
initial pilot project by the Advance Rhode Island Clinical
Translational Research (RI-CTR) in 2018 that improved sta-
tistical methodology for quantifying spillover (disseminated)
effects using administrative health claims databases. In this
pilot project and subsequent federally funded research, our
team has leveraged bioinformatics and computing resources
from the Advance RI-CTR service cores. We have also gained
access to important health databases to advance our research
and impact, including the Rhode Island All-Payer Claims
Database and the National COVID Cohort Collaborative.
Through the Advance RI-CTR network, NICPHER lab mem-
bers at URI access the service cores, which offer consultative
services from experienced investigators skilled in key areas
such as epidemiologic methods and qualitative research.
Our work in the Advance RI-CTR pilot project provided
new insights into how interventions may be leveraged to
more effectively and efficiently advance OUD prevention
and treatment among patients receiving medical care across
the United States. Patients are part of provider-based net-
works (based on medical claims data) and may exert social
influence on others’ treatment behaviors through shared
clinical environments, overlapping provider relationships,
and geographic proximity. These dynamics have the poten-
tial to shape collective norms surrounding opioid use and
OUD treatment. In this framework, patients who are pre-
scribed MOUD are considered index patients, and indi-
viduals who are not prescribed MOUD, but who share a
provider-based network with an index patient, are defined as
network members [(Figure 1]. The individual (direct) effect
refers to the impact of MOUD on the index patients them-
selves, while the spillover (indirect or disseminated) effect
represents the impact of these treatments on network mem-
bers who share a connection (in this case, the same health-
care provider) with an index patient.*

Figure 1. Schematic diagram of the subsets of data used for each
estimator (direct, spillover, composite and overall) based on a format
provided in.*> A provider network is a group of patients who share
the same provider for their medication for opioid use disorder claims.
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PUBLICATIONS AND FINDINGS

We summarized the primary findings from the Advance
RI-CTR pilot project and subsequent key findings during the
National Institute on Drug Abuse (NIDA) Avenir Award.
NIDA'’s Avenir Awards focus on innovation and potentially
transformative research from early-stage investigators, and
our award was the first given nationally to a biostatistician.
We examined the impact of timely initiation of buprenor-
phine/naloxone following an OUD diagnosis in a large co-
hort of insured adults using Optum’s Clinformatics® Data
Mart from 2010 to 2018 (n=8,388).% Prior to assessing spill-
over, we quantified the health outcomes and healthcare
costs associated with timely MOUD initiation. We classi-
fied patients who started treatment within 30 days of diag-
nosis as early initiators and compared them to late initiators
(those initiating later within one year). We employed gener-
alized linear models to compare outcomes between groups,
adjusting for baseline covariates and using multiple imputa-
tion to address missing data. After adjustment for baseline
covariates, early initiation was associated with a 42% lower
rate of opioid overdose (adjusted rate ratio [aRR] = 0.58, 95%
CI: 0.52-0.64), a 51% lower rate of opioid overdose-related
emergency department visits (aRR = 0.49, 95% CL 0.44-
0.55), and a 31 % reduction in total healthcare costs (adjusted
cost ratio = 0.69, 95% CI: 0.66-0.72) during the year after
diagnosis compared with late initiation. Early initiation was
associated with lower overdose risk, fewer ED visits, and
lower healthcare costs among insured adults with OUD.
We proposed a novel application of causal inference meth-
ods for spillover in retrospective studies using administra-
tive claims data, which can be employed to emulate a target
trial when randomized trial data is not available. Extending
this framework to an idealized two-stage randomized trial,
an evaluation of direct and spillover effects within provid-
er-based networks is possible. We developed an approach
to build a provider network among individuals based on
their primary MOUD providers using MOUD prescription
claims and National Provider Identifiers, then assessed the
proportion of patients in a provider network who were pre-
scribed MOUD (i.e., coverage). Using generalized estimating
equations with covariate adjustment, we constructed esti-
mators for both individual and disseminated effects tailored
to retrospective observational study designs in claims data.
There were 2,273 patients in 722 provider networks, and
64% had a MOUD prescription.* We found modest evidence
of direct and spillover effects in this setting. For the esti-
mated spillover effect, we would expect 3 fewer overdoses
per 100 people (95% CI: -5, -1) in untreated patients within
high-coverage clusters compared to within low-coverage
clusters. The direct effect was protective with an estimated
3 fewer cases per 100 people (95% CIL: -6, -0) receiving
treatment (vs no treatment) within 33% coverage clusters.
From 2018 to 2023, our team worked on the Avenir
project funded by the NIDA. We evaluated the spillover of
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interventions and treatments using both secondary data
analyses of existing datasets and simulation approaches,
requiring the development of novel study designs and infer-
ential and modeling methods in networks. We developed
and implemented a novel methodology to evaluate spill-
over among networks of people who use drugs. Our work
was largely motivated by TRIP in Athens, Greece, which
successfully recruited and intervened in this population by
identifying and engaging injection and sexual networks of
recently-infected PWID through contact tracing [Figure 2].
We developed and evaluated approaches to quantify spillover
in a network-based study with a non-randomized interven-
tion.*” These methods were used to evaluate spillover of HIV
interventions, including community alerts, MOUD, and
antiretroviral treatment (ART). Most estimates of the risk
differences for community alerts reduced HIV-risk behavior,
including spillover from sexual and drug use partners.”’” We
estimated spillover effects of the alert intervention coverage
on risk behavior, with 3 fewer reports per 100 participants
under 50% versus 20% coverage (95% CI: -7, 0). We also
employed causal inference methods to evaluate the spillover
effects of MOUD and ART on subsequent HIV-risk behav-
iors with the spillover set defined by network communities
or neighbors. Although the magnitude of these effects was
sometimes sensitive to the community detection method,
we found significant and protective effects of MOUD on
HIV-risk behaviors and the estimated total effect was more
robust to the community detection method used to define
the interference set. For example, we expect 26 fewer reports

Figure 2. The TRIP network by HIV status. This network originally consist-
ed of 10 connected components, and a community detection algorithm
was used to further divide it into 20 components.* Individuals (nodes)
are shaded by their HIV-infection status at baseline.
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per 100 persons (95% CI = -38, -13) at the 6-month visit
under MOUD in communities with 60% coverage, com-
pared to under no MOUD in communities with 20% cov-
erage.’’ However, our team did not observe any significant
spillover effects of ART in TRIP Athens.*

We developed an agent-based model (ABMs; computa-
tional models to study the impact of the individual’s actions
on the disease processes in the population) using a novel
trial emulation framework to quantify spillover effects of
pre-exposure prophylaxis (PrEP) among a sexual network of
MSM in Atlanta, GA.5*% The estimated composite (total:
direct and spillover) effect was an 85% reduction in the
cumulative incidence of HIV, comparing agents on PrEP
within intervention components to agents within control
components (RR = 0.15, 95% SI = 0.11, 0.20).%° As coverage
levels increased, the spillover effect of PrEP was larger in
magnitude, while the direct effect attenuated towards the
null. Other publicly available resources included R programs
to implement the new methodology for networks through
Github® and a curated TRIP Athens data set.>

Significance and Future Work
Our current RO1 project funded by NIDA will develop and
apply new methods to evaluate HIV interventions using
both secondary data analyses and simulation approaches.
This project will inform intervention-coverage levels con-
sidering spillover and will be used to determine the types of
individuals who could benefit the most from interventions
with spillover. This project will provide new insights into
spillover in the following network studies of MSM in Chi-
cago, Illinois: uConnect [Figure 3], PrEP Chicago, and the
Neighborhood and Networks Cohort Study.*?%%> We devel-
oped new methods to quantify spillover in a network set-
ting with a variance estimator that better accounts for the
network structure. We now need new approaches to address
missing data and network dependence when assessing spill-
over, ensuring valid analyses in the more realistic data
settings. We will develop a framework using agent-based
models to evaluate the spillover of PrEP change agent inter-
ventions and PrEP delivery focused on those with substance
use. Our team is also advancing methods for more flexible
estimation approaches in networks that rely less on strong
modeling assumptions, including targeted learning.’® Tar-
geted learning first learns patterns in the data, then adjusts
those estimates to quantify a specific causal effect.””*® These
methods make minimal and realistic assumptions about
data distributions and are therefore a critical improvement
for generating meaningful knowledge from real-world data.
Our research will provide new insights into spillover to
reduce the spread and morbidity of HIV and other infectious
diseases, often complicated by a high burden of substance
use in marginalized populations. Estimated spillover effects
in public health are modest at times, but can have a substan-
tial population-level impact across connected individuals.

ADVANCE RI-CTR

Figure 3. The uConnect study network with respondent-driven sample
(RDS), social and sex partner ties, by baseline HIV status. Entity resolution
was conducted to identify unobserved ties and individuals appearing in the
network multiple times.> Individuals (nodes) are shaded by their baseline
HIV-infection status.
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Accounting for spillover is needed for valid inference to
avoid bias and spillover remains largely unknown in many
settings, especially in HIV prevention and treatment, where
networks play a major role in disease transmission yet are
often unmeasured. These advancements in methods and
study design resources can be used to design and evaluate
interventions for reducing HIV- risk behavior, increasing
engagement in HIV-prevention measures, and strengthen-
ing HIV treatment among marginalized populations. These
methods will also be applicable to studies of other infectious
diseases, including sexually transmitted infections, hepatitis
C, tuberculosis, and SARS-CoV-2, and are an important con-
tribution to intervention research methodology. Although
network structures may differ across contexts, the methods
developed in our motivating settings may apply to a wide
range of network types. Collectively, these findings illus-
trate how network causal inference methods can improve
translation from intervention development to community
impact, supporting evidence-based policy and demonstrat-
ing the translational value of Advance RI-CTR-supported
infrastructure.

JULY 2026 RHODE ISLAND MEDICAL JOURNAL 39


http://rimed.org/rimedicaljournal-archives.asp
http://www.rimed.org/rimedicaljournal-2026-07.asp
https://www.rimedicalsociety.org

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

RIMJ ARCHIVES | JULY ISSUE WEBPAGE | RIMS

Baah FO, Teitelman AM, Riegel B. Marginalization: Conceptu-
alizing patlent vulnerabifities in the framework of social deter-
minants of health-An integrative review. Nurs Ing. Jan 2019;
26(1):€12268. doi:10.1111/nin.12268

Althoff KN, Chandran A, Zhang]J, et al. Life-Expectancy Dispar-
ities Among Adults With HIV in the United States and Canada:
The Impact of a Reduction in Drug- and Alcohol-Related Deaths
Using the Lives Saved Simulation Model. Am ] Epidemiol. Dec
312019;188(12):2097-2109. d0i:10.1093/aje/kwz232

Mustanski B, Morgan E, D’Aquila R, Birkett M, Janulis P, New-
comb ME. Individual and network factors associated with racial
disparities in HIV among young men who have sex with men:
results from the RADAR cohort study. JAIDS Journal of Ac-
quired Immune Deficiency Syndromes. 2019;80(1):24-30.

Duncan DT, Hickson DA, Goedel WC, et al. The social context
of HIV prevention and care among black men who have sex with
men in three US cities: the neighborhoods and networks (N2)
cohort study. International journal of environmental research
and public health. 2019;16(11):1922..

Benjamin-Chung J, Arnold BF, Berger D, et al. Spillover effects
in epidemiology: parameters, study designs and methodolog-
ical considerations. Int | Epidemiol. Feb 1 2018;47(1):332-347.
doi:10.1093/ije/dyx201

Buchanan AL, Katenka N, Lee Y, et al. Methods for Assessing
Spillover in Network-Based Studies of HIV/AIDS Prevention
among People Who Use Drugs. Pathogens. Feb 15 2023;12(2)
do0i:10.3390/pathogens12020326

Little RJ, Rubin DB. Statistical analysis with missing data. John
Wiley & Sons; 2019.

Plosker GL. Emtricitabine/Tenofovir Disoproxil Fumarate: A
Review of its Use in HIV-1 Pre-Exposure Prophylaxis. Drugs.
Mar 2013;73(3):279-91.

Centers for Disease Control and Prevention. Estimated HIV in-
cidence and prevalence in the United States, 2018-2022. 2024,
Vol. 29. https://www.cdc.gov/hiv-data/nhss/estimated-hiv-inci-
dence-and-prevalence.html

Galea S, Karpati A, Kennedy B. Social capital and violence in
the United States, 1974-1993. Social Science e? Medicine. 2002/
10/01/ 2002,55(8):1373-1383. doi:https://doi.org/10.1016/S0277-
9536(01)00274-X

Degenhardt L, Peacock A, Colledge S, et al. Global prevalence
of injecting drug use and sociodemographic characteristics and
prevalence of HIV, HBV, and HCV in people who inject drugs: a
multistage systematic review. The Lancet Global Health. 2017;
5(12):e1192-e1207.

Arum C, Fraser H, Artenie AA, et al. Homelessness, unstable
housing, and risk of HIV and hepatitis C virus acguisition among
people who inject drugs: a systematic review and meta-analysis.
The Lancet Public Health. 2021;6(5):¢309-e323.

Bradley H, Glick SN, Hall EW. Estimated Number of People
Who Inject Dru, gs in the United States, 2022. American Journal
of Public Health. 2025;(0):e1-e4.

Larney S, Peacock A, Leung J, et al. Global, regional, and coun-
try-level coverage of interventions to prevent and manage HIV
and hepatitis C among people who inject drugs: a systematic
review. The Lancet Global Health. 2017;5(12):¢1208-¢1220.
Abuse S, Administration MHS. Key Substance Use and Mental
Health Indicators in the United States: Results from the 2019
National Survey on Drug Use and Health. 2020. https://www.
samhsa.gov/data/report/2019-nsduh-annual-national-report
Karki P, Shrestha R, Huedo-Medina TB, Copenhaver M. The im-
pact of methadone maintenance treatment on HIV risk behav-
iors among high-risk injection drug users: a systematic review.
Evidence-Based Medicine e Public Health. 2016;2:€1229.
Sypsa V, Psichogiou M, Paraskevis D, et al. Rapid decline in HIV
incidence among persons who inject drugs during a fast-track
combination prevention program after an HIV outbreak in Ath-
ens. The Journal of Infectious Diseases. 2017;215(10):1496-1505.
Edelman EJ, Chantarat T, Caffrey S, et al. The impact of bupre-
norphine/naloxone treatment on HIV risk behaviors among HIV-
infected, opioid-dependent patients. Drug and Alcohol Depen-
dence. 2014;139:79-85.

Gowing LR, Farrell M, Bornemann R, Sullivan LE, Ali RL. Brief
report: Methadone treatment of injecting opioid users for pre-

20.
21.
22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.

35.

36.

37.

38.

7977 20861

ADVANCE RI-CTR

vention of HIV infection. Journal of General Internal Medicine.
2006;21(2):193-195.

Ball JC, Lange WR, Myers CP, Friedman SR. Reducing the risk
of AIDS through methadone maintenance treatment. Journal of
Health and Social Behavior. 1988:214-226.

Larney S. Does opioid substitution treatment in prisons reduce
injecting-related HIV risk behaviours? A systematic review. Ad-
diction. 2010;105(2):216-223.

Friedman SR, Williams L, Young AM, et al. Network Research
Experiences in New York and Eastern Europe: Lessons for the
Southern US in Understanding HIV Transmission Dynamics.
Current HIV/AIDS Reports. 2018/06/01 2018;15(3):283-292. doi:
10.1007/s11904-018-0403-2

Doernberg M, Krawczyk N, Agus D, Fingerhood M. Article
Commentary: Demystifying Buprenorphine Misuse: Has Fear of
Diversion Gotten in the Way of Addressing the Opioid Crisis?
Substance Abuse. 2019;40(2):148-153.

CarrollJJ, Rich JD, Green TC. The more things change: Buprenor-
phine/naloxone diversion continues while treatment remains
inaccessible. Journal of Addiction Medicine. 2018;12(6):459-465.

Kenney SR, Anderson BJ, Bailey GL, Stein MD. The relation-
ship between diversion-related attitudes and sharing and selling
buprenorphine. Journal of Substance Abuse Treatment. 2017;
78:43-47.

Gwin Mitchell S, Kelly SM, Brown BS, et al. Uses of diverted
methadone and buprenorphine by opioid-addicted individu-
als in Baltimore, Maryland. American Journal on Addictions.
2009;18(5):346-355.

Carlson RG, Daniulaityte R, Silverstein SM, Nahhas RW, Mar-
tins SS. Unintentional drug overdose: Is more frequent use of
non-prescribed buprenorphine associated with lower risk of
overdose? International Journal of Drug Policy. 2020;79:102722.

Friedman SR, Maslow C, Bolyard M, Sandoval M, Mateu-Ge-
labert P, Neaigus A. Urgmg others to be healthy: “Thtravention”

by injection dg rug users as a community prevention goal. AIDS
Education and Prevention. 2004;16(3):250-263.

Mateu-Gelabert P, Guarino H, Quinn K, et al. Young drug users:
a vulnerable population and an underutilized resource in HIV/
HCVprevention. Current HIV/AIDS Reports.2018;15(4):324-335.

Shen L, Assanangkornchai S, Liu W, et al. Influence of social
network on drug use among clients of methadone maintenance
treatment centers in Kunming, China. PLoS One. 2018;13(7):
€0200105. doi:10.1371 /journal.pone.0200105

Puleo J, Buchanan A, Katenka N, Halloran ME, Friedman SR,
Nikolopoulos G. Assessing Spillover Effects of Medications for
Opioid Use Disorder on HIV Risk Behaviors among a Network
of People Who Inject Drugs. Stats. 2024;7(2):549-575.

Compton WM, Jones CM. Substance use among men who
have sex with men. New England Journal of Medicine. 2021;
385(4):352-356.

Grant RM, Lama JR, Anderson PL, et al. Preexposure chemo-
prophylaxis for HIV prevention in men who have sex with men.
New England Journal of Medicine. 2010;363(27):2587-2599.

Grant RM, Anderson PL, McMahan V, et al. Uptake of pre-ex-
posure prophylaxis, sexual practices, and HIV incidence in men
and transgender women who have sex with men: a cohort study.
The Lancet Infectious Diseases. 2014;14(9):820-829.

Mutchler MG, McDavitt B, Ghani MA, Nogg K, Winder TJ,
Soto JK. Getting PrEPared for HIV prevention navigation: young
black gay men talk about HIV prevention in the biomedical era.
AIDS Patient Care and STDs. 2015;29(9):490-502.

Young LE, Schumm P, Alon L, et al. PrEP Chicago: A random-
ized controlled peer change agent intervention to promote the
adoption of pre-exposure prophylaxis for HIV prevention among
young Bl aclg men who have sex with men. Clinical Trials.
2018;15(1):44-52.

Hess KL, Hu X, Lansky A, Mermin J, Hall HI. Lifetime risk of
a diagnosis of HIV infection in the United States. Annals of Ep-
idemiology. 2017;27(4):238-243. doi:https://doi.org/10.1016/j.
annepidem.2017.02.003

Bonett S, Meanley S, Stevens R, Brawner B, Bauermeister J. The
Role of Networks in Racial Disparities in HIV Incidence Among
Men Who Have Sex with Men in the United States. AIDS and Be-
havior. 2020/10/01 2020,;24(10):2781-2796. d0i:10.1007/s10461-
020-02798-1

JULY 2026 RHODE ISLAND MEDICAL JOURNAL 40


https://www.cdc.gov/hiv-data/nhss/estimated-hiv-incidence-and-prevalence.html
https://www.cdc.gov/hiv-data/nhss/estimated-hiv-incidence-and-prevalence.html
https://doi.org/10.1016/S0277-9536(01)00274-X
https://doi.org/10.1016/S0277-9536(01)00274-X
https://www.samhsa.gov/data/report/2019-nsduh-annual-national-report
https://www.samhsa.gov/data/report/2019-nsduh-annual-national-report
https://doi.org/10.1016/j.annepidem.2017.02.003
https://doi.org/10.1016/j.annepidem.2017.02.003
http://rimed.org/rimedicaljournal-archives.asp
http://www.rimed.org/rimedicaljournal-2026-07.asp
https://www.rimedicalsociety.org

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Hermanstyne KA, Green Jr HD, Cook R, et al. Social network
support and decreased risk of seroconversion in black MSM: re-
sults of the BROTHERS (HPTN 061) study. JAIDS Journal of
Acquired Immune Deficiency Syndromes. 2018;78(2):163-168.

Shah NS, Iveniuk J, Muth SQ, et al. Structural bridging net-
work position is associated with HIV status in a younger Black
men who have sex with men epidemic. AIDS and Behavior.
2014;18(2):335-345.

Morgan E, Skaathun B, Nikolopoulos GK, et al. A network in-
tervention to locate newly HIV infected persons within MSM
networks in Chicago. AIDS and Behavior. 2019;23(1):15-20.

Williams LD, Korobchuk A, Pavlitina E, et al. Experiences of
stigma and support reported by participants in a network in-
tervention to reduce HIV transmission in Athens, Greece;
Odessa, Ukraine; and Chicago, Illinois. AIDS and Behavior.
2019;23(5):1210-1224.

Young LE, Schneider JA. The co-evolution of network structure
and PrEP adoption among a large cohort of PrEP peer leaders:
implications for intervention evaluation and community capac-
ity-building. International Journal of Environmental Research
and Public Health. 2021;18(11):6051.

Lee Y, Ogburn EL. Network Dependence Can Lead to Spurious
Associations and Invalid Inference. Journal of the American Sta-
tistical Association. 2021;116(535):1060-1074. doi:10.1080/016
21459.2020.1782219

Buchanan A, Sun T, Wu J, et al. Toward evaluation of dissemi-
nated effects of medications for opioid use disorder within pro-
vider-based clusters using routinely-collected health data. Sta-
tistics in Medicine. 2022,;41(18):3449-3465.

Sun T, Aroke H, Kogut S, Katenka N, Bratberg J, Buchanan A.
Early [)uprenorpiline-naloxone initiation for opioid use disorder
reduces opioid overdose, emergency room visits, and healthcare
cost compared to late initiation. The American Journal of Drug
and Alcohol Abuse. 2022;48(2):217-225.

Lee T, Buchanan AL, Katenka NV, et al. Estimating Causal Ef-
fects of HIV Prevention Interventions with Interference in Net-
work-based Studies among People Who Inject Drugs. Ann Appl
Stat. Sep 2023;17(3):2165-2191. doi:10.1214/22-a0as1713

Nikolopoulos G, Buchanan A, Katenka N, et al. Evaluation of
spill-over effects of antiretroviral treatment on sharing injecting
equipment in a sociometric network of people who inject drugs.
AIDS Care. 2025/08/03 2025;37(8):1380-1392.. doi:10.1080/0954
0121.2025.2530411

Lee Y, Buchanan AL, Ogburn EL, et al. Finding Influential Sub-
jects in a Network Using a Causal Framework. Biometrics.
2023;79(4):3715-3727. d0i:10.1111/biom.13841

Buchanan AL, Bessey S, Goedel WC, et al. Disseminated Effects
in Agent-Based Models: A Potential Outcomes Framework and
Application to Inform Preexposure Prophylaxis Coverage Lev-
els for HIV Prevention. American Journal of Epidemiology.
2020;190(5):939-948. doi:10.1093/aje/kwaa239

Buchanan AL, Park CJ, Bessey S, et al. Spillover benefit of
pre-exposure fpro hylaxis for HIV prevention: evaluating the
importance of effect modification using an agent-based model.
Epidemiology and Infection. 2022;150:¢192. €192. doi:10.1017/
50950268822001650

Murray EJ, Marshall BD, Buchanan AL. Emulating target trials
to improve causal inference from agent-based models. American
Journal of Epidemiology. 2021;190(8):1652-1658.

Buchanan A, Lee Y, Zhang K, et al. Networks and Causal Infer-
ence for Public Health and Education Research, The University
0{1 Rhode Island. Webpage. GitHub. https://github.com/uri-nci-
pher

Nikolopoulos GK, Friedman SR, Buchanan AL. Data from:
Transmission Reduction Intervention Project (TRIP), Athens,
Greece Site, 2013-2015. 2025. doi:10.3886/ICPSR39059.v2
Hotton AL, Keene L, Corbin DE, Schneider J, Voisin DR. The re-
lationship between Black and gay community involvement and
HIV-related risk behaviors among Black men who have sex with
men. Journal of Gay & Lesbian Social Services. 2018;30(1):64-81.
Buchanan A, Zhang K, Adhikari S. Targeted and Double/
Debiased Machine Learning with Applications to Public Health
Studies with Interference. presented at: American Causal Infer-
ence Conference; May 13-16, 2025 2025; Detroit, MIL.

ADVANCE RI-CTR

57. Gruber S, Lee H, Phillips R, Ho M, Van Der Laan M. Developing
a Targeted Learning-Based Statistical Analysis Plan. Statistics in
Biopharmaceutical Research. 2023;15(3):468-475. doi:10.1080/1
9466315.2022.2116104

58. Laan MJvd. Targeted Estimation of Nuisance Parameters to
Obtain Valid Statistical Inference. The International Journal of
Biostatistics. 2014;10(1):29-57. doi:doi:10.1515/ijb-2012-0038

59. Halloran ME, Struchiner CJ. Study designs for dependent hap-
penings. Epidemiology. 1991;2(5):331-338.

Authors

Ashley Buchanan, DrPH, MS, Department of Pharmacy Practice
and Clinical Research, College of Pharmacy, The University of
Rhode Island.

Claire Pearsall, MPH, Department of Pharmacy Practice and
Clinical Research, College of Pharmacy, The University of
Rhode Island.

Stephen Kogut, PhD, MBA, RPh, Department of Pharmacy Practice
and Clinical Research, College of Pharmacy, The University of
Rhode Island.

Jeffrey Bratberg, PharmD, FAPhA, Department of Pharmacy
Practice and Clinical Research, College of Pharmacy, The
University of Rhode Island.

Joseph Hogan, PhD, Department of Biostatistics, Brown University
School of Public Health.

Samuel R. Friedman, PhD, Department of Population Health at
NYU Grossman School of Medicine, New York University.

Natallia Katenka, PhD, Department of Computer Science and
Statistics, College of Arts and Sciences, The University of
Rhode Island.

Disclosures

Conflict of Interest Statement: No conflicts of interest to report.
Funding/Support: The Networks and Causal Inference for Public
Health and Education Research Lab (Buchann and Katenka) is
currently supported by two awards from the National Institutes

of Health (NTH: RO1DA058994, ROIMH134715), and was also
supported by the Avenir Award from the NIH National Institute
on Drug Abuse (DP2DA046856), and is partially supported by
Institutional Development Award Number U54GM115677 from
the National Institute of General Medical Sciences of the National
Institutes of Health, which funds Advance Rhode Island Clinical
and Translational Research (Advance RI-CTR). Support from the
Biomedical Informatics Core of Advance RI-CTR was received.

We would like to thank all of the TRIP and uConnect investiga-
tors, data management teams, and participants who contributed
to this project (DP1DA034989, ROIDA033875)

Disclaimer: The content is solely the responsibility of the authors
and does not necessarily represent the official views of the Nation-
al Institutes of Health.

Acknowledgments: We thank Ke Zhang, PhD student in Statistics
at The University of Rhode Island, for her support with generating
the figures.

Use of Al-assisted tools: Portions of this manuscript were edited
and revised for clarity and style using Al-assisted writing tools, in-
cluding ChatGPT (OpenAl; GPT-5.2) and Grammarly. These tools
were used solely for language editing and did not contribute to the
study design, data analysis, interpretation of results, or substantive
intellectual content. The authors take full responsibility for the
content of the manuscript.

Correspondence

Ashley Buchanan
buchanan@uri.edu

JULY 2026 RHODE ISLAND MEDICAL JOURNAL 41


https://github.com/uri-ncipher
https://github.com/uri-ncipher
mailto:buchanan@uri.edu
http://rimed.org/rimedicaljournal-archives.asp
http://www.rimed.org/rimedicaljournal-2026-07.asp
https://www.rimedicalsociety.org

	COVER
	CONTENTS-Cases, Images
	CONTENTS–Contributions
	CONTENTS–Features, News
	CASE–Baboli
	HEALTH-Goodman
	HEALTH–Vital Statistics
	RIMS NEWS
	NEWS
	PEOPLE/PLACES
	OBITUARIES
	_Hlk219110677
	Keywords
	_3hg3gx87qjnm
	_nls2brhh6f8n
	_kbh8cencvogt
	_nbwnwzlh8j8d

