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AJPH in 2023: Embracing
Digital-First

Over the past few decades, a change

has been brewing in how people want

information and how associations and other

publishers provide content. The Web and dig-

ital versions of newspapers, for example,

have become increasingly important as read-

ers have shifted away from having physical

papers delivered to their homes. People want

and expect instant access to information.

We’ve watched these changes for years and

taken action to meet them and the changing

desires of our members and AJPH subscribers.

AJPH articles have been available online for

years. We’ve released First Look articles as a

way to share information more quickly. Fifteen

years ago, we even moved the AJPH version of

record from our print edition to the digital one.

Over the past three years, as the world

dealt with COVID-19, the shift to digital really

ramped up within the publishing and news

industries, especially for associations.

Looking at trends within the industry and

our membership, member comments, and

what we offer, we’ve decided to embrace this

shift and spend 2023 transitioning AJPH to

a digital-first publication. I’ll miss flipping

through the glossy pages of AJPH, but it’s time

to readjust our thinking and continue the

evolution of AJPH to ensure that it maintains

its status as the leading resource for impact-

ful public health research and information.

The positive impacts are many: AJPH will

reduce its contribution to the climate crisis by

reducing the number of copies of the journal

being printed and mailed, our digital offerings

will expand, and resources will be reallocated

to more popular and effective mediums,

including short videos, podcasts, and more.

We hope you’re as excited about the com-

ing changes as we are.

Of course, this was not an easy decision.

Providing print copies of the journal to mem-

bers who want them is an APHA member

benefit, and we don’t want to change the for-

mat of that benefit unless the positives vastly

outweigh the negatives. In this instance, we

believe that’s the case.

To show our ongoing commitment to

members and readers who desire it, we’re

developing a full-issue PDF to provide a

cover-to-cover experience for those who wish

to receive it as part of their APHA member-

ship. People will be able to print the PDF and

save it to up to six devices. We’re making

upgrades to the AJPH e-Reader edition as

well, which will be available as an individual

purchase with a discount for members or at

a reduced monthly subscription rate.

For members accustomed to receiving

AJPH in print, the shift will happen at your

renewal date. As you renew, you’ll have an

opportunity to receive the new full-issue PDF.

Of course, all members will continue to enjoy

full access to all AJPH articles, including those

dating back to 1911.

Print is not disappearing entirely, it’s simply

not at the forefront anymore. Organizations

subscribing to AJPH outside of any APHA

membership will be able to purchase AJPH in

print to make it available as a resource in

their libraries if they wish. In instances where

someone wants to purchase a physical issue,

we’ll print the needed copies on-demand.

We hope you’ll join us in embracing these

changes in the same spirit that we made

them, with an eye toward a more versatile,

accessible, and climate-friendly AJPH. For

more information on this transition, check

out our FAQs at www.apha.org/ajph and stay

tuned to the journal’s home page, www.ajph.

org, for updates.

Georges C. Benjamin, MD
Executive Director

American Public Health Association

DOI: https://doi.org/10.2105/AJPH.2022.307161

19Years Ago
Pitfalls of and Controversies in
Cluster Randomization Trials

The issue of choosing the unit of inference

is sometimes referred to as the “unit of analy-

sis problem.” We believe that this phrase can

be misleading, since it confuses the choice of

analytic unit with the need to account for

clustering. Similarly, statements sometimes

seen in the literature to the effect that

“analysis by individual” is incorrect for cluster

randomization trials or that the “allocation

unit should be the unit of analysis” are also

misleading. In general, an analysis at the indi-

vidual level that properly accounts for the

effect of clustering is equivalent to an appro-

priately weighted cluster-level analysis. Thus,

the issue of fundamental importance in this

context is best referred to as the unit of infer-

ence, rather than the unit of analysis.

From AJPH, March 2004, p. 418

47Years Ago
A Bayesian Approach To Health
Project Estimation

[A]nyone trying to study anything in a poor

country hears time and again that practically

any statistic he finds is useless. Admitting this,

he must decide what to do next. There are

three possible approaches. The first rejects

statistical analysis and depends on the opin-

ion of individuals with long experience in the

field. . . . The second approach ignores the

problem and proceeds to apply the whole

gamut of classical statistical methods to the

existing data. . . . There is a third way . . .

Bayesian statistical techniques can create a

measure of output in a way that lays all the

assumptions open to refutation, but also per-

mits the use of expert opinion where

recorded numbers are nonexistent or hope-

lessly inadequate.

From AJPH, August 1976, p. 748
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Wastewater
Surveillance—“Messy”
Science With Public
Health Potential
James W. Keck, MD, MPH, and Scott M. Berry, PhD, MBA

ABOUT THE AUTHORS

James W. Keck is with the Department of Family and Community Medicine, College of
Medicine, University of Kentucky, Lexington. Scott M. Berry is with the Department of
Mechanical Engineering, College of Engineering, University of Kentucky.

See also Kotlarz et al., p. 79.

Wastewater testing for infectious

diseases blossomed during the

COVID-19 pandemic.1 Public health

agencies are using wastewater data to

augment traditional case and syndromic

disease surveillance systems.2 In this

issue of AJPH, Kotlarz et al. (p. 79) report

on the correspondence between

COVID-19 disease trends observed with

wastewater analysis, clinical testing, and

syndromic surveillance in Raleigh, North

Carolina, in 2020. They found moderate

to strong correlations in COVID-19 trends

across these data sources with wastewa-

ter influent and clinical testing disease

signals preceding disease signals from

syndromic surveillance and wastewater

solids.

Wastewater analysis is an emerging

surveillance tool that has potential ben-

efits but also presents challenges com-

pared with existing disease surveillance

approaches. We find it useful to think

about wastewater surveillance in the

paradigm of a SWOT (strengths, weak-

nesses, opportunities, and threats)

analysis (Figure 1). Kotlarz et al. identi-

fied some of these issues as pros and

cons in the first figure in their article.

Wastewater analysis as a disease

surveillance tool has several potential

advantages over traditional surveillance

methods. Wastewater analysis theoreti-

cally provides information about all

of the individuals contributing to the

wastewater—in essence, pooled testing

of a community. Kotlarz et al. measured

disease biomarkers in wastewater sam-

ples that may have contained contribu-

tions frommore than 500000 individuals

living in Raleigh. Compared with individ-

ual clinical testing, wastewater analysis is

efficient and likely cost saving—one study

estimated that it was 1.7% of the total

cost of clinical testing.3

Unlike syndromic and case-based dis-

ease surveillance, wastewater analysis

does not rely on an individual having

access to or seeking health care. As the

title to the popular children’s book by

Taro Gomi proclaims, Everyone Poops.

For this reason, wastewater surveillance

can increase health equity if deployed in

populations with less access to clinical

testing or health care. Marginalized,

rural, and resource-poor communities

and their associated public health insti-

tutions stand to benefit from timely

wastewater disease data that can inform

local decision-making and the commu-

nity members. As more individuals turn

to home-based rapid tests and as the

frequency of mild or asymptomatic

COVID-19 cases increases, syndromic

and case-based disease surveillance

may further underestimate disease prev-

alence. In these situations, wastewater

analysis will still identify trends in com-

munity disease burden, such as during

the recent Omicron variant–fueled

waves of COVID-19 infections.4

Although wastewater surveillance is

an excellent complement to traditional

disease surveillance, it has limitations.

Wastewater samples positive for severe

acute respiratory syndrome coronavi-

rus 2 (SARS-CoV-2) viral RNA cannot tell

us who in the community is infected.

However, there are many reports of

wastewater surveillance triggering

enhanced clinical testing to identify

infected individuals, such as happened

in Yellowknife, Canada.5 Kotlarz et al.

also recognize that wastewater analysis

cannot distinguish between individuals

with new and those with convalescing

infections. Nor do we know with confi-

dence who is contributing to a com-

munity’s wastewater. Populations are

dynamic, and individuals have varied

toileting behaviors. Some individuals

residing in a community will leave for

work or recreation, and visitors from

outside the community will make

“deposits” into the wastewater system.

There is also substantial variation in the

amount of virus an infected individual

deposits into the system—not all

infected individuals shed virus in their

feces, viral shedding may last from days

to weeks, and shedding intensity varies

over many magnitudes6—likely because

of a combination of host (e.g., age, illness

severity, prior immunity) and virus (e.g.,

variant, infective dose) characteristics.

The tidal wave of enthusiasm for

wastewater surveillance in the research

and public health communities presents

6 Editorial Keck and Berry

OPINIONS, IDEAS, & PRACTICE
A
JP
H

Ja
n
u
ar
y
20

23
,V

ol
11

3,
N
o.

1

https://doi.org/10.2105/AJPH.2022.307108


an opportunity to build on the successes

of this approach. As exemplified by the

Raleigh wastewater study authors’

affiliations, implementing wastewater

surveillance fosters multidisciplinary

and multiorganizational collaborations.

Scientists, public utilities operators,

engineers, epidemiologists, and others

worked together to conduct the

wastewater study. Partnerships like

these are critical for addressing com-

plex public health problems.

Wastewater analysis can and should

look beyond estimates of COVID-19 dis-

ease trends. Wastewater surveillance

detected a subclinical outbreak of polio

in Israel in 2013 and informed targeted

vaccine campaigns.7 Less than a

decade later, wastewater surveillance

in New York State helped define the

spread of a vaccine-derived poliovirus

outbreak following its detection in a

hospitalized patient.8 The wastewater

partnerships and infrastructure devel-

oped during the COVID-19 pandemic

likely made the rapid pivot to wastewa-

ter testing for polio possible and can

enable other critical disease (e.g., mon-

keypox) surveillance activities.

Community circulation of SARS-CoV-2

and poliovirus are only the beginning

of what we can learn from wastewater

analysis. With advances in molecular biol-

ogy and genetic sequencing, laboratories

are sequencing wastewater to track

SARS-CoV-2 variants,9 measuring levels

of antimicrobial resistance genes,10 and

looking for novel viruses that could cause

the next pandemic. The utility of waste-

water analysis goes beyond infectious

disease surveillance: scientists are testing

wastewater for many biomarkers of pub-

lic health importance, such as pharma-

ceutical metabolites11 and markers of

exposure to air pollution.12

Wastewater surveillance is a particu-

larly attractive public health tool for

communities with limited access to

clinical testing or health care. However,

these same communities may also

lack laboratory infrastructure, human

Strengths Weaknesses

Opportunities Threats

Funding

uncertainty

Complex data

interpretation

Expand to

other diseases

Improve

health equity

Potential

cost savings

Assess 

population in 

single test

Unable to identify

infected individuals

Variable viral 

shedding

No individual 

effort required 

Affected by

transient

populations

Develop 

partnerships

FIGURE 1— Strengths, Weaknesses, Opportunities, and Threats (SWOT) Analysis of Wastewater Testing as a Public
Health Disease Surveillance Tool
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resources, and external partnerships

as well as centralized sanitation sys-

tems. Hence, there is an opportunity

for community-engaged research to

design wastewater analysis approaches

that meet the needs of these communi-

ties. Strategies that build local capacity,

emphasize simplified analytic tests, and

cultivate partnerships between local

stakeholders can maximize the poten-

tial of wastewater disease surveillance

across a diversity of settings.

Wastewater analysis as a disease

surveillance modality faces potential

threats. As with other public health pro-

grams, the availability of resources (i.e.,

funding) will influence the sustainability

of wastewater surveillance initiatives.

The Centers for Disease Control and

Prevention has provided laboratory

capacity grants to many states to

enhance their wastewater surveillance

programs. Wise investment of these

funds in public–academic and public–

private partnerships can build waste-

water analytic capacity and sustain

implementation activities.

Although measuring levels of SARS-

CoV-2 RNA in wastewater is relatively

easy by some standards (in four hours

we taught a wastewater treatment

plant operator to do this with high fidel-

ity), interpreting wastewater disease

data is complex. The public health sig-

nificance of a wastewater SARS-CoV-2

signal requires contextualization, an

understanding of the limits of the

approach, and further analysis of its

correspondence with traditional dis-

ease surveillance metrics, such as hos-

pitalization rates. Although Kotlarz et al.

reported significant correlations

between the wastewater and clinical

signals during their study, there were

also instances when these surveillance

methods disagreed. As public health

officials gain experience using wastewa-

ter data, it will be important to continue

to evaluate wastewater’s performance

compared with traditional surveillance

data sources, develop visualization and

analytic tools to support its use, and

provide opportunities for sharing best

practices.

In summary, Kotlarz et al. and others

have demonstrated the public health

potential of wastewater testing, particu-

larly in the context of the COVID-19

pandemic. The groundswell of enthusi-

asm in the research and public health

sectors suggests that wastewater test-

ing will continue to integrate with more

established public health disease sur-

veillance approaches. Although waste-

water testing has challenges that inspire

creative problem solving, we believe

that its advantages make it a compelling

tool for public health surveillance.
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It has been two decades since the

Institute of Medicine wrote that “all

undergraduates should have access to

education in public health.”1(p144) This

recommendation was aspirational.

Nevertheless, it catalyzed a movement

to develop undergraduate majors and

minors in public health as well as extend

public health education to community

colleges, clinical health professionals,

and an expanding audience of students

domestically and globally.2

In their article in this issue of AJPH,

Leider et al. (p. 115) report on the status

of public health bachelor’s degree edu-

cation in the United States and provide

useful data on the number of graduates,

debt, and employment. As indicated in

the article, undergraduate public health

education has grown rapidly over the

past two decades, with more than 18000

bachelor’s degrees conferred in 2020.

There are nowmore bachelor’s degrees

granted each year than MPH degrees.

As demonstrated in the article, the gradu-

ates reflect the racial and ethnic diversity

that is needed in the future public health

workforce.

The work of the past two decades

has laid the groundwork for the future.

Undergraduate public health education

is now integrated into the fabric of

bachelor’s degree education not only in

institutions with graduate public health

education but also in what have been

called “stand-alone” institutions that offer

undergraduate public health majors but

not graduate work.

The Council on Education for Public

Health now accredits stand-alone pro-

grams as well as undergraduate pro-

grams as part of graduate programs

and schools of public health.3 The

Association of Schools and Programs

of Public Health has established the

Undergraduate Network for Education

in Public Health, which now includes

more than 200 member institutions.

The association sponsors an annual

undergraduate public health confer-

ence that is open to network members

as well as nonmembers.4

WHERE DO WE GO FROM
HERE?

Now that undergraduate public health

education is fully established in the

mainstream of public health and

undergraduate education, it is impor-

tant to ask where undergraduate public

health education goes from here. In

particular, how can bachelor’s degree

graduates help fulfill the current

and future needs of public health

practice?

The data presented by Leider et al.

indicate that bachelor’s degree gradu-

ates are obtaining their first employ-

ment primarily in not-for-profit and

for-profit institutions as opposed to

governmental public health agencies.

The COVID-19 pandemic provides an

opportunity to increase the interest of

undergraduates in the field of govern-

mental public health because it has

brought to national attention the enor-

mous needs for governmental public

health and provided strong justification

for sustained investments.

The growth of undergraduate public

health education provides an opening

to integrate public health education

into the development of a national pub-

lic health system. For this to occur, it is

important to ask the following question:

What are the barriers and what are the

opportunities?

The MPH has been the dominant

public health degree for more than a

century, and understandably many

governmental public health positions

require an MPH degree. This has been

a barrier to bachelor’s degree employ-

ment. A high priority in the near future

is to better delineate the roles of

bachelor’s degree graduates and

MPH graduates in governmental

public health and reflect these differ-

ences, especially in entry-level job

descriptions.

Key to the entry of undergraduate

public health majors into the govern-

mental public health workforce is the

opportunity to gain experience in pub-

lic health departments. In the past,

these opportunities have been limited

and often reserved for MPH students.

In addition, new curricula aimed at the
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needs of public health practice can bet-

ter connect academia and practice.

POTENTIAL FUTURE
INITIATIVES

There are a number of collaborative

initiatives in the next few years that

could help move undergraduate public

health education into a new phase that

emphasizes the growth and develop-

ment of the governmental public health

workforce and continues to expand the

reach of undergraduate public health

education. Examples are as follows:

� Expansion and development of aca-

demic public health departments:

academic health departments have

great potential to serve the needs

of public health practice as well as

academia. A growing number have

been developed and nurtured over

the past two decades with the

encouragement of the Council on

Linkages Between Academia and

Public Health Practice.5 A broad ini-

tiative to increase participation by

health departments and by a wide

range of undergraduate and gradu-

ate students, along with a stable

and increasing level of federal and

local financial support, could be piv-

otal to the future development of a

national public health system.

� Expansion of Centers for Disease

Control and Prevention (CDC) fel-

lowships to include undergradu-

ates: expansion of CDC fellowships

to fully include undergraduates

would provide important opportu-

nities for career development in

governmental public health. It would

also send an important message that

undergraduate public health educa-

tion is now a full-fledged partner in

the future public health system.

� Development of certificate pro-

grams in areas of need: the needs

of the public health workforce

require new curricula in the form

of free-standing certificates often

linked to certification examinations.

For instance, the CDC is developing

the disease intervention specialist

certification. Preparation for this

certification can be facilitated by

offering free-standing certificate

curricula at community colleges

and four-year institutions. Other

areas of need such as public health

information systems might also

benefit from certificate programs.

THE FUTURE OF
UNDERGRADUATE PUBLIC
HEALTH EDUCATION

Accomplishing these goals will require

collaboration from the full range of

public health organizations, including

the Association of Schools and Pro-

grams of Public Health, the American

Public Health Association, the Association

of State and Territorial Health Officials,

the National Association of County and

City Health Officials, and the Council on

Linkages. It will be important to focus on

the future of undergraduate public health

education as these organizations take on

the bigger issue of developing a national

public health system. Distinguishing

between bachelor’s- and master’s-degree

requirements in entry-level job descrip-

tions would be a good starting point

because it would focus the attention of

public health practice as well as academia

on the need to connect bachelor’s

degree public health education with the

needs of the public health workforce.

Leider et al. do an excellent job of

bringing together degree conferral

and employment data on bachelor’s

degrees. Unfortunately, parallel data on

the broader educational impact of the

undergraduate public health movement

are not available.

Public health is increasingly becom-

ing a core undergraduate discipline.

The goal for all undergraduates to have

access to education in public health

has not been fully accomplished, but

it is no longer aspirational. Extensive

anecdotal experience strongly suggests

that students from a wide range of

majors are increasingly engaging in

introductory public health coursework

or pursuing a minor in public health.

The interest in public health among

nursing, medicine, pharmacy, and other

clinical disciplines is growing rapidly. An

additional reservoir of interest in public

health education exists at the commu-

nity college level, where the majority of

students now come fromminority pop-

ulations, and coursework in public

health is still very limited. The popula-

tion health management movement is

increasingly integrating public health

principles into the delivery of health

care to populations.6

The past two decades have demon-

strated that fundamental educational

change is possible as public health has

increasingly been integrated through-

out undergraduate education. The next

two decades provide an opportunity to

develop a national public health system

with public health bachelor’s degree

and certificate graduates fully inte-

grated into the emerging system.
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M itigating the impact of environ-

mental disasters and climate

change on vulnerable groups of people

calls for an environmental justice–

based approach that makes “the fair

treatment and meaningful involvement

of all people regardless of race, color,

national origin, or income” a top prior-

ity.1 In 2011, Gracia and Koh presciently

wrote that promoting environmental

justice “requires reaffirming, revitalizing,

and reinvigorating past national

commitments” to how we plan and

sustain laws, policies, and practi-

ces.2(pS14) An environmental justice–

based approach to ensuring “greater

access to health care, clean air and

water, healthy and affordable food,

community capacity building through

grants and technical assistance, and

training to educate the health work-

force about environmentally associated

health conditions”2(pS15) for all is the

path to bridging environmental justice

and health equity.3 In this editorial, I

highlight the historical and current calls

for an environmental justice approach

to preparing for and responding to

man-made as well as natural environ-

mental disasters.

DONORA, PENNSYLVANIA

Ask now, and it is unlikely that many

people know where Donora, Pennsylva-

nia, is or what it signifies. In late Octo-

ber 1948, a heavy smog rising from

steel and zinc factories enveloped

Donora and caused at least 20 deaths

and close to 6000 mild and moderate

cases of respiratory distress immediately

after the smog settled.4 The preliminary

US Public Health Service (USPHS) report

on the immediate impacts of the Donora

smog pointed to increased mortality and

morbidity among the elderly and those

with preexisting cardiopulmonary condi-

tions.5 Adding to these findings, a follow-

up study provided evidence of the

unequal distribution of mortality and

morbidity—those who were poor, not

White, of limited English proficiency,

and living in substandard housing were

overrepresented among the dead and

the ill immediately after the smog and

during follow-up investigations.6

Today we recognize what happened

in Donora as an example of environ-

mental injustice in which the commer-

cial concerns of the steel and zinc

industries superseded concerns about

the health and well-being of factory

workers. Moreover, without any federal

oversight, these industries were able to

operate factories with little to no regu-

latory oversight.

While Donora was most certainly

not the only man-made environmental

disaster in the United States during this

time, it stands out for being a driving

force behind the enactment of the fede-

ral Clean Air Act in 1963. The Clean Air

Act was the first federal legislation con-

cerned with “controlling” air pollution

and authorized the USPHS to support

research into techniques for monitoring

and controlling air pollution. As Vernon

MacKenzie,7 chief of the Division of Air

Pollution in the USPHS, wrote,

Air pollution can no longer be dis-

missed with excuses and half-way

measures. Through the con-

gressional action in enacting the

Clean Air Act, we have made a com-

mitment to bring an end to the

steady increase in the national air

pollution problem. We must keep

that commitment.7(p904)

PLANNING, PREVENTING,
AND RESPONDING

Fast forward and, according to the

National Oceanic and Atmospheric

Administration, Hurricane Ian was the

15th environmental disaster to cause

at least $1 billion in damage as of Octo-

ber 11, 2022 (https://bit.ly/3yKUAzY). To

date, more than 100 people have died

in Florida as a result of the hurricane,

making it the deadliest hurricane to hit
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Florida in more than 85 years (https://

bit.ly/3eCRAiw). One of the questions

that will likely be raised in the months

to come is whether local preparedness

as well as response were appropriate

and implemented in a timely manner.

Such questions are of greater rele-

vance now, and as Schmeltz et al.

(p. 15) write about in this issue of AJPH,

there are indeed gaps in preparing for

and responding to climate change haz-

ards. While their article focuses on

extreme heat events, the findings are

applicable to a range of extreme

weather events and environmental dis-

asters. Their review of Heat Action Plans

in California suggests that the current

planning focuses on emergency

response and warrants redirection to

focus on preventing negative health out-

comes. A review of the organization and

governance of extant Heat Action Plans

in California also indicates a greater

need to focus on preparedness for

extreme heat events as well as coordi-

nating with local and state departments

of health to devise a public health pre-

paredness plan and response.

Health departments and local stake-

holders are needed to foster environ-

mental justice and protect vulnerable

people.8 The need for such coordina-

tion is supported by Schwarz et al., who

found that people experiencing home-

lessness and were either younger or

elderly or had an underlying mental

health burden were especially vulnera-

ble to heat waves and more likely to

seek care in an emergency department

for health care during extreme heat

events.9 Planning and practice that

seeks to ensure resources are equitably

allocated to those most likely to experi-

ence greatest exposure to environmental

harms is necessary to ensure health

equity and environmental justice.10

HOW MUCH DOES 1.5°C
REALLY MATTER?

As confirmed by the International Panel

on Climate Change’s Special Report on

Global Warming, a 1.5�C (2.7�F for those

in the United States) increase in the

average global temperature will cause

an escalation of natural environmental

disasters across the world.11 This

increase will yield more extreme

weather in the forms of heat waves and

polar vortexes, more and longer peri-

ods of droughts, worsening floods and

heavy rains, decreased availability of

fresh water, rising sea levels, and shrink-

ing polar ice caps. The list is long, and

the consequence of each one of these

environmental disasters threatens the

security of our global community, par-

ticularly for those with the fewest

resources and in the most vulnerable

situations. This past year alone, we wit-

nessed large wildfires and severe heat

waves across the United States and

Europe; flooding in Bangladesh, India,

Pakistan, Brazil, and in the Appalachian

(Kentucky) region in the United States;

and another above-average hurricane

and tropical storm season in the Atlantic

region.

UPHOLDING OUR
OBLIGATION TO THE
PARIS ACCORDS

With the Clean Air Act of 1963, the crea-

tion of the Environmental Protection

Agency (EPA) in 1970, and the Paris

Accords of 2015, there were slow but

steady efforts to motivate state, federal,

and global actions to reduce green-

house gas emissions and slow increases

in global temperatures to achieve a

climate-neutral world by 2050. In af-

firming the 1963 commitment to bringing

an end to the “national air pollution

problem,” in 2015, the Obama adminis-

tration issued a broad and comprehen-

sive Clean Power Plan under the Clean

Air Act to rein in power plant emissions

and provide states opportunities to

identify and implement plans to switch

to cleaner energy options. Under the

Trump administration, the vast majority

of rules enumerated in the Clean Power

Plan were rolled back (https://nyti.ms/

3gaIYA0). And while the Biden adminis-

tration has sought to undo these rever-

sals, in some instances, it may take

years to fully undo these rollbacks.

Most recently, the US Supreme Court

ruled inWest Virginia v. Environmental

Protection Agency (EPA) that the EPA

could not put state-level caps on car-

bon emissions as clearly laid out in the

1970 Clean Air Act, but that this author-

ity rested with the US Congress. In so

ruling, the Court opined that the EPA

lacked the authority to pursue its pri-

mary mission of limiting pollution attri-

butable to toxic and harmful substances

and lacked authority to pursue goals set

under the Clean Power Plan.

POLICIES, NOT POLITICS

TheWest Virginia v. EPA ruling poses

significant threats to our ability to meet

our obligations to the Paris Accords

and the global community to reduce

our greenhouse gas emissions and

slow the climate crisis. For the public

health community, this ruling threatens

progress in achieving health equity as

well as in promoting environmental jus-

tice and ignores the substantial evi-

dence base on the physical and mental

health harms associated with environ-

mental disasters. So, this editorial serves

as a call to all in the public health com-

munity to advocate and agitate for cli-

mate justice, for environmental justice

and health equality for all of humanity.
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In the words of Jake Edwards of the

Onondaga Nation Council of Chiefs: “We

all need the same things: clean air and

clean water. We have a lot of work to do,

but if we can combine our strengths, we

can fight for what’s right” (https://bit.ly/

3VLwejM).
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Extreme heat events have adverse

effects on population health, caus-

ing heat-related illnesses, such as heat

exhaustion and heat stroke, but also

exacerbating underlying medical condi-

tions, such as cardiac and respiratory

diseases, through various mecha-

nisms.1 In the United States, from 2000

to 2010 there were approximately

28000 recorded heat-related hospital-

izations, and between 2004 and 2018,

an average of about 700 people died

because of heat-related illnesses, mak-

ing heat the deadliest weather-related

hazard in the United States.2,3 These

figures do not represent heat morbidity

and mortality that were not attributable

by International Classification of Diseases

(Geneva, Switzerland: World Health

Organization) Ninth Revision (1980) or

10th Revision (1992) code to a confirmed

diagnosis of heat-related illnesses, which

likely results in underreporting.4 Addi-

tionally, the health consequences of

extreme heat are amplified by socio-

demographic vulnerabilities and our

built environment. As extreme heat

events continue to increase in frequency

and intensity, individuals, communities,

and the municipalities in which they live

will need to prepare and adapt.

Health impacts from high ambient

temperatures have led many munici-

palities to develop plans to respond to

extreme heat events. These plans are

sometimes referred to as excessive

heat emergency plans, heat-health

response plans, or heat action plans

(HAPs). Many European countries

implemented HAPs following the 2003

European heat wave.5 In the United

States, a number of cities have devel-

oped HAPs,6,7 although the vast major-

ity of US cities and regions rely only on

local National Weather Service offices

to issue heat advisories based on heat

index forecasts that may not be linked

to local HAPs.8

In 2020, the US Centers for Disease

Control and Prevention (CDC) released

a technical report on the summary and

strategies for HAPs and ascribed their

focus to emergency response planning

or long-term planning for extreme

heat. The report identifies that plans

can stand alone or be an annex to an

all-hazards plan and specifically identi-

fies emergency preparedness and

management activities when coordinat-

ing plans.9 Although the CDC report

is not a step-by-step guide or an

all-inclusive approach to how to

specifically prepare or coordinate a

HAP, the reference to emergency oper-

ations plans and the location of HAPs in

all-hazards mitigation plans suggest

that extreme heat is an event that con-

sistently requires an emergency

response and is best understood in

that context. However, climate change

will increase the likelihood and fre-

quency of extreme weather events,

such as extreme heat, and these events

have increased substantially over the

past decades and will continue to affect

regions of the globe regularly.10 We

argue that the increasing frequency

and regularity of these events move

them from emergencies to an issue

to be planned for with preventive

health plans.

Since the terrorist attacks of Septem-

ber 11, 2001, the public health legal

frameworks that emphasized prepared-

ness have shifted to a concept that

emphasized emergencies. This framing

emphasizes an emergency as an event

that overwhelms the capacity of the

health care system.11 One of the defin-

ing characteristics of an emergency is

its unpredictability or its unforeseeabil-

ity. Given that these events will be more

frequent, the health and public health

systems must move the approach to

extreme heat events from emergency

to more traditional public health gover-

nance structures, usually located in

departments of public health or in close

coordination. This move supports two

very important conceptual shifts. First,

it situates the effects of the climate

crisis more clearly in the regular gover-

nance structures of the state as a long-

term policy consideration. Second, it

supports the transition of our public

health care systems to a climate-

resilient model. Keeping the frameworks

entirely in offices of emergency services
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abrogates the duty of the state to

grapple with the climate crisis as a long-

term reality.

Public health departments can be

ideal partners and leaders in address-

ing climate and health issues, particu-

larly those at the local jurisdiction. They

are usually the designated government

agency that is tasked with protecting

the health of communities, are a

trusted voice with close ties to the com-

munities they serve, and have a proven

ability to confront and overcome com-

plex health issues, such as climate

change.12 Guidance on HAPs is not

new but has not been implemented

equally across regions. Additionally,

even information about extreme heat

on local and regional government Web

sites can be sparse, and coverage is

not always the same.13

We used local public health jurisdic-

tions in California to examine how

HAPs are organized and implemented

to protect populations from the health

impacts of extreme heat. We argue that

extreme heat events should be in the

jurisdiction of public health response

and that these organizations are key to

leading or closely supporting efforts to

reduce the health impacts associated

with extreme heat.

EXAMINATION OF HEAT
ACTION PLANS

To examine the current governance

structure of HAPs, we conducted a desk

review between August and December

2021 that focused on collecting publicly

available written HAPs in California. We

defined a “public health jurisdiction” as

the lowest level of jurisdiction with pub-

lic health authority in the state. Califor-

nia has 61 public health jurisdictions;

58 of these are run by a county and

three are run by a city.

We conducted online searches using

the same keywords for each public

health jurisdiction (county/city name1

heat plan and/or extreme heat;

county/city name1 excessive heat

emergency; county/city name1 extreme

weather). We performed searches in

Google and on county Web sites with

search functions. We gathered and

stored Web site links and copies of

plans. When the online search did not

yield any results, we contacted depart-

ments of public health and emergency

services to request written plans. We

included a plan when (1) a government

agency issued it at the public health

jurisdiction level, and (2) it was a stand-

alone HAP, or the response to extreme

heat was a main topic in a multihazard

plan (e.g., California’s Local Hazard Miti-

gation Plan). We did not include public

health jurisdictions that did not have

an available plan online or that did not

respond to our request, under the

assumption that a written plan was not

publicly available.

We developed a checklist of core ele-

ments for HAPs based on previously

developed guidelines. The checklist was

influenced mainly by the World Health

Organization’s “Heat-Health Action

Plans: Guidance” but also included cri-

teria to reflect recent reviews of HAPs;

improvements in climate surveillance,

monitoring, and forecasting; specific

needs for vulnerable populations;

and effective communication of heat-

health information.7,9,14–18 The check-

list consisted of nine core elements

that we identified as important for a

successful HAP:

1. An identified lead body to coordi-

nate HAP with clear guidance on

heat-risk governance;

2. An accurate (to locality) heat-health

warning system, including

threshold for action based on local

health data;

3. Identification and outreach plans

(communication and intervention)

specifically targeted to vulnerable

populations;

4. A communication guide for heat-

related health information, includ-

ing general public education and

awareness campaigns with an

emphasis on health behavior and

health promotion;

5. Preparedness for social and health

systems, including staffing capacity,

infrastructure, and health care,

including specific procedures for

emergency medical services, hospi-

tals, nursing homes, and caretakers

of vulnerable populations;

6. Strategies for short- and medium-

term reduction in indoor heat

exposure, including passive and

active cooling;

7. Long-term planning addressing

urban design and building, energy,

and transportation policies that

reduce heat exposure and projec-

tions of future changes in heat

morbidity and mortality from shift-

ing demographics and societal

conditions;

8. Real-term (syndromic) surveillance

of heat-health outcomes for emer-

gency and rapid response, including

coordination between responding

agencies; and

9. An evaluation of the HAP, including

a comprehensive set of metrics for

evaluation and evidence of

effectiveness.

Our review of HAPs in California iden-

tified 37 (60%) public health jurisdic-

tions with at least one core element

identified in the plans. Of these,

24 (65%) jurisdictions had one to three

core elements identified, and only
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seven (19%) jurisdictions had four or

more core elements identified. We

were unable to identify or access a

HAP for 24 public health jurisdictions

(Figure A, available as a supplement to

the online version of this article at

http://www.ajph.org). Of all the plans

we identified, no plans were located in

departments of public health. We gath-

ered all plans from either county gov-

ernment Web sites or the county

agency dedicated to emergency

management.

Even with plans partially completed,

many of the core elements provided lim-

ited information. For example, all plans

that contained core element 2—

comprehensive heat-health warning sys-

tems—only included information from

National Weather Services’ advisories

or used the National Weather Services’

HeatRisk tool. There was no evidence

that plans reviewed local epidemiological

data in the development of location-

specific heat-health warning systems for

their communities. Similarly, plans that

were partially completed were addenda

or annexes to local hazard mitigation

plans, which included information on

populations that were generally vulnera-

ble to severe weather hazards, including

extreme heat.

Approximately 12 (32%) plans

included a description of a “lead body”

and some form of “communication plan”

to get messages to the public concern-

ing extreme heat events—either before

or during the event. Few plans identified

ways they specifically “prepared key

stakeholders” or identified “short- and

medium-term strategies” or “long-term

strategies” for reducing exposure to

extreme heat in their jurisdiction. There

was no evidence that any HAPs con-

tained information regarding “real-time

surveillance.”

CONCLUSIONS

Anthropogenic climate change and its

consequences are often described as

an emergency or crisis, particularly when

it comes to the impacts on public health

and the exacerbation of social and

health inequities.19 We are not discount-

ing the use of the word “emergency”

when describing the threat of global

climate change. It implies correctly that

urgent action is needed to address

the human health impacts of climate

change.20 The action, however, is not to

avoid the disruptions of anthropogenic

climate change but to prepare for them

and to manage them as an ongoing

characteristic of life in the Anthropo-

cene. The emergency is a collective fail-

ure to act, not the extreme heat. Our

overall objective is to start to better

determine and clarify the policies and

governance structures that we can use

to accomplish an effective adaptation

and to identify gaps that require funda-

mental changes to governance struc-

tures and laws to reduce the magnitude

of and prepare for climate hazards, such

as extreme heat.

Previous studies examining HAPs have

done so at the municipal level,7,21,22 with

mixed results, and others have been

assessed at the national, state, or

regional level.15,16,23 These studies

emphasize the large variability in how

HAPs are implemented and assessed at

various levels of governance and the ad

hoc approach to the issue. High ambi-

ent temperatures and extreme heat

events are explicitly linked to negative

public health outcomes. Although the

effects of extreme heat can affect multi-

ple sectors of society, it is the effect on

human health and the infrastructure

that supports human health that is of

primary concern. Public health depart-

ments are key to assessing population

health, creating policies and plans, and

improving health outcomes. Heat-

related illnesses associated with

extreme heat are preventable, and

human health is a unifying organizing

principle for considering the impacts of

extreme heat and organizing planning

for it. We recommend that the gover-

nance structure of HAPs focus on the

health implications of extreme heat

events, as health outcomes are strongly

tied to local health department activities

and missions and are equipped to coor-

dinate responses over the long term

and coordinate closely with emergency

management to address immediate

responses to extreme heat events.

We acknowledge that the ongoing

COVID-19 pandemic has highlighted

significant gaps in our public health

infrastructure. Climate change is a cur-

rent and long-term crisis that will fur-

ther exacerbate structural weaknesses

in our public health system and will

need significant investment and resour-

ces to overcome. To achieve this, pro-

grams such as the CDC’s Building

Resilience Against Climate Effects and

the workforce capacity–building Cli-

mate Corps can better fund and staff

public health agencies to address cli-

mate and health issues. This transition

from an emergency framing to a public

health framing cannot be an abrupt

one, as the Intergovernmental Panel on

Climate Change has identified in its

most recent report on mitigation that

the transitions involved in climate

adaptation and mitigation will produce

tensions and raise justice and equity

concerns that must be managed.24 This

requires planning, consensus building,

and a clear understanding of context.

Emergency operations and manage-

ment will still need to coordinate and

respond to the immediate needs of

the community, but preparation and
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preventive measures through depart-

ments of public health will be key to

building resilience in communities to

future extreme heat events.

In addition, although we identify vul-

nerability assessment and outreach

plans in the core elements of a HAP,

we should note that developing plans

is one part of the process; community

engagement and implementation are

other important factors in HAP effec-

tiveness. Health departments have

experience in including communities in

planning; public health frameworks’

reliance on the social determinants of

health and health equity makes public

health a natural location for this coordi-

nation activity.

To achieve results in governance

related to extreme heat in California,

coordination among various stakehold-

ers will be needed—no individual or

single agency can achieve this alone. In

a recent report highlighting adaptation

to extreme heat in California, one of the

first priority policies the authors identi-

fied was a lack of central authority pro-

viding coordination, technical assistance,

and strategic funding to address

extreme heat. Los Angeles, California,

recently appointed a chief heat officer,

and there is current (as of this writing)

legislation in California, AB-2076, that will

establish the statewide Extreme Heat

and Community Resilience Program.

Departments of public health should

be prioritized and provided with strate-

gic funding for technical assistance in

addressing the health concerns of

extreme heat. Another priority policy

identified that local hazard planning,

such as local hazard mitigation plans,

are likely not preparing municipalities to

address extreme heat in their communi-

ties.25 Although local hazard mitigation

plans are not emergency preparedness

plans, many of the elements of HAPs

can be found there. There should be a

clear distinction between emergency

disaster preparedness and public health

preparedness, with the latter emphasiz-

ing prevention and preparedness in pub-

lic health agencies to support or lead

efforts in developing successful HAPs.

Some limitations of our review stem

from information bias on the availability

of HAPs and the use of local hazard mit-

igation plans and other emergency pre-

paredness plans as proxies for HAPs.

We acknowledge that health depart-

ments are not currently resourced to

play this role and that there are signifi-

cant legal, political, and governance

issues that need to be explored and

resolved. We urge public health law and

policy scholars and practitioners to

begin this urgent work. Public health

departments can be a natural home for

this work. Public health has a strong

commitment to health equity, employs

population perspectives and systems

thinking in its work, and has experience

working in communities. Our analysis of

HAPs in California makes clear that the

ad hoc approach to this issue is not

working and that leadership at the state

and regional levels is required.
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The COVID-19 pandemic continues

to reveal the uneasy ways in which

the public co-opts epidemiological terms

about the incidence and spread of

disease—sometimes unknowingly and

unwittingly, sometimes nefariously. The

latest social variant of this infectious cul-

tural trait is the term “endemic,” which

started to appear in popular discourse

in late 2021 and gained steam in the

first half of 2022. To politicians, the main-

streammedia, and many everyday peo-

ple, reframing COVID-19 as endemic was

a linguistic and rhetorical magic bullet

that might bring some relief. The pan-

demic could be relabeled, they believed,

as something less virulent, less deadly.

Or at least as something that was not

talked about as much.

THE “PUBLIC VIEW” OF
PUBLIC HEALTH

In the past few months, the term

endemic has come to equate to nor-

malcy, but not without significant push-

back. Professional epidemiologists,

evolutionary biologists, and historians

of epidemiology, myself included, have

cautioned against the endemic framing

of COVID-19 on two fronts. On one

hand, the global epidemiological data

on the disease do not indicate a shift to

widely regarded definitions of endemic-

ity. The term endemicity also has colonial

roots of being a tool to assign moral

blame to the Global South and absolve

governmental responsibility of pandemic

preparedness and response.1 Endemic-

ity, in other words, is a shifty and shifting

term, one with a powerful history.

While public health practitioners have

decried the misplaced popular use of

terms such as endemicity, historians,

philosophers, and sociologists of sci-

ence have not been entirely surprised,

though they, too, sought flat-footed

ways of theorizing the pandemic in

early 2020.2 Endemicity is only the lat-

est wedge in the cultural milieu of epi-

demic negotiations between science

and society and suggests that now,

more than ever, we collectively need a

more nuanced understanding of the

history of disease concepts in epidemi-

ology and public health. Early in the

COVID-19 pandemic, both the public

and public health practitioners turned to

the history of past pandemics, particu-

larly the 1918–1919 influenza pandemic.

Some hoped to find, in this shallow level-

ing of past and present, patterns and

structures to use in real-time health pol-

icy, while others, I am convinced, turned

to the past for pandemic therapy. Most

quickly lost interest.

THE SOCIAL ORIGINS OF
“HERD IMMUNITY”

Much more fruitful is the rich historical

analysis provided by Warwick Anderson

in a recently published essay for

AJPH’s “Then and Now” section, titled,

“Immunities of the Herd in Peace, War,

and COVID-19.”3 In this provocative

piece, Anderson calls for a rethinking

of a ubiquitous and contentious term

used during the past two and a half

years—“herd immunity.” Wielded early

in the COVID-19 pandemic by libertar-

ian groups and some far-right politi-

cians in the Global North, pursuing

herd immunity meant minimal govern-

mental containment strategies, which

would elicit herd immunity in popula-

tions through natural infection. As

Anderson shows, there was significant

pushback to the notion of herd immu-

nity in the first half of 2020, particularly

from scientists and public health offi-

cials who called the strategy, as virolo-

gist William Haseltine implored,

“another word for mass murder.”4

Reading Anderson’s essay reminds

us that the collective trauma of the past

two years means that most of us have

forgotten the intensity of the debate

around herd immunity in 2020. This

alone makes the essay a significant

contribution to AJPH. But Anderson’s

essay does much more, penetrating

into the heart of the history of the
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modern discipline of epidemiology to

show how the concept of herd immu-

nity emerged in early 20th century Brit-

ain and was deeply imbued with ideas

not just from ecology and veterinary

medicine, the obvious link to the con-

cept of “herd,” but also from social psy-

chology, particularly the notion of

altruism.

The term herd immunity was coined

in 1923 by British experimental epi-

demiologists W.W.C. Topley and G. S.

Wilson and further developed by Shel-

don F. Dudley’s studies of communal

immunity in schoolchildren, as Ander-

son traces in the essay. But the term

did not just emerge out of changes in

academic epidemiology in the 1920s

and 1930s. Instead, it borrowed from

the social sciences, particularly William

Trotter’s theories of altruism. Herd

immunity, Anderson demonstrates,

meant almost the opposite in the

mid-20th century to how it was weap-

onized in early 2020.

WHAT CAN THE HISTORY
OF EPIDEMIOLOGY OFFER?

Anderson’s powerful essay is the kind of

analysis and insight that will arm read-

ers of AJPH with the tools for under-

standing and engaging with the history

of epidemiology in public discourse.

Devoid of incoherent neologism and

denying a familiar approach to the his-

tory of epidemiology that ignores com-

plexity and embraces heroic “founders”

and “moments,” Anderson’s approach is

a stark reminder that we need to dra-

matically rethink the value of the history

of epidemiology in public discussion

and in public health practice today. This

is particularly true of the rich and com-

plicated set of developments in profes-

sional Anglo-American epidemiology

that occurred in the first half of the

20th century. The fairytale histories of

epidemiology routinely taught in under-

graduate textbooks and classrooms

serve mostly to reify what Olga Amster-

damska called “demarcating” the pro-

fessional boundaries of epidemiology.”5

As Anderson’s essay suggests, we can,

and we should, be doing a lot more

than disciplinary policing.

The COVID-19 pandemic has thrown

professional epidemiologists and the dis-

cipline of epidemiology into the public

spotlight in ways few could have pre-

dicted before January 2020. In the pro-

cess, it has also revealed the dangerous

ways with which the public employs epi-

demiological terms and the uneasiness

with which popular ideas persist in the

history of the field. Anderson’s foray into

the past and present—the “Then and

Now” at the heart of AJPH—of herd

immunity will hopefully inspire further

rethinking of the history of epidemiology

and, in the process, help us to more

effectively communicate the key con-

cepts of epidemiology to broad public

audiences and policymakers.
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In 2020, AJPH published “Should

public health professionals consider

pornography a public health crisis?” by

Nelson and Rothman.1 The impetus

for this work was clear: in the relatively

recent past, 17 states have drafted or

passed resolutions calling widespread

pornography use a public health crisis,

with many US politicians taking the posi-

tion that pornography use is a threat to

public health. The reasons for this con-

tention (i.e., that pornography use is a

threat to public health) are varied,

though proponents of such a position

often contend that pornography is a

threat to families, impedes brain devel-

opment in adolescents, affects brain

functioning in adults, is inherently addic-

tive, and promotes a wide variety of

illegal sexual activities.1

Through their critical review, Nelson

and Rothman’s work clearly demon-

strates that such a position is untena-

ble. Most, if not all, of the contentions

made by such legislation and resolu-

tions are entirely unsupported by cur-

rent research, and pornography use

does not meet standard criteria associ-

ated with threats to public health (i.e., it

is not an acute event requiring immedi-

ate response; it does not immediately

or directly lead to death, morbidity,

or adverse health consequences; it

does not overwhelm the capacity of local

health care systems).1 In short, such res-

olutions are wholly unsupported in both

their factual claims and general argu-

ments. Moreover, since 2020, no new

states have drafted or passed such reso-

lutions, which may be attributable to the

rise of a true public health crisis in 2020.

The impact of Nelson and Rothman’s

work is both obvious and subtle. Among

obvious impacts, their work has been

cited widely in a short period of time,

generated intense public attention,

inspired several op-eds and opinion

pieces, and served as a starting point for

thousands of conversations via social

media (see https://apha.altmetric.com/

details/73766659/citations for a sum-

mary of the popular media impact of this

work). Central to much of this attention

has been their conclusion that pornogra-

phy use is not a public health crisis.

Yet, an equally important implication

of the work is overlooked. Nelson and

Rothman’s work, while showing that

pornography is not a public health crisis,

demonstrates that pornography use is

a topic to be studied by public health.

Whereas some disciplines have largely

refused to consider pornography use

as a topic relevant for inquiry (e.g.,

American Psychologist, the flagship jour-

nal of the American Psychological Asso-

ciation, has published nothing on the

topic for more than 30 years), public

health has engaged with this activity

substantively. More directly, Nelson and

Rothman demonstrate that seeking to

understand pornography use and its

effects is a valid domain of inquiry for

public health and the health sciences

more broadly.

THE SCOPE OF
PORNOGRAPHY USE IN
THE UNITED STATES

Several recent US nationally representa-

tive studies indicate that pornography

use is a common recreational activity—

equivalent with other digitally mediated

behaviors (e.g., video games, social

media)—with a majority of men and a

sizable plurality of women reporting reg-

ular use of pornography.2–4 Similarly,

most US adolescents have seen pornog-

raphy and indicate that their sexual

behaviors may be influenced by pornog-

raphy exposure and frequency of use.4

As previous systematic reviews have

shown,5 there is clear evidence that

pornography use, like most sexual

behavior, is driven by pleasure-seeking

motives. People use pornography to

satisfy sexual drive and desire, espe-

cially when other sexual options are

limited. Not surprisingly, then, for most

people, pornography use and concomi-

tant masturbation are normal recrea-

tional behaviors that are likely part of

a variety of generally healthy sexual

behaviors.5
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The effects of pornography use are

mixed.6 Use is linked to greater sexual

objectification of partners, which may

be negative in some circumstances.5

However, it is also associated with

greater future openness to and engage-

ment in a range of sexual behaviors and

to greater sexual experimentation.5 In

some cases, these links are likely positive

(sexual openness being related to

greater sexual satisfaction more gener-

ally), though there are also associations

between pornography use and prefer-

ences for or experimentation with more

violent and potentially abusive sexual

behaviors.4 Similarly, pornography use

is linked to both higher and lower sex-

ual satisfaction,7 depending on the con-

text of use (dyadic vs solitary).5 Finally,

recent evidence suggests that pornog-

raphy use is generally unrelated to sex-

ual functioning.8 More simply, there is

very little evidence that pornography

use alone inhibits sexual functioning or

performance, though this topic remains

hotly debated.8 Collectively then, there

is limited evidence that pornography

use always or even consistently leads

to inherently negative outcomes, but,

rather, its effects seem variable depend-

ing on a range of individual and sociocul-

tural factors.

Despite the general absence of

widespread negative effects stemming

from pornography use, such is often

encountered in mental health treat-

ment settings.9 Perhaps the most com-

mon reason that practitioners might

encounter pornography use as a clini-

cal concern is compulsive use of por-

nography. Whereas many people use

pornography regularly without any

reported adverse consequences, there

is substantial evidence that pornogra-

phy use may become out of control,

excessive, or impairing for some users.10

Though there is no psychiatric or mental

health diagnosis of “pornography

addiction,” many people report that

they feel as if they cannot control their

pornography use or that their pornog-

raphy use has caused substantial psy-

chosocial functioning impairments.11

A recent US national sample found

that 10.3% of men and 7% of women at

least somewhat agree with the state-

ment “I am addicted to pornography”12

and that between 25% and 30% of the

past-year pornography users reported

potential issues in regulating their por-

nography use.11 Moreover, the 11th

edition of the International Classification

of Diseases (ICD-11) does include a novel

diagnosis of compulsive sexual behav-

ior disorder13 that may subsume com-

pulsive or excessive pornography use,

and there is strong reason to suspect

that excessive pornography use will be

among the most frequent target behav-

iors associated with the diagnosis.14

Not surprisingly, then, pornography use

is often a reason for individuals seeking

treatment, a target behavior for change

in psychotherapy and pharmacother-

apy interventions, and a commonly

encountered issue by mental health

practitioners.9,15,16

Importantly, there are circumstances

wherein pornography use might pres-

ent as a clinical concern even when it is

not deemed excessive or compulsive.

For various reasons, people often find

the use of pornography to be morally

objectionable. However, such condem-

nation does not always stop people

from viewing pornography, and there

are now several studies confirming that

many people use pornography while

still disapproving of it.17,18 The use of

pornography while morally disapprov-

ing of pornography gives rise to what

past work has labeled moral incongru-

ence. A number of US studies show

that, in some circumstances, moral

disapproval of pornography amplifies

links between use and self-reported

addiction,19 and the use of pornogra-

phy among those who find it morally

wrong is also linked to a greater inci-

dence of depression, lower levels of

happiness, lower levels of sexual satis-

faction, and greater general distress.17,18

Ultimately, these effects of moral incon-

gruence have led researchers and clini-

cians to caution about the importance of

accurately assessing the reasons behind

someone’s decision to seek treatment of

problematic pornography use.14,15

WHERE DO WE GO FROM
HERE?

As Nelson and Rothman’s work clearly

demonstrates, pornography use is a valid

domain of scientific and health-related

research. Yet, given the relative novelty

of this research domain, particularly in

public health and allied fields, there is a

need for systematic approaches to

understanding this behavior and its

effects. Accordingly, here we lay out a

series of recommendations for how pub-

lic health and allied fields might system-

atically seek to understand pornography

use and its effects.

First, we contend that a key aspect to

promoting a better understanding of

pornography use and its effects is a

change in basic assumptions about

what behaviors and domains of human

functioning are considered rigorous

scientific pursuits by the health sci-

ences. Sexual health research has

faced stigma in numerous domains,20

and scientists and health professionals

researching such topics are often per-

ceived as unserious or strange.21,22

Indeed, the recommendations that fol-

low from this point all, in some way or

another, presuppose a recognition of

research about pornography use and
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its effects as valid domains of scientific

and public health inquiry.

Second, we recommend increased

efforts to ensure clinical competence

in recognizing, assessing, and treating

pornography-related concerns. Such a

recommendation is especially salient

given the inclusion of compulsive sex-

ual behavior disorder in the ICD-11,

which may be applied in cases of exces-

sive pornography use.13 In short, we

need better clinical training for mental

health clinicians in recognizing both

problematic pornography use and nor-

mal pornography use. To address this

need, national societies and associa-

tions, state and regional licensing

boards, and specialty organizations are

poised to effect immediate change.

Among most health and educational

professions, continuing education is a

mandatory component of ongoing licen-

sure, providing unique and constantly

available opportunities to increase clini-

cal competence in these areas.

Given the frequency with which prac-

titioners already encounter pornogra-

phy use in clinical settings, it is likely

that many health professionals already

discuss pornography use with their cli-

ents. However, as is the case with many

sexual behaviors, particularly those

that are stigmatized likely because of

social mores or traditional sexual val-

ues, many clients may feel uncomfort-

able volunteering information about

their pornography use or disclosing

sexual preferences. Given such qualms,

we recommend that tactful but direct

assessments of pornography use be

incorporated in normal health screen-

ings as they may provide an opportu-

nity for people to disclose concerns

that may have otherwise gone unmen-

tioned. Currently, several measures

have been validated in clinical and non-

clinical populations, which we have

cited throughout this document.11,14 Akin

to alcohol and substance use disorders,

routine screening for problematic por-

nography use would hold many advan-

tages for addressing co-occurring mental

health issues among treatment-seeking

clients and normalize querying pornogra-

phy use and other sexual behaviors as a

standard part of health care.

Third, we need improved sexual edu-

cation related to pornography use for

both adolescents and the public at large.

As previous works have clearly demon-

strated, many people use pornography

for sexual education purposes.23 Yet,

there is little sexual education material

that directly addresses pornography use

itself.24 For many people, particularly

adolescents and young adults (aged

18–25 years), it seems that pornography

is often functioning as a form of sexual

education rather than a topic addressed

by comprehensive sexual education.

This represents a failing of US sexual

education more broadly, as pornogra-

phy alone is likely not the best or most

accurate means of educating oneself

about sex or the health risks associated

with specific behaviors (e.g., condomless

sex). Accordingly, there is a clear need

for incorporation of pornography use

and pornography-related behaviors into

standard, comprehensive sexual educa-

tion materials during adolescence and in

more general sexual health recommen-

dations for the public.

Building on this, given the widespread

use of smartphones among US adoles-

cents (95%) and the few safeguards set

in place to restrict access to pornography

use for adolescents, further work is

needed to examine the role of pornogra-

phy in sexual script formulations on its

viewers. Such a need is evenmore appar-

ent given recent work suggesting that

increased pornography consumption is

associated with decreased condom use

among US adults.3 Though the links

between pornography viewing and con-

domless sex are less clear in adolescent

populations, adolescents are regularly

viewing pornography that depicts con-

domless sex. This speaks to a potential

need for limited access to pornography

for minors (those younger than 18 years

in the United States). One possible

means of accomplishing such an aim

could be age verification software for

pornographic Web sites, like those used

in the United States and abroad as a

means of restricting access to Web sites

that offer gambling, alcohol, and canna-

bis products.

Fourth, as pornography use is a com-

mon and perhaps normal part of modern

sexuality, we recommend the consistent

integration of pornography usemeasures

into mainstream public health and

allied professional research. A simple

means of accomplishing this is the regu-

lar inclusion of basic questions about

the frequency and recency of pornogra-

phy use in new and ongoing research

projects and national surveys for which

pornography use might be of relevance.

This inclusion of such materials is likely

especially relevant for public health

research related to sexual behaviors in

general, sexual health broadly (including

sexually transmitted infections), addic-

tions and addictive behaviors, and rela-

tionships. Furthermore, we recommend

that researchers begin to use a standard-

ized set of questions when assessing the

frequency and recency of pornography

use as a means of increasing greater gen-

eralizability across studies. An example of

such items is available in Appendix A

(available as a supplement to the online

version of this article at https://ajph.org).

Ultimately, these recommendations

demonstrate a need for new funding

mechanisms for pornography-related

research across disciplines. As previous

OPINIONS, IDEAS, & PRACTICE

24 Editorial Grubbs et al.

A
JP
H

Ja
n
u
ar
y
20

23
,V

ol
11

3,
N
o.

1

https://ajph.org


works have pointed out,6 it is simply

impossible for the scientific and health

community to fully understand the

effects of pornography without ade-

quate funding. Yet, at present, bills

drafted by various states decrying por-

nography as a public health crisis have

not resulted in any substantive funding

increases for pornography research.

More bluntly, despite widely professed

concerns about pornography use, legis-

latures seem unwilling to put forth the

money to support robust research

efforts in this domain.

Without established funding priorities

for pornography-related research

from relatively unbiased agencies, a

compromised research agenda could

be established, particularly if partisan or

ideologically motivated actors were to

initiate funding in this domain. The

result of biased actors filling the gap left

by more traditional scientific funding

agencies would likely be a flood of

research born from ideology, absent of

objectivity and oriented toward prede-

termined conclusions. Admittedly, por-

nography use does not currently neatly

fit within the research domain criteria

for the National Institute of Mental

Health, nor does it explicitly comport

with the priorities of most US federal

funding agencies. Even so, as we have

noted throughout this piece, pornogra-

phy use is clearly salient to public health

and allied disciplines, and, thus, it

should be funded as such.

CONCLUSIONS

Pornography use is common, and

Nelson and Rothman’s influential work

in AJPH clearly demonstrates that,

although pornography may not be a

public health crisis, this behavior is a

salient concern for the field of public

health and the health sciences more

broadly. All available evidence suggests

that pornography is and will continue

to be a normal aspect of human sexual-

ity, and, as such, it should be studied

rigorously across the behavioral and

health sciences.

Based on this, there is a clear and

present need for the health sciences

and allied professions to

1. designate pornography use an

area in need of rigorous academic

inquiry;

2. enhance training opportunities for

clinicians and professionals who

might encounter pornography use

in their practice;

3. incorporate pornography use in

comprehensive sexual education

materials for adolescents and in

public health outreach and mes-

saging campaigns around sexual

behavior;

4. include questions related to por-

nography use in ongoing and

future research related to sexual

behaviors, addiction, sexual health,

and relationships; and

5. increase public funding for

pornography-related research.

Until these recommendations are met,

it is likely that the true public health

implications of pornography use will

remain poorly understood, despite the

clear relevance of the topic to the

health sciences.
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The number of adults aged 65 years

and older is expected to more

than double worldwide over the next

several decades, and for the first time

in recorded history, older adults will

outnumber children (https://bit.ly/

3D4p0im). Despite these unprece-

dented population shifts, older adults

are significantly underrepresented in

biomedical research, especially in the

field of nicotine and tobacco science

(https://bit.ly/3shUSuI). This focus on

younger cohorts has obscured the

reality that combustible tobacco

use (i.e., smoking) has remained

virtually unchanged for older adults

for nearly two decades in the United

States (Figure 1).

Meanwhile, smoking prevalences

among youths and young adults in the

United States are at the lowest levels

ever recorded. One explanation for

these differences in prevalence trajec-

tories could be that, since at least 2005,

quit rates among older smokers have

remained stagnant (https://bit.ly/3Nax

XeF).1 Aligning with this observation is

evidence suggesting that traditional

tobacco control policies (i.e., pricing,

smoke-free policies, information cam-

paigns, bans on advertising, health

warning labels, cessation treatments)

are not affecting older smokers the

same as younger cohorts, as repre-

sented in an analysis of smoking behav-

ior in Europe between 2004 and 2013

(https://bit.ly/3VVs2y2). Additionally,

older smokers may have less knowl-

edge of quitlines or other local smoking

cessation services2,3 and more miscon-

ceptions about the relative harms of

nicotine and combustible tobacco.2

Older adults are also less likely to use

noncombustible nicotine products

(https://bit.ly/3z3iZAY).

The lack of attention paid to older

smokers does not match the incredible

burden of disease and death that this

population carries. Tobacco-related dis-

ease is age-related disease as evi-

denced by older smokers incurring 12

times greater health care expenses

than middle-aged smokers (https://bit.

ly/3eXhLR8).4 As noted by the American

Cancer Society, cancers associated with

smoking are most often diagnosed

after the age of 65 years and include

lung, kidney, bladder, and stomach can-

cer (https://bit.ly/3F7gtxB). Although

most people start smoking in the early

part of their life, most suffering and

deaths associated with tobacco use

occur far later. Unfortunately, older

adult smokers are not represented in

the most basic methodological details

of nicotine and tobacco research. For

example, in other fields of study, “older

adults” are often defined as those who

are 65 years and older and may be

further delineated as the young old

(65–74 years), middle old (75–84 years),

and old old (≥85 years).5 However,

research on tobacco use does not

adhere to this definition, with studies

defining “older adults” across a wide

range of ages (e.g., 25 years or older;

https://bit.ly/3TIjwAr). Beyond this,

many studies explicitly exclude anyone

older than 65 years from participation

(https://bit.ly/3VP032T). These inconsis-

tencies in definitions and study inclu-

sion criteria can confound what we

know about tobacco use among older

adults.

Adding to these disparities is the real-

ity that older smokers face a range of

socially and medically complex chal-

lenges. In the United States, older

smokers are more likely to be American

Indian/Alaska Native, Black, or multira-

cial; to have less than a high school

education; and to earn less than

$25000 a year (https://bit.ly/3TpJzfP).

The intersection of age and race is

notable, particularly when examining

smoking cessation behaviors. Older

Black men are less likely to stop smok-

ing as they age than are older White

men despite starting smoking later in

life.6 Older Black smokers are also dis-

proportionately excluded from lung

cancer screening guidelines despite

this population facing a higher risk of

lung cancer.7 Older adults in the United

States are less likely to use the Internet

for health-related information seeking,8

which may heighten inequalities in

health information access. Compound-

ing these health equity issues are the

multitude of comorbid health condi-

tions associated with tobacco smoking,

that could increase the likelihood of

age-related psychosocial and physical
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health conditions such as chronic pain,

dementia, and social isolation or

loneliness.

One rarely discussed option for

addressing the health of aging smokers

is harm reduction. The topic of tobacco

harm reduction has become a lightning

rod for disagreement because of

ongoing concerns that novel nicotine

products such as electronic cigarettes

(e-cigarettes) could damage the health

of nonsmokers, including youths.

Although efforts to prevent the uptake

of tobacco and nicotine use among

young people are critical, they should

not supersede a focus on the lives of

older smokers. Prioritizing dependence

prevention over harm reduction is not

ethically justified.9 Like harm reduction

approaches for other substance use

disorders and geriatric patients facing

chronic health conditions, such as

obesity, tobacco harm reduction philos-

ophy respects the autonomy and

health goals of older adults who might

be ambiguous about smoking cessa-

tion. Such smokers could benefit from

learning that reducing the number of

cigarettes smoked can significantly

lower their mortality risk (https://bit.ly/

3guzMqj) or that the predominant

cause of cancer is combustible tobacco,

not nicotine.

Although previous research indicates

that the public largely does not have a

good understanding of harm reduction

as it relates to nicotine products

(https://bit.ly/3TH4MSV), emerging ethi-

cal frameworks cautiously support the

adoption of noncombustible nicotine

products, such as electronic cigarettes,

as a harm reduction alternative to

smoking.10 Clinicians working with older

adults should consider emphasizing

the differential risks associated with

smoking compared with noncombusti-

ble products (https://bit.ly/3Sr6KFe).

Messages can support the cessation of

all nicotine and tobacco products while

simultaneously providing education

about differential product risk and

adhering to principles of informed con-

sent and consumer autonomy (https://

bit.ly/3Sr6KFe). Furthermore, clinicians

working with older adults may wish to

develop graphical risk messaging, as

people are more likely to accurately

perceive tobacco product risk and to

share that information with others

when risk messaging is graphics-based

as opposed to text-based (https://bit.ly/

3f2pqgS).

Future work should explore whether

this type of risk messaging is effective

for older adult smokers. Likewise, clini-

cians and others providing cessation

26.8

24.4

20.1

13.0

7.4

27.0

24.1

22.0

17.7

14.1

24.0

21.9

21.1

17.0

17.0

9.7
8.6

9.5
8.4

9.0

0

5

10

15

20

25

30

2000 2005 2010 2015 2020

Pr
ev

al
en

ce
, %

Year

18–24 years

25–44 years

45–64 years

≥ 65 years
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support to older adults should tailor

their messaging to this population, with

attention to acknowledging behavioral

stage, beliefs about the harms of smok-

ing and benefits of quitting, supporting

motivation and self-efficacy, and ensur-

ing adequate and timely social sup-

port.11 Clinicians and research teams

should be reminded that older adult

smokers want to quit smoking and can

still experience benefits from cessation

(https://bit.ly/3TOgEll).11,12

Efforts to rectify the age-related dis-

parities we have described are impera-

tive and must include strategic

approaches for educating and motivat-

ing older smokers to reduce or stop

their use of smoked tobacco. Older

adults are not a homogenous group,

and intervention efforts must consider

social and environmental factors con-

tributing to their health behaviors.

Unfortunately, funding opportunities

and public health interventions are

rarely tailored to older adults, leaving a

significant gap in what we understand

about the older smoker’s experience

or what interventions best help older

adults. Key research gaps include the

degree of nicotine dependence among

older smokers and its relationship with

quitting smoking. In addition, opera-

tional definitions used to define smok-

ing history such as the 30 or more

pack-years used in lung cancer screen-

ing eligibility7 should be evaluated to

better understand whether such defini-

tions are perpetuating health inequal-

ities among Black and other minority

older adult smokers. Finally, under-

standing the efficacy and effectiveness

of noncombustible nicotine products,

such as e-cigarettes, and how they

might aid older adults’ smoking cessa-

tion attempts is warranted. Certainly,

there are challenges to adopting a

harm reduction framework, and

continued surveillance of the long-term

effects of e-cigarettes and other non-

combustible tobacco products among

older adults is needed.

Older smokers deserve to know that

it is never too late to improve their

health and that quitting smoking can

add years to their lives regardless of

age (https://bit.ly/3guzMqj). Future

research efforts focused on developing

novel, age-tailored interventions are

critical for public health, including

efforts to address smoking among

older people historically marginalized

because of age, race, education level,

and income. Otherwise, the status quo

will continue, and the suffering and

early death of millions of older adult

smokers will persist.
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Social Disparities in the Duration of
Power and Piped Water Outages in
Texas After Winter Storm Uri
Sara E. Grineski, PhD, Timothy W. Collins, PhD, Jayajit Chakraborty, PhD, Eric Goodwin, MS, Jacob Aun, MA, and
Kevin D. Ramos

We assessed sociodemographic disparities in basic service disruptions caused by Winter Storm Uri in

Texas. We collected data through a bilingual telephone survey conducted in July 2021 (n 5753). Being

Black, having children, and renting one’s residence were associated with longer power outage durations;

being Black was also associated with longer water outages. Our findings highlight the need to plan for

and ameliorate inequitable service outages and their attendant health risks in climate change–related

extreme weather events such as Uri. (Am J Public Health. 2023;113(1):30–34. https://doi.org/10.2105/

AJPH.2022.307110)

W inter Storm “Uri” included three

arctic fronts that swept across

the state of Texas from February 10

through 20, 2021. Treating Uri as a nat-

ural intervention, we examine sociode-

mographic disparities in power and

water outage durations associated with

the storm.

INTERVENTION AND
IMPLEMENTATION

We treat Uri as a natural intervention

because it triggered major societal dis-

ruptions. As numerous counties faced

extreme low temperatures, 10 million

people lost access to electricity1

because electricity and gas systems

were insufficiently winterized, the major

electric grid operator (i.e., Electric Reli-

ability Council of Texas) was isolated

from the national grid and unable to

import power, and some power plants

were out of service for planned mainte-

nance.2 One study inferred that 69% of

Texans went without power and 49%

went without running water.3 Power

outage conditions directly caused 210

deaths (e.g., from carbon monoxide

poisoning); when indirect causes are

included, Uri led to an estimated 700

deaths.2 Texas incurred $130 billion in

economic losses as a result of the

storm.1 To understand the unequal

effects of this event, we conducted a

35-minute telephone survey in English

and Spanish across eight Texas metro-

politan statistical areas in July 2021.

PLACE, TIME, AND
PERSONS

The survey was administered to ran-

domly selected residents 18 years or

older in counties representing the follow-

ing Texas metropolitan statistical areas:

Dallas–Fort Worth, Houston, San Antonio,

Austin, McAllen, El Paso, Beaumont–Port

Arthur, and Lubbock (Figure A, available

as a supplement to the online version

of this article at http://www.ajph.org).

The sampling frame was proportionally

weighted according to the population

(n51964). Of 1764 eligible respond-

ents contacted, 896 (50.8%) completed

the survey. We excluded 143 respond-

ents who did not complete survey items

used to construct three or more of our

analysis variables, leaving a final sample

size of 753.

We collected data on sociodemo-

graphic characteristics (independent

variables) and the durations of power

and water outages (in hours) associ-

ated with the storm, the latter two of

which we analyzed as dependent varia-

bles. Descriptive statistics for all varia-

bles are shown in Table 1. To analyze

the data, we used multiple imputation

to address missing values and then

employed our multiply imputed data in

multivariable generalized estimating

equation models.

PURPOSE

It is important to study events such as

Uri because they cause power4,5 and
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water6,7 outages, which pose serious

risks to public health. Disasters tend to

disproportionately affect socially disad-

vantaged communities that lack resour-

ces to stay safe and recover quickly.8

Because of the lack of outage data, few

published studies have examined

inequities in power and water outages.

During Uri, an ecological analysis

revealed that Texas counties with more

severe power outages had greater con-

centrations of Hispanic residents.2 A

report on an Internet survey conducted

after Uri showed minimal differences in

reported outage durations between

racial/ethnic groups3 but lacked

statistical testing and examination of

other covariates. Another report

showed that one tenth of the popula-

tion in predominantly White areas suf-

fered a nighttime blackout during Uri,

as compared with one half in areas

with large concentrations of racial/

ethnic minority residents.9

Our survey data provide a unique basis

for statistically examining household-

level inequalities in the self-reported

durations of both power and water

outages during Uri. We addressed the

following question: How were sociode-

mographic characteristics associated

with the duration of basic service outages

during Uri across the eight Texas metro-

politan areas assessed?

EVALUATION AND
ADVERSE EFFECTS

Observed means for power and water

loss durations were 42 hours and 33

hours, respectively. In the multivariable

generalized estimating equation mod-

els, being Black, having children, and

renting one’s residence were associ-

ated with longer power outages; being

Black was associated with longer water

outages (all Ps < .05; Table 2). To deter-

mine how much longer, we used the

TABLE 1— Descriptive Statistics Pertaining to a Household Survey Conducted in Eight Texas
Metropolitan Statistical Areas: 2021

Variable
No.

Households Minimum Maximum Mean 6SD
Yes, No.

(%)
No, No.

(%)
Missing,

(%)

Total hours home was without electricity 745 0.0 504.0 42.156 655.914 1.0

Total hours home was without piped
water service

724 0.0 672.0 32.691 668.762 4.0

Household incomea 734 1 10 5.260 62.868 0.3

Householder race/ethnicity

Non-Hispanic White 748 0 1 329 (44.0) 419 (56.0) 0.7

Non-Hispanic Black 748 0 1 81 (10.8) 667 (89.2) 0.7

Hispanic 752 0 1 265 (35.2) 487 (64.8) 0.1

Non-Hispanic other 748 0 1 71 (9.5) 677 (90.5) 0.7

US-born householder 746 0 1 616 (82.6) 130 (17.4) 0.9

Household has a disabled member 753 0 1 341 (45.3) 412 (54.7) 0.0

Household has a member older than 65 y 743 0 1 271 (36.5) 472 (63.5) 1.3

Household has a child (or children) 750 0 1 289 (38.5) 461 (61.5) 0.4

Ownership status

Owns 753 0 1 497 (66.0) 256 (34.0) 0.0

Rents, non-HUD 753 0 1 133 (17.7) 620 (82.3) 0.0

Rents from HUD 753 0 1 123 (16.3) 630 (83.7) 0.0

ERCOT power gridb 753 0 1 667 (88.6) 86 (11.4) 0.0

Freeze severityc 753 1.53 23.15 15.028 64.030 0.0

Note. ERCOT5 Electric Reliability Council of Texas; HUD5Housing and Urban Development. The household sample size was 753.
aIncome variable categories were as follows: (1) < $10000, (2) $10000–$19999, (3) $20000–$29999, (4) $30 000–$39 999, (5) $40 000–$49 999, (6)
$50000–$74999, (7) $75000–$99999, (8) $100 000–$149999, (9) $150 000–$249999, and (10) ≥$250000.
bData were not collected via our survey; we used Geographic Information System software to overlay geocoded locations of our respondents (based on
household addresses) with a power grid polygon shapefile.
cData were not collected via our survey; we used secondary data to create this measure. Freeze severity is a measure of the extent to which the
minimum temperature during the storm deviated from the average minimum temperature. We calculated the minimum temperature that occurred
between February 10 and 20, 2021, for each household on the basis of High-Resolution Rapid Refresh radar data. We then subtracted the average
February minimum temperature in each metropolitan statistical area.
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models in Table 2 to calculate esti-

mated marginal means. In contrast to

observed means (Table 1), estimated

marginal means adjust for covariates

(i.e., all other variables held at their

observed means) and multivariable

model specifications (Table 2). The

model for power outage duration pre-

dicted 58.6 hours versus 34.8 hours

for Black versus non-Hispanic White

householders, 45.7 hours versus 34.3

hours for households with children

versus those without, and 41.4 hours

versus 32.1 hours for renters versus

owners. For water outage duration, the

model predicted 57.0 hours versus

31.6 hours for Black versus non-Hispanic

White householders.

These significant findings were robust

according to sensitivity analyses of multi-

ply imputed data for all cases (n5896;

Table A, available as a supplement to

the online version of this article at http://

www.ajph.org), cases with complete

data only (n5699; Table B, available

as a supplement to the online version of

this article at http://www.ajph.org), and

cases without outlier dependent variable

values (n5746 and n5743; Table C,

available as a supplement to the online

version of this article at http://www.ajph.

org). The only exceptions, when compar-

ing the sensitivity analyses to the Table 2

findings, were the renter status–longer

power outage finding becoming statisti-

cally nonsignificant (Tables B and C); Elec-

tric Reliability Council of Texas grid, public

housing residence, and being US born

becoming statistically significant for lon-

ger power outages (Table C); and renter

status becoming statistically significant

for longer water outages (Table C).

TABLE 2— Pooled Results of Multivariable Generalized Estimating Equations Including Data Collected
Through a Household Survey Conducted in Eight Texas Metropolitan Statistical Areas: 2021

Duration of Power Outage, b (95% CI) Duration of Piped Water Outage, b (95% CI)

Intercept 2.76 (1.74, 3.79) 25.80 (4.80, 46.81)

2020 household income 20.01 (20.04, 0.03) 21.62 (23.49, 0.24)

Householder race/ethnicity

Non-Hispanic White 0 (Ref) 0 (Ref)

Non-Hispanic Black 0.52 (0.30, 0.75) 25.34 (5.40, 45.33)

Hispanic 0.12 (20.098, 0.34) 6.03 (23.94, 16.01)

Non-Hispanic other 0.02 (20.13, 0.30) 20.57 (215.08, 13.93)

Householder country of origin

Foreign-born 0 (Ref) 0 (Ref)

US-born 0.14 (20.14, 0.41) 21.99 (214.07, 10.09)

Household composition

All household members are younger than 65 y 0 (Ref) 0 (Ref)

Household has an older member 0.05 (20.17, 0.27) 0.56 (210.49, 11.62)

Household has a disabled member 0.02 (20.13, 0.16) 2.25 (27.09, 11.59)

Household has a child (or children) 0.35 (0.19, 0.52) 5.20 (25.64, 16.04)

Ownership status

Owns 0 (Ref) 0 (Ref)

Rents, non-HUD 0.44 (0.12, 0.76) 12.85 (22.20, 27.91)

Rents from HUD 0.14 (20.08, 0.36) 13.72 (23.60, 30.97)

ERCOT power grid 0.33 (20.69, 1.34) 6.94 (221.53, 35.41)

Freeze severity 0.03 (20.01, 0.08) 1.07 (21.03, 3.16)

Note. CI5 confidence interval; ERCOT5 Electric Reliability Council of Texas; HUD5Housing and Urban Development. The household sample size was
753. The term pooled results refers to our use of multiple imputation to address missing values. We created 20 data sets with separate imputed values
for missing observations and used these data in our pooled statistical analyses. Model specifications are normal with log link (for duration of power
outage) and normal with identity link (for duration of piped water outage), with an exchangeable correlation matrix and clustering of metropolitan
statistical areas (n58) by median age of housing stock categories (n58). Models also controlled for five winter climatic zone categories on the basis
of average annual minimum winter temperature. Parameter estimate sizes are not comparable between the models owing to different model
specifications (i.e., link functions). Collinearity diagnostics indicated an absence of multicollinearity in these models. SPSS version 28.0 (IBM, Somers, NY)
was used in generating our models.
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In terms of limitations, survey data

were collected five months after the

event, which could have led to recall

bias. We do not know whether there

was nonresponse bias in the sample.

In addition, we did not model locations

of critical facilities, the presence of

which reduced the chance of blackouts

by approximately 6% during Uri.9

SUSTAINABILITY

Research on social disparities associ-

ated with events such as Uri is impor-

tant and should be prioritized. Because

of climate change10 and the public

health effects of service outages,4–7

Uri should serve as a bellwether nation-

wide. Black householders, householders

with children, and renters experienced

disproportionately longer outages and

should be targeted with public health

interventions, including provision of bot-

tled water, small grants to purchase

food, and blankets and warm jackets

(especially when cold weather occurs in

warm climates11). At a societal level,

improving infrastructure systems to

withstand extreme weather and equita-

bly protect residents is of utmost public

health importance.

PUBLIC HEALTH
SIGNIFICANCE

Whereas previous research has

highlighted disparities in power out-

ages in minority areas9 and Hispanic

areas2 in Texas during Uri, we found

power outages of significantly longer

durations for Black households. House-

holds with children and renters also

reported longer power outages. During

a winter storm, power outages lead to

relatively cold indoor temperatures,

and cold is a leading cause of mortality;

the attributable mortality rate in the

United States for cold temperatures is

an order of magnitude larger than it is

for high temperatures.12 Long-duration

power and water outages are stressful

for households as toilets cannot be

flushed and lights cannot be turned on;

furthermore, there are substantial eco-

nomic costs associated with replacing

food and buying bottled water. These

stressors disproportionately affected

Black householders, householders with

children, and renters after Uri.

Gastrointestinal issues are a health risk

associated with basic service outages.

Black households likely faced increased

risks of gastrointestinal issues after Uri

because of their longer power and water

outage durations relative to White

households. One study showed that ado-

lescents and adults with diarrhea after a

daylong power outage in New York City

were more than 2.5 times as likely as

those without diarrhea to have con-

sumed seafood and meats.4 Although

the Centers for Disease Control and Pre-

vention recommends avoiding refriger-

ated food once power outages exceed

four hours, that time window stretches

to 24 to 48 hours for half-full and full

freezers. Black households’ outages

exceeded the 48-hour window during

which food would still edible, whereas

White households’ outages did not.

In addition, a systematic review

revealed that gastrointestinal issues are

associated with longer versus shorter

water outages because pipes become

increasingly vulnerable to backflow and

intrusion.6 This implies that Black house-

holds likely faced higher risks of gastroin-

testinal issues than White households

after Uri because of the disproportion-

ately longer outages they endured.
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See also Seewald, p. 37, Bauer et al., p. 40, Wang and Chakraborty,

p. 49, and Liu et al., p. 60.

A JPH has long endorsed the appli-

cation of novel and powerful

state-of-the-art methodological

approaches to advance population

health. In 2004, we asked David

Murray1,2 and Allan Donner,3 two pio-

neers in the development and applica-

tion of group or cluster randomized

trials, to provide extensive primers on

their design, application, and analysis,

and invited them to help keep these

tools in our analytic toolbox by provid-

ing methodological updates in 2017.4,5

In 2018, we embraced the notion of

returning “cause” to our public health

vocabulary, and employing causal infer-

ence methods to our data when appro-

priate. Miguel Hernan6 and others7

presented a compelling case that while,

for many good historical reasons, we

kept our expectation of finding and

stating causes to a minimum and simi-

larly kept our language away from the

term, that it was time to acknowledge

that we are indeed after causes. And

while we may not be in a design or

analytic space to suggest cause, we

should not shy away from the applica-

tion of methods for causal inference

when appropriate and should strive to

push our research as far down the

causal pathway as possible. In 2023,

AJPH is again promoting the adoption

of advanced methodologies to improve

population health with the presentation

of three methodologies and approaches.

METHODOLOGICAL
ADVANCES

First, Wang and Chakraborty (p. 49) pre-

sent an outstanding review of a method

that overcomes some of the downsides

of traditional randomized controlled

trials, which often tend to compare one

novel treatment to standard or usual

care, where participants remain in their

assigned treatment groups over the life

of the trial. Such trials can often last

months or years and can be prohibi-

tively expensive. The sequential multi-

ple assignment randomized trial

(SMART) and other such adaptive or

dynamic treatment strategies allow

investigators to reassign patients to

additional intervention arms depending

upon response to the previous inter-

vention. The review paper offers an

overview of methods and applications

and provides links to R code and meth-

ods for sample size calculations for

SMARTs as well as for the statistical

analysis of such trials. A supportive

commentary by Seewald in this issue

also extends the conversation and pro-

vides further insights into the applica-

tion of SMART designs (Seewald p. 37).

Second, Liu et al. (p. 60) expertly pre-

sent the design and analysis considera-

tions for a whole class of interventions

that recognize that spatially and tempo-

rally static interventions are not always

optimal. These “just-in-time adaptive

interventions” (JITAIs) seek to provide

the most effective intervention type at

just the right time and place; in a smok-

ing cessation program, a JITAI approach

might send reminders to a participant

to check their patch or chew replace-

ment therapy gum during periods of

high craving, while sending alerts to

practice meditation, to exercise, or

participate in healthy and alternative

behaviors during other times, and per-

haps deliver no intervention when all

internal and external conditions are

optimal for cessation so as not to over-

burden the patient. Liu et al. describe

a design approach, microrandomized

trials (MRTs), that are employed to help

determine the type and duration of

those spatially and temporally optimal

interventions. Liu et al. use two pub-

lished examples of the implementation

and analysis of MRTs and provide

tables with comprehensive links to pub-

lished methods and R, SAS, or Stata

code for both sample size calculations

for, and statistical analysis of, MRTs,

whose results can be used to populate

the content of JITAIs.

Third, Bauer et al. (p. 40) describe a

Bayesian estimation method to help

identify testing disparities and inform

the magnitude of testing deficiency in

the context of small area estimation,

using severe acute respiratory syn-

drome coronavirus 2 (SARS-CoV-2) as

an example. Bauer et al. present a

two-step sampling method that has a

number of advantages over traditional
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approaches. First, just as “all politics

are local,” all public health is local as

well, and the method is designed to be

implemented in smaller, local environ-

ments where testing data and informa-

tion may be sparse.

Second, it can help, in real time, pre-

dict the number of tests that will be

needed to better inform the supply

chain needs and can incorporate the

often-dynamic parameters of a pan-

demic rather than relying on fixed and

perhaps outdated inputs. In a public

health catch-22, areas with fewer avail-

able tests may report lower rates,

thereby reinforcing the false need for

fewer tests. As in the article by Hernan,7

in which he observes that the terror

evoked by the term “causal inference”

may keep many away from implement-

ing causal methods, uttering the word

“Bayesian” may similarly keep investiga-

tors at bay. Fortunately, Bauer et al.

(p.40) provide links to the necessary

R code on GitHub along with a practice

data set for easy implementation.

PUSH–PULL

Methodologies andpopulation health

often operate in a symbiotic push–pull

relationship, inwhich stubborn health

issues push the development of novel

design and analyticmethodologies, and

newmethodologies allow for interroga-

tions to get pulled into newareas and

offer potential solutions.Wehope that by

presenting thesemethods in user-friendly

formats that itmakes it easier to enter the

population health push–pull conversation

and continue to advance health.
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Wang and Chakraborty’s article

in this issue of AJPH (p. 49) pro-

vides a fantastic summary of develop-

ments in the design and analysis of

sequential, multiple-assignment ran-

domized trials (SMARTs), alongside

examples in which these trials can be

used to improve infectious disease con-

trol. Sequentially randomized trials are

powerful tools for developing evidence-

based interventions that can adapt to

individuals’ changing needs over time.

In this comment, I focus on adaptive

interventions themselves, separated

from a study design, to advocate for

their increased development and dis-

semination not only in infectious dis-

ease research, but in public health

more broadly.

Fundamentally, SMARTs are tools that

allow for the development of high-quality

adaptive interventions (also commonly

called dynamic treatment regimens or

adaptive treatment strategies). Adaptive

interventions are sequences of decision

rules that map ongoing information

about individuals, clinics, geographical

areas, or other types of treated units

onto recommendations for subsequent

treatment.1 In this way, adaptive

interventions operationalize real-life clini-

cal and public health practice. High-

quality adaptive interventions provide

principled guidance on how to modify an

intervention when and for whom it is

necessary. Critically, an adaptive interven-

tion is a fixed sequence of recommenda-

tions that guide treatment decisions: it is

an intervention design, whereas a SMART

is a study design that can answer ques-

tions about the development of adaptive

interventions.

Questions about how to construct

an effective adaptive intervention take

many forms. They can be as simple as,

“How should we initiate treatment to

maximize effectiveness?”, “How should

we modify treatment for units for which

the initial intervention does not work?”,

or “Should we provide a maintenance

intervention for those units that

responded well to the initial treatment,

or just watch and wait?” Other ques-

tions might be about how to identify

individuals or units whose first-stage

treatment should be modified, or how

long one should wait before treatment

modification. Fundamentally, these are

questions about bundling interventions

in sequences that recognize and

leverage treatment effect heterogeneity

to achieve better public health

outcomes.2

In the malaria SMART discussed by

Wang and Chakraborty, the investigators

recognize that the dynamic nature of

malaria risk, along with rising insecticide

resistance, necessitates adaptation:

single interventions or standard combi-

nations thereof may not be enough to

control malaria in Africa.3 In this context

and many others, treatments that work

in one region or for one group of individ-

uals may not work for another, and treat-

ments that work nowmay not work in

the future. This is widely acknowledged,

but there is still a dearth of research

examining the effects of interventions

working in concert with one another—

as they do in practice—rather than as

stand-alone, one-size-fits-all approaches

to treatment.2 Additionally, the adaptive

interventions embedded in this SMART

consider cost-effectiveness by reserving

expensive interventions like larval source

management for those sites where low-

cost interventions were insufficient for

reducing malaria incidence.

The American Public Health Associa-

tion believes that equity is at the core

of public health.4 Adaptive interven-

tions are of interest not only because

they mimic actual public health prac-

tice, but also because they can help

improve outcomes for everyone. By

explicitly recommending intervention

strategies for both responders and

nonresponders, adaptive interventions

provide a principled “backup plan” for

those for whom the initial intervention

is insufficient. In the COVID-19 example

SMART described by Wang and

Chakraborty, the trial design explicitly

studies ways tomotivate those individuals

still unvaccinated after initial outreach.5

If the trial discovers an effective adaptive

intervention, it will be one that has
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considered the needs of those non-

responding individuals. Single-stage

interventions cannot do this.

SMARTs are a powerful tool for

addressing open questions about mul-

tiple stages of an adaptive intervention.

But, as Wang and Chakraborty point

out, they are not the only randomized

trial design that facilitates research on

adaptive interventions.6 SMARTs are a

means to an end: they exist to enable

research into questions about adaptive

interventions. As with any study design,

those scientific questions must come

first, and a SMART should only be

designed if justified by the science. In

some cases, the scientific questions

may require a different, possibly sim-

pler, trial design.7 Additionally, ran-

domization is not always feasible or eth-

ical, in which case a randomized trial

cannot be used at all.

In a rapidly evolving infectious disease

context, such as the early COVID-19

pandemic, nonexperimental methods

for identifying effective treatments and

prevention strategies can be crucial.

Just as there is a growing literature on

methods for constructing adaptive

interventions from SMARTs, similar

innovation is happening in nonexperi-

mental settings. Through the use of

hospital records or data from an epide-

miological surveillance system, for

example, statistical reinforcement learn-

ing methods can be used to discover

effective adaptive interventions.8 These

methods rely on natural variation in

treatment provision over time to iden-

tify adaptive interventions that optimize

the outcome of interest, and use causal

inference techniques to avoid bias due

to confounding.9 Although SMARTs and

other randomized trials remain the gold

standard, other approaches to research

on adaptive interventions do exist and

can be used when randomization is dif-

ficult or impossible.

Wang and Chakraborty rightly point

out the need for methodological inno-

vations that improve the speed and

efficiency of SMARTs. These methods

will be critical for the design’s adoption

in time-sensitive scenarios like evolving

epidemics or pandemics. Cluster-

randomized SMARTs are likely to be an

important tool in developing adaptive

interventions for infectious disease

control and prevention, just as cluster-

randomized single-stage trials are.

Adaptive randomization and interim

monitoring techniques can help as

well by allowing principled on-the-fly

changes to the design that increase the

number of participants receiving treat-

ment recommendations from an effec-

tive adaptive intervention. Bringing in

other methods from the singly random-

ized trial literature, such as covariate

adjustment and early stopping proce-

dures, may also help improve the effi-

ciency of SMARTs.

Although development of adaptive

interventions has been of growing

interest, there remains a sizeable gap

between research and practice. SMARTs

are frequently described as optimization

trials, not confirmatory ones. Indeed,

Murphy’s seminal 2005 article on SMARTs

explicitly says that these trials should

be viewed as part of a series of develop-

mental studies leading to a confirmatory

trial.10 To the best of my knowledge,

adaptive interventions informed by

SMARTs are rarely if ever tested against

standard of care in a confirmatory trial,

even nearly 20 years after the design’s

introduction. Suitable control groups

can and have been built into SMARTs

by embedding one adaptive interven-

tion that recommends standard of care

throughout, but rarely are these trials

powered for comparisons of other

embedded adaptive interventions

against that control. Methods for

powering trials for identifying an opti-

mal adaptive intervention exist, but

translational work is required to make

them accessible to nonstatisticians.11

Additionally, more attention should be

paid to rolling out and scaling up high-

quality, evidence-based adaptive inter-

ventions; advances in implementation

science to support putting these multi-

stage, tailored interventions into prac-

tice are needed.

Wang and Chakraborty provide a

thorough introduction to SMARTs and

their possible use in infectious disease

research. Adaptive interventions have

the potential to improve outcomes

across fields by emphasizing combina-

tions of effective treatments delivered

sequentially when and to whom they

are needed. Although methodological

and implementation challenges remain,

adaptive interventions can be powerful,

cost-effective tools to promote public

health. Wang and Chakraborty have

developed an excellent resource for

scholars looking to develop adaptive

interventions to bring us toward a

more dynamic, responsive vision for

public health.
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Objectives. To propose a novel Bayesian spatial–temporal approach to identify and quantify severe

acute respiratory syndrome coronavirus 2 (SARS-CoV-2) testing disparities for small area estimation.

Methods. In step 1, we used a Bayesian inseparable space–time model framework to estimate the

testing positivity rate (TPR) at geographically granular areas of the census block groups (CBGs). In step 2,

we adopted a rank-based approach to compare the estimated TPR and the testing rate to identify areas

with testing deficiency and quantify the number of needed tests. We used weekly SARS-CoV-2 infection

and testing surveillance data from Cameron County, Texas, between March 2020 and February 2022 to

demonstrate the usefulness of our proposed approach.

Results.We identified the CBGs that had experienced substantial testing deficiency, quantified the

number of tests that should have been conducted in these areas, and evaluated the short- and long-

term testing disparities.

Conclusions. Our proposed analytical framework offers policymakers and public health practitioners a

tool for understanding SARS-CoV-2 testing disparities in geographically small communities. It could also

aid COVID-19 response planning and inform intervention programs to improve goal setting and strategy

implementation in SARS-CoV-2 testing uptake. (Am J Public Health. 2023;113(1):40–48. https://doi.org/

10.2105/AJPH.2022.307127)

S ince the COVID-19 pandemic

started, a growing body of literature

has revealed disparities in severe acute

respiratory syndrome coronavirus 2

(SARS-CoV-2) testing. For example, minor-

ity communities of Blacks and Hispanics

had lower testing rates.1 Language bar-

riers and lack of health insurance have

also been identified as barriers to SARS-

CoV-2 testing.2,3 Geographical disparities

in SARS-CoV-2 testing have been recog-

nized in many studies.4,5 SARS-CoV-2

testing rates were lower in rural states

and higher in well-off suburbs with

predominantly White populations.6,7

Most studies have adopted an ecologi-

cal analysis of SARS-CoV-2 testing in US

counties to examine testing disparities

geographically and the association be-

tween testing and various area-level

contextual factors. Although many

found evidence of testing disparities,

they rarely quantified the testing gap;

in other words, they rarely answered

the question: How many tests should

be done to remove the disparity?

One exception is Dryden-Peterson

et al.,8 who proposed a rank-based

approach to quantify the number of tests

needed by zip code tabulation areas in

Massachusetts to bridge the disparities

in SARS-CoV-2 testing. This approach

makes minimal assumptions about data

distribution and other factors contribut-

ing to testing and infection patterns (e.g.,

vaccination and nonpharmaceutical

interventions). Moreover, ranks are per-

formed to compare areas relative to

each other in the study region, so this

approach could be more informative

to local public health departments for

planning and resource allocation.
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Although such a rank-based approach

is appealing, some issues are also noted,

particularly in the context of small area

estimation.9 First, when the geographic

areas are small or the relevant popula-

tion is small, the observed test positivity

rate (TPR)—usually calculated as the ratio

of the number of positive cases to the

number of tests conducted on a daily or

weekly basis—would be highly variable

and often as extreme as 0% or 100%. In

some situations, such as when there are

zero tests performed in a specific area

or time frame, it is impossible to accu-

rately estimate the number of positive

infections (e.g., TPR would be 0/0 mathe-

matically). Second, from a practical per-

spective, the rank-based approach to

examining testing disparity would be

more useful if the assessment could be

made prospectively, as opposed to ret-

rospectively. For example, if the testing

gap (by rate or by number) could be

quantified for the weeks ahead, it could

greatly support local health departments

and health practitioners in setting goals

for resource allocation, community out-

reach and engagement, and educational

programs.

The National Institutes of Health–

funded Rapid Acceleration of

Diagnostics–Underserved Populations

(RADx–UP) projects, which focus on

enhancing SARS-CoV-2 testing among

health disparate populations, could

also benefit from the quantification of

testing gaps. Indeed, our motivation

for developing the proposed 2-step

Bayesian spatial–temporal approach

arose from the gaps and limitations re-

lated to small geographical areas expe-

rienced by authors and key community

stakeholders in their practice and re-

search responses to the COVID-19

pandemic.

We illustrate the rank-based algorithm

proposed by Dryden-Peterson et al.8 in

detail and demonstrate the issues of

directly applying this approach for small

area estimation. We apply our approach

to SARS-CoV-2 testing and infection sur-

veillance data from Cameron County,

Texas, where over 90% of the population

is Mexican American.10 Cameron County

is also one of the study sites of an ongo-

ing RADx–UP project.11

METHODS

We illustrate the issues of the existing

rank-based algorithm in small area

estimation and describe our proposed

Bayesian spatial–temporal approach.

Rank-Based Approach

To illustrate the algorithm proposed

by Dryden-Peterson et al.,8 we used

mock data from Table 1 and adapted

values from the actual Cameron County

COVID-19 surveillance database be-

tween March 2020 and February 2022.

Letmit denote the number of SARS-

CoV-2 tests reported in area (e.g., zip

code tabulation areas) i (i51, � � � , I) at
time point t ðt51, � � � ,TÞ, and yit denote

the number of detected positive cases.

To assess the testing disparity, we need-

ed measures of the testing intensity rit
(representing the supply aspect) and the

epidemic intensity pit (representing the

demand aspect). The observed testing

intensity was quantified as the testing

rate per 10000 population, calculated as

r
_

it5
mit
Nit

� �
310000, with Nit being the

population size.

The epidemic intensity is measured by

the TPR, calculated as p̂it 5yit=mit using

the observed testing and case numbers.

For a given time point t, we ranked areas

in the study region by the testing intensity

r
_

it (e.g., from the lowest to the highest)

TABLE 1— Mock Data Illustrating the Rank-Based Approach to Assessing the Testing Gap Proposed in
Dryden-Peterson et al.8

GEOID
Population,

No.
Testing

Frequency
Testing Rate
per 10000

Rank of
Testing Rate

Positive
Frequency TPR

Rank
of TPR

Gap
Exists?

Testing
Gaps, No.

GEO1 1190 20 168.1 5 2 0.10 1 No 0

GEO2 1095 10 91.3 2 2 0.20 2 No 0

GEO3 1000 10 100.0 3 5 0.50 4 Yes 4

GEO4 1200 16 133.3 4 4 0.25 3 No 0

GEO5 880 1 11.4 1 1 1.00 5 Yes 14

GEO6 1790 0 0.0 . . . 0 0 . . . . . . . . .

Note. GEOID5 geographic ID; TPR5 test positivity rate. Testing frequency was the number of tests performed for a given area and time. We calculated
TPR as the ratio of the number of cases to the number of tests performed. Positive frequency was the number of tested positive cases for a given area
and time. We adopted values in the table from the Cameron County COVID-19 surveillance data between March 2020 and February 2022, with the actual
GEOID masked and population size slightly adjusted for privacy purposes. GEO6 presented the case this algorithm could not handle and motivated the
Bayesian 2-step approach we propose.
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and by the epidemic intensity p̂it .Our

rationale for the rank-based comparison

was that if the supply met the demand,

the rank of the supply would match the

rank of the demand; otherwise, the rank

of the supply would be lower than the

rank of the demand. In the context of

SARS-CoV-2 testing disparities, an area

would be considered to have a testing

deficiency if its rank of epidemic intensity

(i.e., p̂itÞ was higher than its rank of test

intensity (i.e., r
_

it). We calculated the num-

ber of tests needed to remove the defi-

ciency as the additional number of tests

required to achieve the matching ranks

after accounting for the different popula-

tion sizes by area.

The algorithm can be seen more clear-

ly using the data in Table 1. We present

SARS-CoV-2 testing and case data from

6censusblockgroups (CBGs) inCameron

County. The observed testing frequency

ranged from0 to 20, and the number of

positive cases ranged from0 to 5.We

first calculated the test intensity rates (we

used per 10000 population because the

CBG-level population size was small) and

the TPRs. For example, for area GEO1,

the test intensity ratewas 168.1 (calculat-

ed as [20/1190]3 10000), and TPRwas

0.1 (2/20). At first, we considered only

the areas GEO1–GEO5becauseGEO6

presented a special issue that wewill

describe later.

We ranked the 5 areas respective to

the testing rate and TPR from lowest to

highest. For area GEO1, because its

rank of testing rate (i.e., fifth) was higher

than its rank of TPR (i.e., first), there was

no testing deficiency. For area GEO5, its

rank of testing rate (i.e., first) was lower

than that of its TPR (i.e., fifth), and hence

there was a testing deficiency. To calcu-

late the needed tests, one would first lo-

cate the area with the testing rate rank

matching the corresponding TPR. For

GEO5 with TPR ranking fifth, we located

the area with the testing rate ranking

fifth—GEO1—because the testing rate

for GEO1 was 168.1 per 10000 popula-

tion and so should be the expected

testing rate for GEO5. After accounting

for the population size in GEO5, the

expected test frequency was 168.13

880/10000514.8. The difference be-

tween the expected and the observed

test frequency was then 14.82 1513.8,

or 14 tests, rounding up. Therefore, there

were testing disparities in GEO5, and 14

additional tests should have been per-

formed to address the deficiency.

Although easily implemented by soft-

ware such as Excel, this algorithm fails

to accommodate the case of GEO6, as it

has zero tests and zero cases. On one

hand, one may argue that zero cases

suggest no expected infection, and

hence there was no testing deficiency

for this area. On the other hand, one

could argue that areas with zero tests in-

dicate the highest testing deficiency and

hence should be prioritized for testing.

Moreover, for area GEO5, the observed

TPR of 100% lacks accuracy because of

the small number of tests performed

(i.e., 1). These issues motivated our pro-

posed Bayesian 2-step approach.

Proposed Bayesian 2-Step
Approach

The 2-step approach we propose

addressed the estimation and predic-

tion of testing disparity in the context

of small area estimation. It has broader

applications beyond COVID-19 testing

and could be used as a routine analy-

tical framework for infectious disease

surveillance systems.

Proposed 2-step approach. In step 1,

we employed the Bayesian inseparable

space–time models originally proposed

in Knorr-Held,12 which has been popular

in disease-mapping models,13 including

models of COVID-19 outcomes.14 These

models provided the estimated TPR,

denoted by pit for area i and time t, with

accuracy for small area estimation im-

proved by borrowing information across

time and space.15,16 We assumed the

observed number of positive cases Yit
to follow a binomial distribution with the

parameter pit :

Yit � Binomðmit , pitÞ,(1)

wheremit denoted the total tests per-

formed in area i and time t. On the logit

scale, we decomposed the positive rate

pit additively as

ð2Þ
logitðpitÞ5l1Xitb1ui1vi1ct1gt1dit:

Here, Xit denotes a vector of potential

risk factors or barriers for area i at time

t, which could include area-level charac-

teristics, such as the percentage of the

population without health insurance, or

the percentage of the population vacci-

nated—if such data were available. The

parameter vector expðbÞ estimated the

odds ratio of infection associated with

those risk factors. The main spatial effect

was modeled as the Besag-York-Molli�e

model,17 with a structured spatial com-

ponent u and an unstructured spatial

component v. We assumed the struc-

tured component to have an intrinsic

conditional autoregressive model and

the unstructured component to have a

normal distribution NIð0,s2
v IÞ, where I

indicates the identity matrix, and s2
v the

corresponding variance parameter.

We modeled the main temporal effect

additively with a structured temporal

effect w and an unstructured temporal

effect c, assuming w to have a second-

order random walk (to impose temporal

smoothing) and c to have a normal

distribution: NTð0,s2
gIÞ: The space–time

interaction term d can take 4 different
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forms as the product of 1 of the spatial

main effects (i.e., u and v) and 1 of the

temporal main effects (i.e., w and c).

More details of the model specification

can be found in the supplementary

materials (available as a supplement to

the online version of this article at

http://www.ajph.org). We used a condi-

tional predictive ordinate for model

selection.18 Our main interest was the

estimated pit but not the individual spa-

tial or temporal component. The insep-

arable model provided the smoothing

needed for the observed TPR with an

extreme value (e.g., 100%); moreover,

it allowed our imputation of the TPR

for areas with 0 tests performed (i.e.,

mit50Þ. This can be done by setting the

observed Yit to NA and the correspond-

ingmit to 1 when fitting the model. We

chose the noninformative priors used

previously.12 We used the posterior

mean and the 95% credible intervals

(95% CrI) when making our inference

of the estimated TPR.

In step 2, we ranked the areas using

the estimated TPRs from step 1 and

then assessed the testing deficiency

and calculated the additionally needed

tests in the same way as the rank-based

approach.

Prospectively predicting the testing gap

using the proposed 2-step approach for

testing planning. The Bayesian insepa-

rable space–time models allow short-

term prediction of the TPR for future

events. We emphasize that the predic-

tion is regarding future events and

should not be confused with the fitted

values from statistical modeling, which

are often called the “predicted values.”

For example, Lieberman-Cribbin et al.19

used “prediction” to present the esti-

mated positivity rate from fitting a Pois-

son regression model, which differed

from the prediction we are proposing.

The predicted TPRs, denoted by ~pi,t11

or ~pi,t12, would be obtained from the

Bayesian model in step 1. The testing

deficiency would be performed by com-

paring the ranks using predicted TPRs

to the ranks of testing intensity at cur-

rent time t. Other ways to quantify the

infection intensity instead of the TPR,

such as case acceleration rates or the

“doubling rate” of cases for the past

weeks, can also be used in ranking.

We assessed the testing gap in 3 ways,

reflecting the immediate, short-term,

and long-term disparities. We tested the

immediate testing disparity by compar-

ing the predicted TPR ~pi,t11 at week t11

to the current testing rate r
_

it at week t.

The rank difference between these 2

rates would give the expected tests and

hence the testing deficiency. Because

the testing rate often fluctuated every

week, we compared the predicted TPR

to the average testing rate from the pre-

vious month for the short-term testing

disparity. Finally, we compared the pre-

dicted TPR to the average testing rate

across the entire study window (i.e.,

from the time the pandemic started to

the time of analysis) for ranking to obtain

the long-term testing disparity.

We implemented the proposed

method in R version 3.6.3 and R pack-

age INLA (R Foundation for Statistical

Computing, Vienna, Austria).20 R code

to implement the proposed approach

is available at http://bit.ly/3UPLmLI,

along with a simulated data set.

RESULTS

We have demonstrated our proposed

2-step approach to SARS-CoV-2 testing

disparities in Cameron County, Texas.

Cameron County is located in the Lower

Rio Grande Valley in south Texas on the

US–Mexico border and is among the

poorest of US counties, with more than

30% of its residents living in poverty.10

The prevalence of several chronic dis-

ease conditions that have been identi-

fied as comorbidities that increase the

risk of COVID-19 infection and severity

is also exceptionally high, with type 2

diabetes more than 27% and obesity

more than 50%.21–23 More than 90% of

the population is Mexican American,10

and similar to other minority groups,

this population has seen disproportion-

ately high infection and fatality rates

since the first local reported cases of

COVID-19 on March 18, 2020.

Several COVID-19 mitigation responses

led by local public health departments

and government–academic partnerships

for community-based intervention

programs have focused on improving

SARS-CoV-2 testing and vaccination in

Cameron County. The mitigation strate-

gies targeted small, defined areas of the

county where populations with health

disparities (e.g., low income, low educa-

tional attainment, crowding) reside.

When conducting education and out-

reach (particularly door-to-door) efforts,

information about the testing pattern at

granular spatial levels such as the CBGs

is more desirable. The CBG-level popu-

lation size was approximately 1900 on

average and ranged from 208 to 14481;

the small population size posed special

challenges to providing accurate esti-

mates of infection and testing.

A total of 667052 SARS-CoV-2 testing

records were reported in Cameron

County between March 18, 2020 and

February 10, 2022. Of these, 70795

(10.6%) were positive. We were able to

geocode the majority (89.9%) of the

testing records to obtain the corre-

sponding CBG. We included only the

polymerase chain reaction (PCR) tests

(71.7% of all reported tests) in quantify-

ing the testing gap because SAR-CoV-2

infection was confirmed only by the
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PCR test. We included 222 CBGs in our

analysis (shown in Section A, available

as a supplement to the online version

of this article at http://www.ajph.org, for

the geography). The data-processing

flowchart is presented in Section B

(available as a supplement to the online

version of this article at http://www.

ajph.org). The weekly trend of SARS-

CoV-2 infection and testing patterns

for Cameron County as a whole had 4

distinctive peaks (shown in Section C,

available as a supplement to the online

version of this article at http://www.

ajph.org). However, we observed sub-

stantial variation in both infection and

testing rates at the CBG level.

We applied our proposed approach

to weekly CBG-level testing data. Based

on the conditional predictive ordinate,

we considered the Bayesian insepara-

ble model with type II interaction the

best, so we used it for inference. De-

tailed results from all models can be

found in Sections E through G (available

as a supplement to the online version

of this article at http://www.ajph.org).

Figure 1 presents the temporal trends

of the observed TPRs (black dots) and

model-based TPRs (blue line, with 95%

CrIs in a lighter shade) from 6 selected

CBGs. Areas 1 and 2 represent CBGs

with relatively large population sizes

(�14000 and �13000, respectively; we

do not include the exact population

size to avoid identification of specific

areas), and the TPRs were fairly stable

and followed the overall pattern at the

county level. Areas 3 through 6 repre-

sented CBGs with much smaller popu-

lation sizes: from approximately 300 to

approximately 1000 individuals. Given

the sparse testing data, the observed

TPRs fluctuated substantially from

week to week, with many extreme

values of 0% and 100%. Moreover,

these areas also had weeks when no

tests were conducted; hence there is

no observed TPR (dots not shown).

Our model fitted the observed data

very well: for areas with sufficient tests

(areas 1 and 2), the fitted lines followed

the observed points very closely. For

areas with sparse tests (areas 4–6),

model-based estimates provided the

needed shrinkage on extreme values of

the observed TPR, which better

reflected the underlying infection trend.

Meanwhile, although the model bor-

rowed information across CBGs, it also

preserved any local pattern that deviat-

ed from the overall county trend (e.g.,

in area 3). After we obtained the

model-based TPR, we calculated the

testing deficiency by week for each CBG.

Figure 2 presents the number of addi-

tional tests needed during the study

time frame, in which the county-level

TPR was overlaid (red line) with the

y-axis scale on the right. Figure 2, panel

a, displays the number of CBGs (of the

total 222) that we identified as having a

testing gap, and panel b presents the

variation of additional tests from these

CBGs. Throughout the period, 217 of

the 222 CBGs experienced testing defi-

ciency at some point. The testing defi-

ciency ranged substantially and differed

by waves. Our analysis also suggested

that substantial tests should have been

performed even during the low infec-

tion period (e.g., February–May 2021).

Figure 3 presents the predicted test-

ing disparity by CBG based on the pre-

dicted TPR for the week of February 7,

2022, using all observed data from

March 18, 2020 through February 7,

2022. For the immediate testing disparity,

we used the testing rate from the pre-

ceding week (i.e., January 31–February 6,

2022) for testing ranks. For short- and

long-term disparities, we used the testing

rate from the preceding month (i.e.,

January 10–February 6, 2022) and the

average testing rate across the entire

study period (i.e., March 18, 2020–

February 6, 2022), respectively. Although

the areas with immediate or short-term

testing deficiencies tended to have in-

creased infection rates, the areas pre-

dicted to have long-term testing disparity

tended to be more rural and experi-

enced limited access to care (including

COVID-19 testing) even before the

COVID-19 pandemic.

DISCUSSION

We have demonstrated our proposed

novel Bayesian 2-step approach to

identifying SARS-CoV-2 testing dispari-

ties and quantifying testing deficiencies

in the context of small area estimation.

Our analytical framework can provide

key information to aid local public health

departments in COVID-19 response

planning and inform intervention pro-

grams, such as RADx–UP, to improve

goal setting and strategic implementa-

tion of interventions to increase SARS-

CoV-2 testing uptake.

Strengths

Our proposed analysis has several

advantages over those proposed in other

studies for identifying SARS-CoV-2 testing

disparities. First, we developed a novel

statistical framework and a data-driven

approach to understanding testing dis-

parity in the context of small area estima-

tion. To our knowledge, this is the first

study to evaluate population-level SARS-

CoV-2 testing deficiencies with the spatial

granularity of CBGs. Second, we provided

a sophisticated spatial–temporal ap-

proach to better estimate infection inten-

sity (e.g., TPRs) with sparse or no testing

data, so that one can assess testing dis-

parities more accurately. Third, we went

beyond the qualitative assessment of
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whether there are testing gaps. We

provided valuable quantification of the

additional tests needed. Fourth, our

proposed spatial–temporal framework

has the flexibility to accommodate the

ever-changing dynamics related to

COVID-19 when assessing testing dis-

parity, which is particularly important.

The World Health Organization sug-

gests that 10 to 30 tests should be per-

formed for every positive case to control

the spread of disease.24,25 Such simple
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FIGURE 1— Selected AreasWith Observed COVID-19 Test Positivity Rate and Model-Based Estimates for (a) Area 1,
(b) Area 2, (c) Area 3, (d) Area 4, (e) Area 5, and (f) Area 6: Cameron County, TX, March 2020–February 2022

Note. CBG5 census block group; CrI5 credible interval; TPR5 test positivity rate. TPR is shown by the black dots; 95% credible intervals is shown in the light
blue shade. The vertical dashed line represents January 1 of years 2021 and 2022. Areas 1–2 represent CBGs with a relatively larger number of tests, and
the fitted lines followed closely with the observed TPRs, with narrow 95% CrIs. For areas with sparse tests (areas 4–6), model-based estimates provided the
needed shrinkage, which we obtained by borrowing information across space and time, where the extreme values in observed TPRs were shrunken to the
overall average and resembled the general trend at the county level.
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calculations using the test and case ratio

do not account for the changing intensity

of the pandemic andmay increase testing

disparity across demographic subgroups

or geographical areas. For example,

CBGs that have not received sufficient

tests would show lower infection rates,

which would suggest even lower testing

needs. More importantly, the ability of

communities to implement the sug-

gested number of tests depends on the

availability of the tests, different tool kits,

testing facility capacities, staffing, and

many other factors. Finally, by using a

Bayesian analytical framework, we were

able to predict testing deficiency based

on the local testing and infection pat-

terns. This fills an important gap in the

current research of SARS-CoV-2 testing

disparities, in which testing gaps have

always been identified retrospectively.
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FIGURE 2— Weekly Number of Tests Deficiency by (a) Number of CBGs, and (b) Testing Gap: Cameron County, TX,
March 2020–February 2022

Note. CBG5 census block group. County-level overall test positivity rate was overlaid as the red line with the y-axis scale on the right. Panel a presents the
number of CBGs that were identified with testing deficiency, by each week. Panel b presents the boxplots of the number of needed tests from these CBGs
with testing deficiency. For example, 111 CBGs (of the total 222) experienced testing deficiency during the week of July 7, 2020 (panel a); among these CBGs,
the additional needed tests had a median value of 410 and ranged from 1 and 548 (panel b).
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We argue that, in practice, the quantifi-

cation of testing gap and deficiencies

prospectively provides more useful and

needed information for COVID-19

response.

Limitations

Our article has some limitations. First,

we used only PCR-reported positive

tests in our analysis. PCR is the most

accurate SARS-CoV-2 testing method

and, indeed, was used for the majority

of the tests in the SARS-CoV-2 surveil-

lance data used in this analysis. As oth-

er over-the-counter tests and testing

methods become more available, test-

ing results may not be captured in

official epidemiologic surveillance data-

bases, which will affect testing gap as-

sessment. We consider this deficit a

reporting issue commonly seen in sur-

veillance systems. Purportedly, if every

SARS-CoV-2 test result was captured by

a surveillance database, our approach

would be able to estimate the testing

gap. Second, we were not able to incor-

porate the SARS-CoV-2 transmission

modes and contact-tracing information

in quantifying the needed tests, which

would be highly informative in identifying

who should be tested and where testing

might be most convenient. However,

as this pandemic has shown, contact-

tracing data are extremely challenging

to collect26 and generally have been

unavailable for analytical purposes at

the population level. Third, about 10%

of the testing records could not be geo-

coded, as they either had missing

addresses or used a post office box.

Conclusions

From an implementation science per-

spective, we believe that our proposed

analytical framework offers policymakers

and practitioners a tool for understand-

ing SARS-CoV-2 testing disparities in geo-

graphically small communities. Local

public health officials and practitioners

often desire spatial granularity, such as

which street blocks they should go to for

the community educational program or

door-to-door visits to promote COVID-19

testing. Our proposed analytical frame-

work provides a data-driven approach

for this decision-making process. Com-

munity leaders, with this understanding

and the knowledge of which small geo-

graphically bounded areas to prioritize,

can address testing disparities with coor-

dinated multilevel interventions by en-

hancing access to testing, improving

outreach to assist in education and navi-

gation to testing, and implementing ef-

fective large and small media messages

to promote testing tailored to the popu-

lation. Future research on the use of this

approach and the derived data to drive

these decisions should be rigorously

evaluated to determine whether testing

gaps across locations are eliminated in

health disparate populations.
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The Sequential Multiple Assignment
Randomized Trial for Controlling
Infectious Diseases: A Review of
Recent Developments
Xinru Wang, MS, and Bibhas Chakraborty, PhD

See also Vaughan, p. 35, Seewald, p. 37, Bauer et al., p. 40, and Liu et al., p. 60.

Infectious diseases have posed severe threats to public health across the world. Effective prevention

and control of infectious diseases in the long term requires adapting interventions based on

epidemiological evidence. The sequential multiple assignment randomized trial (SMART) is a multistage

randomized trial that can provide valid evidence of when and how to adapt interventions for controlling

infectious diseases based on evolving epidemiological evidence.

We review recent developments in SMARTs to bring wider attention to the potential benefits of

employing SMARTs in constructing effective adaptive interventions for controlling infectious diseases

and other threats to public health. We discuss 2 example SMARTs for infectious diseases and

summarize recent developments in SMARTs from the varied aspects of design, analysis, cost, and ethics.

Public health investigators are encouraged to familiarize themselves with the related materials we

discuss and collaborate with experts in SMARTs to translate the methodological developments into

preeminent public health research. (Am J Public Health. 2023;113(1):49–59. https://doi.org/10.2105/

AJPH.2022.307135)

Infectious diseases have posed se-

vere threats to public health

throughout human history. In recent

years, the COVID-19 pandemic has

inflicted enormous human suffering

and in tandem has attracted consider-

able research attention. To slow the

spread of COVID-19 and to reduce the

morbidity and mortality rates, numer-

ous interventions have been imposed

to control the spread of the disease

(e.g., limiting group size of social gather-

ings, promoting vaccine uptake, and is-

suing stay-at-home orders).1 However,

to minimize the negative impact on

people’s livelihood while also effectively

controlling the diseases, decision-

makers are required to find the precise

ways to adapt health promotion and

disease prevention programs based on

evolving epidemiological evidence, in-

stead of sticking to “one-size-fits-all”

interventions.

Such sequences of decision-making

about when and how to adapt interven-

tions based on evolving epidemiological

evidence have been widely applied to

the prevention of infectious diseases

and can be referred to as “adaptive

interventions,” also known as “dynamic

treatment regimens” or “adaptive

treatment strategies” in the field of

biostatistics.2 The main components of

an adaptive intervention are (1) inter-

vention options, such as different types

of interventions, delivery approaches,

and dosage levels; (2) decision points,

that is, the prespecified time points to

recommend interventions based on

baseline characteristics or intermediate

tailoring variables; (3) tailoring variables,

that is, variables that can be used to

identify which intervention should be

recommended and for whom (e.g.,

mediators, moderators, or early surro-

gates for longer-term outcomes of in-

terest); and (4) decision rules, that is,

prespecified rules that can recommend
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interventions based on previous histor-

ical data.

One example of an adaptive interven-

tion for treating COVID-19–positive

patients with mild symptoms is the

following: First, treat the patients at

community care facilities with general

medical care. Then, assign patients who

respond adequately, according to pre-

specified criteria, to the community re-

covery facilities before discharging

them, and hospitalize nonresponders

and provide intensified medical care.3

With the increasing popularity of

adaptive interventions, there appears to

be a wave of interest in developing a

promising evidence-based adaptive in-

tervention to maximize patient gains.4

When faced with life-threatening infec-

tious diseases, researchers rely primari-

ly on historical experiences and obser-

vational data to inform decision-making

procedures, given that explanatory ran-

domized controlled trials (RCTs) are

time consuming and may fail to gener-

ate up-to-date conclusions to guide the

implementation of public health inter-

ventions. However, the validity of such

an analysis based on observational data

depends on the untestable ignorable in-

tervention assignment assumption, that

is, the assumption that receiving the in-

tervention or not is independent of the

potential outcomes.5

At the outset of the COVID-19 pan-

demic, observational studies were es-

sential to provide evidence for prompt

public policies. However, as the increas-

ing level of COVID-19 vaccine coverage

has significantly decreased the morbidi-

ty and mortality rates, proactive re-

search (e.g., pragmatic study designs) is

needed to move to the next-generation

epidemiological prevention measures

and further identify evidence-based

interventions for future public health

practice for infectious diseases.

The sequential multiple assignment

randomized trial (SMART) is an experi-

mental design consisting of multiple

randomization stages.2 This type of

design serves as a promising tool to

address scientific questions about con-

structing effective adaptive interven-

tions for controlling infectious diseases.

SMARTs have been implemented in var-

ious health domains, including diet and

weight control,6 HIV infection,7 mental

health,8 and behavioral sciences.9 This

recent surge in the prevalence of

SMARTs can be attributed to the in-

creasingly ripened methodology in the

design and analysis aspects and the

availability of some good tutorial arti-

cles providing blow-by-blow guidance

to help practitioners gain a better un-

derstanding of SMARTs.10–16 However,

to the best of our knowledge, except

for the setting of HIV infection, there

are far fewer SMARTs in the field of in-

fectious diseases, likely on the grounds

that contagious diseases require a rap-

id real-time response at the early stage

of the outbreak. Furthermore, SMARTs

may be relatively uncommon to many

public health researchers; thus,

researchers may hesitate to choose a

SMART design when constructing

evidence-based adaptive interventions

for controlling infectious diseases.

We aim to facilitate the implementa-

tion of SMARTs for infectious diseases

by summarizing the recent develop-

ments in SMARTs with a special focus

on infectious diseases. We first review

2 SMARTs for infectious diseases to

help readers gain a better grasp of

employing SMARTs to improve public

health. We then provide details about

associated data analysis and cost and

ethical considerations in SMARTs. We

also summarize the existing software

for designing and analyzing SMARTs to

build a bridge between methodological

developments and practical implemen-

tation. Although we focus on infectious

diseases, our discussion is sufficiently

general to apply SMARTs to a wide

range of other fields.

EXAMPLE SMARTS FOR
INFECTIOUS DISEASES

In this section, we provide 2 example

SMARTs for controlling infectious

diseases.

Example 1

Despite the high global capacity to

produce COVID-19 vaccines and the in-

creasing clinical trial data demonstrat-

ing their effectiveness, some people still

hesitate to get vaccinated because they

fear potentially severe side effects or

simply lack the conviction that the vac-

cines are useful. Governments have

taken public measures (e.g., mounting

public media programs) to dispel the

rumors about COVID-19 vaccines. How-

ever, such measures can reach only

a limited audience. More efforts are

needed to further promote vaccine up-

take and speed up the process of herd

immunity.

There is a large-scale SMART, each

stage of which was planned as a sepa-

rate RCT for investigating the effect of

digital interventions on the uptake of

COVID-19 vaccines.17 The investigators

in this SMART considered several first-

line interventions to motivate people to

get vaccinated and second-line inter-

ventions to further remind those who

have not received the first vaccine dose

in a prespecified period because of

having received the first-line interven-

tion. A simplified version of the design

is presented in Figure 1. Participants

who had not already taken the first

dose at the starting point of the trial
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were equally randomized to either the

message group or the message plus

video group. After 8 days, those who

still had not received the first dose

were randomized to either the no fur-

ther message group or the reminder

group, with a reminder message that

could help clear potential barriers to

vaccination, such as forgetfulness, has-

sle, costs, and procrastination. The pri-

mary outcome of interest was whether

a participant has made the appoint-

ment for the first vaccine dose. There

were 4 adaptive interventions embed-

ded in this SMART: (1) first send a moti-

vating message, then send a basic

reminder message if not vaccinated;

(2) send a motivating message only at

the starting point; (3) first send a

motivating message plus explanatory

video, then send a reminder message if

not vaccinated; and (4) send a motivat-

ing message plus explanatory video

only at the starting point.

Example 2

Malaria, a potentially serious infectious

disease transmitted by a specific type

of mosquito, can be effectively con-

trolled by the use of long-lasting insecti-

cide-treated nets (LLIN), indoor residual

spraying (IRS), and larval source man-

agement (LSM).18 The high cost of

implementing IRS and LSM is a major

concern that needs to be considered

when constructing an effective adaptive

intervention for malaria control, and

more scientific evidence is required to

guide the prevention interventions,

such as when and how to employ IRS

and LSM while ensuring efficient har-

nessing of the resources for malaria

control.

An ongoing cluster-randomized

SMART (Figure 2) was designed to col-

lect evidence for constructing an effec-

tive adaptive intervention for malaria

control in western Kenya.18 By “cluster

randomized,” we mean that the inter-

ventions are randomly administered at

the cluster level (e.g., a village or several

neighboring villages), whereas the out-

comes are collected at the individual

level (i.e., residents in the randomly

selected households). The enrolled

clusters are randomized to receive

LLIN, piperonyl butoxide (PBO) LLIN

(the next-generation LLIN combining

the synergist piperonyl butoxide with

pyrethroids), or the combination of

LLIN and IRS. After 15 months, clusters

will be evaluated for the response sta-

tus based on the change in clinical ma-

laria incidence when using PBO LLIN or

LLIN1 IRS compared with LLIN alone.

Responders will continue with their ini-

tial intervention, whereas nonrespon-

ders to PBO LLIN are randomized to

the combination of PBO LLIN1 LSM or

the intervention determined by a rein-

forcement learning algorithm devel-

oped to generate unbalanced randomi-

zation probabilities in favor of the

estimated superior intervention for

each cluster, and nonresponders to

LLIN1 IRS are randomized to LLIN1

IRS1 LSM or PBO LLIN1 IRS. The pri-

mary outcome of interest is the clinical

malaria incidence. The primary aim of

this trial is to compare first-line inter-

ventions PBO LLIN and LLIN1 IRS in

terms of the effectiveness of reducing

malaria incidence after 36 months, and

the secondary aim is to identify the

R

Message

Message+Video

Vaccinated

Vaccinated

No further message

R

No further message

R

No further message

Reminder

No further message

Reminder

yes

no

yes

no

Starting
point Stage-1

Intermediate
response Stage-2

FIGURE 1— A SMART for Developing Digital Adaptive Interventions to
Facilitate the Uptake of COVID-19 Vaccines

Note. R5 randomization.
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most effective intervention to reduce

malaria incidence.

In addition to these 2 examples, there

is another ongoing SMART for developing

an optimal adaptive intervention to facili-

tate COVID-19 testing and adherence to

the Centers for Disease Control and Pre-

vention recommendations among high-

risk people in an urban community.19 We

have not presented details here because

of space limitations.

WHEN TO USE SMARTS

There have been tremendous improve-

ments in the experimental designs for

constructing interventions with multiple

components, such as factorial

designs,20 SMARTs, and microrando-

mized trials.21 Given that the concepts

of these designs are somewhat

entangled, researchers may be con-

fused about when to use SMARTs at

the beginning of the design stage,

which limits the broader use of

SMARTs. With this backdrop, Nahum-

Shani et al.22 proposed a practical

framework to provide valuable insights

into choosing the most appropriate de-

sign among all these candidate designs.

To briefly summarize, a SMART design

is a proper choice when (1) the inter-

ventions of interest are multicompo-

nent interventions, (2) the researchers

aim to select multiple effective compo-

nents out of all candidates to be

included in the final intervention,

(3) there are research interests in the

timing of intervention components, and

(4) the conditions are changing slowly.

It is important to note that, in cases in

which all 4 conditions for choosing

SMARTs are met, multiple single-stage

RCTs may serve as an alternative way to

examine the effect of the initial and sub-

sequent interventions.23 Single-stage

RCTs, however, have some inevitable dis-

advantages compared with SMARTs.11

First, single-stage RCTs do not allow

researchers to investigate either the syn-

ergetic effect between the initial and

subsequent interventions in the long

term or the potential tailoring variables

for more tailored adaptive interventions.

In addition, it can be argued that parti-

cipants in SMARTs may be less likely to

drop out because alternative interven-

tions are provided in cases of insuffi-

cient early response. In other words,

SMARTs provide participants with a

“safety net” (i.e., a second chance to get

a different, potentially beneficial inter-

vention when the current intervention is

not working). By contrast, with single-

stage RCTs, participants with apparently

ineffective interventions have no choice

but to discontinue the intervention or

drop out. SMARTs can also be replaced

by an up-front randomized trial,24 which

randomizes patients to candidate adap-

tive interventions at the beginning of the

study. Compared with SMARTs, the ra-

tionale and statistical methods in up-

front randomized trials are easier to

understand. However, several studies

have demonstrated that the estimators

from SMARTs are more efficient (with

smaller variance) than are those from up-

front randomized trials.24,25 Moreover,

rerandomizations in SMARTs allow

restratification, which may be useful in

achieving balanced distributions of

R

PBO LLIN

LLIN + IRS

LLIN LLIN

Response

Response

PBO LLIN

R

LLIN + IRS

R

PBO LLIN + LSM

Reinforcement learning

LLIN + IRS + LSM

PBO LLIN + IRS

yes

no

yes

no

Starting
point Stage-1

Intermediate
response Stage-2

FIGURE 2— A SMART for Developing Optimal Adaptive Interventions for
Malaria Control

Note. IRS5 indoor residual spraying; LLIN5 long-lasting insecticide-treated nets; LSM5 larval source
management; PBO5piperonyl butoxide; R5 randomization.
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covariates in rerandomizations, whereas

up-front randomized trials do not allow

this.

SAMPLE SIZE
CALCULATIONS IN SMARTS

The required sample size in a SMART

is dictated by its primary research

questions.

Table 1 summarizes the most com-

mon primary goals of SMARTs, and

some illustrative applications and soft-

ware are provided for each case when

applicable. Briefly, there are mainly 4

primary research goals in SMARTs:

(1) performing the pilot evaluation,

(2) estimating the main effects of first-

line and second-line interventions,

(3) comparing embedded adaptive

interventions, and (4) developing the

optimization goal (i.e., more deeply tai-

lored adaptive interventions).

The evaluation of feasibility is often

the intended goal in a pilot SMART, in

which researchers assess the accept-

ability and the rationale of the embed-

ded adaptive interventions as well

as the fidelity of the study staff to im-

plement the specified adaptive

interventions in preparation for a fu-

ture full-scale SMART. Almirall et al.12

described in detail how to design a pilot

SMART and proposed a feasibility-based

method to determine the required sam-

ple size that ensures sufficient partici-

pants in each intervention sequence,

allowing researchers to gather compre-

hensive information about the feasibility

of a planned SMART. Building on this,

Yan et al.26 presented a precision-based

method to size a pilot SMART with vari-

ous types of outcomes, by which the SEs

of estimates of interest are confined in a

prespecified range.

TABLE 1— Sample Size Calculations for Different Primary Research Questions in SMARTs

Primary Goal Method Cluster/Individual Primary Outcome Example Trials Software

Pilot evaluation Precision based Individual Continuous/binary/
count26

Yan et al.27 https://bit.ly/3zyktU7

Feasibility based Both All12 Lambert et al.28 https://bit.ly/3Nqq3gY

Main effect Effect of first-line
treatments

Similar to RCTs Similar to RCTs29 Zhou et al.18 https://bit.ly/3SUgcRG

Effect of second-line
treatments

Similar to RCTs Similar to RCTs29 Sherwood et al.6 https://bit.ly/3SUgcRG

Compare adaptive
interventions

Select optimal
adaptive
interventions

Individual Continuous29

Pairwise superiority
testing

Individual Continuous29–31 https://bit.ly/3SUgcRG
https://bit.ly/3Fx1blQ32

Continuous/binary33

Binary34 https://bit.ly/3SUgcRG

Survival35

Continuous
longitudinal36

Ordinal37 https://bit.ly/3NmHeQA

Cluster Continuous/binary33 Quanbeck et al.38

Continuous39

Continuous (skew-t,
MNAR)40

https://bit.ly/3zwLTtA41

Pairwise
noninferiority
testing

Individual Continuous42 https://bit.ly/3Wnd7gf

MCB testing Individual Continuous43 https://bit.ly/3DK1EyT44

Binary45 https://bit.ly/3Nluw4R,
https://bit.ly/3NvA1Os46

Optimization Normality based or
projection based

Individual Continuous47

Note. MCB5multiple comparisons with the best; MNAR5missing not at random; RCT5 randomized controlled trial; SMART5 sequential multiple
assignment randomized trial.
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For a full-fledged SMART, one of the

most common primary research goals

that drive sample size calculation is

to investigate the effect of individual

components. Oetting et al.29 gave a

detailed illustration of deriving the re-

quired sample size for comparing

stage-specific intervention effects with

continuous primary outcomes. Briefly,

the calculation procedure is similar

to that used in RCTs, except that the

response rate of initial interventions

should be incorporated when investi-

gating the intervention effect of subse-

quent interventions for responders and

nonresponders. Practitioners can fol-

low the same principles for other types

of primary outcomes.

A sizable literature focuses on compar-

ing embedded adaptive interventions as

a whole, comparing 2 or more embed-

ded adaptive interventions,29–31 or

screening out the inferior set of adaptive

interventions.43 Ghosh et al.42 further ex-

tended the framework by emphasizing

the importance of noninferiority testing

between 2 embedded adaptive interven-

tions to construct an almost equally ef-

fective adaptive intervention with lower

cost, less burden, or fewer side effects

and developed the analysis and sample

size calculation formulas for the nonin-

feriority testing. All the aforementioned

sample size calculation methods are suit-

able for individual-level SMARTs with

continuous primary outcomes. Recently

there has been tremendous progress in

deriving the sample size calculation for-

mulas for comparing embedded adap-

tive interventions in individual-level

SMARTs with binary,34 survival,35,48–50

ordinal,37 and continuous longitudinal36

outcomes; for cluster-level SMARTs with

binary and continuous outcomes33,39;

and for cluster-level SMARTs with various

features of outcomes, including spatial

clustering, non-Gaussianity, and missing

not at random.40

Investigators may also be interested

in constructing more tailored adaptive

interventions (i.e., sequences of deci-

sion rules that recommend interven-

tion options based on additional ob-

served information; e.g., baseline

characteristics or intermediate poten-

tial tailoring variables). The research

question is thus to explore an optimal

tailored adaptive intervention that is

expected to maximize the overall effec-

tiveness of interventions if applied to

the entire study population. Although

optimization is a possible primary goal,

it often serves as a bonus on top of in-

vestigating main effects and comparing

embedded adaptive interventions

when conducting a SMART.

When a SMART is designed with the

optimization objective, the sample size

calculation involves technical issues

posed by estimating and evaluating an

optimal adaptive intervention using the

same data. Rose et al.47 proposed

normality-based and projection-based

sample size calculation methods to en-

sure enough power for comparing the

estimated optimal deeply tailored

adaptive intervention with the fixed

standard intervention. Note that the

required sample size for comparing

embedded adaptive interventions or

optimization is often higher than that

for comparing stage-specific interven-

tions. Researchers are advised to de-

fine the primary goals of SMARTs based

on the research budget for recruiting

participants and the major research

questions of interest.

Although significant strides have

been made in statistical methodology,

to the best of our knowledge, these

sample size calculation methods for

comparing adaptive interventions or

optimizations are scarcely used in real

practice. The reason for this may be

that both the scientific investigators

and the statisticians are more familiar

with the statistical methods in standard

trials, so they are inclined to sizing

SMARTs based on the main effect,

with the additional goal of comparing

embedded adaptive interventions or

optimization to provide complementary

information for future confirmatory

trials. More efforts are needed to trans-

late the developed methodologies to

real clinical and public health practice

by lucidly explaining the concepts of

SMARTs and the statistical tools to a

broader audience.

DATA ANALYSIS IN
SMARTS

When the research question concerns

examining the main effects in a SMART,

standard statistical methods in RCTs

can be used to analyze the SMART

data. However, when the goal is to

discern the effectiveness of 2 or more

embedded adaptive interventions,

adjustments to the standard methods

are required to account for the sequen-

tial randomizations in SMARTs. The

weighted and replicated regression51

can provide valid inferences of the

mean outcomes of all the embedded

adaptive interventions simultaneously,

by weighting and replicating observa-

tions to account for the underrepre-

sentation of certain subgroups because

of the design of the trial. Nahum-Shani

et al.52 presented a thorough guideline

on how to use this method to analyze

data from SMARTs with end-of-study

continuous outcomes. This method

holds the promise of being straightfor-

ward and accessible to practitioners as

it is akin to standard regression
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methods and can be executed using

standard software. The method has

been extended to analyze data from

SMARTs with continuous longitudinal

outcomes,53 binary outcomes,34 and

continuous outcomes in cluster-level

SMARTs,39 and it has been employed in

real practice for primary, secondary,

and exploratory analyses.6,54,55

Q-learning, a stage-by-stage regression-

type procedure,56 can be used to identify

an optimal deeply tailored adaptive inter-

vention (as opposed to the embedded

adaptive interventions) based on SMART

data. The letter Q stands for the quality

of an intervention (e.g., a desired clinical

outcome), conditional on the observed in-

formation and subsequent interventions.

Intuitively, Q-learning begins by estimating

the optimal decision rule at the last stage

andmoves backward successively to con-

struct an optimal decision rule at each

stage, assuming the use of optimal deci-

sion rules at the subsequent stages.

Nahum-Shani et al.56 provide a detailed il-

lustration of implementing Q-learning to

construct more tailored adaptive inter-

ventions in SMARTs. Other notable

statistical learning–based and tree-based

methods57–59 can also be applied to de-

velop optimal adaptive interventions. Ta-

ble 2 lists several user-friendly R packages

to compare embedded adaptive interven-

tions or develop more tailored adaptive

interventions.

Missing data problems pose a signifi-

cant challenge to data analysis in

SMARTs. Standard imputation methods

cannot be directly applied to deal with

missing data in SMARTs because of the

nonstandard multistage randomization

procedure. However, researchers can

alleviate the impact of missing data on

the validity of analysis from both design

and analysis perspectives. First, as stat-

ed by Almirall et al.,12 pilot SMARTs can

provide valuable insights for future full-

scale SMARTs in terms of strategies to

reduce the dropout rate and to treat

early dropout patients. Liu et al.64 pre-

sented a SMART with enrichment to

improve design efficiency when the

dropout rate is high by augmenting the

trial sample with new patients who

have received previous stages’ inter-

ventions. In terms of analysis,

Shortreed et al.65 proposed a multiple

imputation strategy to tackle the

unique missing data problems arising

in SMARTs. Researchers are encour-

aged to employ these tactics to achieve

more reliable inferences from SMARTs

and perform sensitivity analysis to

check the validity of the missing at ran-

dom assumption.

COST-EFFECTIVE ADAPTIVE
INTERVENTIONS

Effective control of infectious diseases

requires the involvement of a variety of

communities and stakeholders. Efficient

use of scarce medical and financial

resources is one of the major challenges

when implementing large-scale preven-

tion and intervention programs.66 When

intervention resources are limited for

conducting a SMART, the optimal alloca-

tion of interventions with a fixed budget

constraint is desired. Morciano and

Moerbeek67 proposed an optimal

allocation strategy for simultaneously

comparing embedded adaptive inter-

ventions in SMARTs with a fixed sample

TABLE 2— R Packages for Data Analysis in SMART

Package Name Objective Outcome Method Software

SMARTAR32 Comparisons between
embedded adaptive
interventions

Continuous, binary Global/pairwise testing https://bit.ly/3Fx1blQ

DTR60 Comparisons between
embedded adaptive
interventions

Survival Weighted logrank tests https://bit.ly/3NvMyBl

DTRlearn261 Optimization Continuous, binary Q-learning, other outcome-
weighted learning
methods

https://bit.ly/3zxCwK5

DTRreg62 Optimization Continuous, binary, survival Q-learning, G-estimation,
dynamic weighted
ordinary least squares
(dWOLS)

https://bit.ly/3zypg83

DynTxRegime63 Optimization Continuous, binary Q-learning, interactive
Q-learning, weighted
learning, value-search
methods

https://bit.ly/3WlZGx2

Note. SMART5 sequential multiple assignment randomized trial.
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size or a fixed budget and provided an

easy to use Web app to facilitate the use

of this optimal allocation strategy.

Although the efficacy of improving

outcomes is often the main focus when

developing optimal adaptive interven-

tions, the cost of an intervention is an-

other important factor to consider in

health economics. When an interven-

tion is more effective and less costly

than another, it is deemed to be the

strictly superior intervention. However,

if the more effective intervention costs

more, to select the adaptive interven-

tions that can be both effective and

sustainable in practice, policymakers

are expected to weigh their options

between health efficacy and the addi-

tional cost per unit outcome improve-

ment. Xu et al.68 proposed a decision

tree–based algorithm to develop a cost-

effective adaptive intervention with the

net monetary benefit as the primary

outcome. This cost-effectiveness analy-

sis method is recognized as a promising

way to analyze SMART data and develop

more tailored cost-effective adaptive

interventions. As it has been widely ac-

knowledged that cost effectiveness is a

major concern during clinical practice,

researchers are encouraged to collect

cost-related data for a future cost-

effectiveness analysis.

ETHICAL CONSIDERATIONS
IN SMARTS

Even though SMARTs can potentially

unpack the black box of sequenced

multicomponent interventions, they

may require more time to implement

than do standard RCTs. For infectious

diseases, however, the earlier the inter-

vention is delivered, the more benefits

it will provide for public health. With the

aim of reducing the time for conducting

SMARTs, Wu et al.69 proposed a SMART

with interim monitoring, in which the

global hypothesis testing of all embed-

ded adaptive interventions is con-

ducted at each interim monitoring

time, and early stopping of the trial is

permitted if the evidence of efficacy is

sufficient.

When faced with emerging infectious

diseases that threaten millions of human

lives, it is imperative to conduct trials to

select effective interventions for future

patients while minimizing the infection

and mortality rate of enrolled partici-

pants. Several extensions of SMARTs can

be potentially applied to increase the

number of participants receiving the op-

timal intervention in SMARTs for control-

ling infectious diseases. Cheung et al.70

provided a SMART with adaptive ran-

domization based on Q-learning. Rough-

ly speaking, it estimates the parameters

of the stage-specific conditional mean

outcomes based on the data from

previous patients and updates the as-

signment probabilities in favor of the

interventions with higher values of the

predicted stage-specific conditional

mean outcomes. Wang et al.71 pre-

sented a response-adaptive SMART to

incorporate the short-term intervention

efficacy shown from previous patients

when randomizing the stage 2 interven-

tions. So far, very few adaptive SMARTs

have been implemented in practice; for

example, Ruppert et al.72 presented a

trial protocol for a SMART with an inter-

im analysis targeting older patients with

chronic lymphocytic leukemia, in which

rerandomization will be discontinued

if the adaptive intervention to be ran-

domized has proven to be inferior to the

others.

At the early stage of an infectious dis-

ease outbreak, the information regard-

ing potentially effective interventions

accumulates continuously, and as a

result, a more flexible trial design that

allows adding new interventions and

removing inferior interventions may be

a better choice to save on costs and

time. One of the most notable exam-

ples is the RECOVERY (Randomized

Evaluation of COVid-19 ThERapY) trial,73

a platform trial to discover effective

interventions to reduce the mortality

rate in hospitalized COVID-19 patients.

Future work could extend SMARTs to

have such flexibility and compare its

statistical properties with other types of

SMARTs, which may be useful in plan-

ning for future pandemic control.

CONCLUSIONS

We sought to facilitate the application

of SMARTs in the area of infectious dis-

eases by familiarizing interested investi-

gators with the general framework of

SMARTs and the recent developments

in SMARTs in terms of methodology

and practical guidelines. Despite our

best efforts to find related literature for

a thorough review, there may be some

publications that we have missed.

Although we do not provide an exhaus-

tive list of related articles, we cover the

most important aspects of conducting

a SMART, from identifying scenarios in

which SMARTs are applicable and sum-

marizing design and analysis methods

for SMARTs to addressing the costs

and ethical issues in such trials. Note

that we did not intend to provide step-

by-step guidance on implementing a

SMART; instead, we attempted to pro-

vide comprehensive resources for

potential designers of SMARTs for in-

fectious diseases, including example

SMART designs for controlling infec-

tious diseases and easy to use software

for sample size calculation and data

analysis in SMARTs.

Although SMARTs may seem concep-

tually complex to some readers, they
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can shift the fixed interventions to the

more realistic interventions in which

modifying interventions is allowed

according to the early response status,

which mimics what public health practi-

tioners do in practice. We hope that

investigators will draw inspiration from

this review and translate it into practice

to improve public health in the face of

life-threatening infectious diseases as

well as other potential health-related

challenges.
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Microrandomized Trials: Developing
Just-in-Time Adaptive Interventions
for Better Public Health
Xueqing Liu, MSc, Nina Deliu, PhD, and Bibhas Chakraborty, PhD

See also Vaughan, p. 35, Seewald, p. 37, Bauer et al., p. 40, andWang and Chakraborty, p. 49.

Just-in-time adaptive interventions (JITAIs) represent an intervention design that adapts the provision

and type of support over time to an individual’s changing status and contexts, intending to deliver the

right support on the right occasion. As a novel strategy for delivering mobile health interventions, JITAIs

have the potential to improve access to quality care in underserved communities and, thus, alleviate

health disparities, a significant public health concern.

Valid experimental designs and analysis methods are required to inform the development of JITAIs.

Here, we briefly review the cutting-edge design of microrandomized trials (MRTs), covering both the

classical MRT design and its outcome-adaptive counterpart.

Associated statistical challenges related to the design and analysis of MRTs are also discussed. Two case

studies are provided to illustrate the aforementioned concepts and designs throughout the article. We

hope our work leads to better design and application of JITAIs, advancing public health research and

practice. (Am J Public Health. 2023;113(1):60–69. https://doi.org/10.2105/AJPH.2022.307150)

Just-in-time adaptive interventions

( JITAIs), also known as dynamic tai-

loring,1 ecological momentary interven-

tions,2 and intelligent real-time therapy,3

represent an intervention design that

adjusts the provision and type of sup-

port over time to deal with an individual’s

changing status and contexts, which

intend to deliver the most appropriate

support on the right occasion.4,5 The

microrandomized trial (MRT) design has

been proposed in recent years as a

novel experimental design to construct

evidence-based JITAIs. According to this

design, participants are sequentially ran-

domized to different intervention options

(e.g., whether to send a text message).6,7

Briefly speaking, JITAIs involve strategies

that determine when to intervene and

which intervention to provide, while MRTs

focus on the optimization of such

strategies by selecting and optimizing

intervention components for use in a

JITAI.

There are 2 key concepts that distin-

guish JITAIs from standard interven-

tions: just-in-time and adaptive.5 By

just-in-time, JITAIs intend to intervene

only when needed to alleviate the inter-

vention fatigue and low engagement

problems. On the other hand, adaptive

refers to the strategy employed by the

intervention design to determine which

intervention to provide and when to

intervene according to the user’s ongo-

ing information. To capture the right

timings, JITAIs require continuous moni-

toring of the user’s internal state and

contexts, typically via sensors in mobile

phones or wearable devices. As a result,

delivering just-in-time interventions face

to face is not feasible in practice; JITAIs

heavily rely on the use of mobile health

(mHealth) technologies.5

The JITAI inmHealth has thepotential

to enhancehealth care and reduce health

disparities,8,9 benefiting various domains

of public health research andpractice.

TheMRThasbeendeliberately introduced

to assist with developing these interven-

tions, which canprovide information

about thedynamics of the best interven-

tion beyond theories anddirectly inform

the construction of JITAIs.6 Nevertheless,

JITAIs andMRTs have not yet beenwidely

adopted in public health, partly because

of the unfamiliarity with the concepts,

designs, and analysismethods.

With this article, we aim to introduce

key ideas in JITAIs, especially focusing

on the novel experimental design of

MRTs, covering both classical MRT

design and its outcome-adaptive
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counterpart. We discuss the main char-

acteristics of JITAIs along with their

potential in public health by relating to 2

mHealth studies with embedded MRT

design. We also highlight statistical con-

siderations when designing and analyz-

ing MRTs.

OVERVIEW OF
INTERVENTION AND
TRIAL DESIGN

The JITAI is an intervention design aiming

to deliver adaptive and personalized sup-

port only at the time when needed.4,5

A JITAI consists of 6 key components:

decision points, tailoring variables, inter-

vention options, decision rules, proximal

outcomes, and distal outcomes.5 The

specific definitions are summarized

in Box 1. An intervention option is

selected at each decision point based

on the values of tailoring variables via a

predefined decision rule. The interven-

tion is expected to achieve the distal

outcomes by directly impacting the

proximal outcomes.

On the other hand, the MRT is an

experimental design that provides evi-

dence for building JITAIs. It involves the

serial randomization of individuals to dif-

ferent intervention options at each deci-

sion point.5 In general, they can answer

several essential research questions aris-

ing from the construction of JITAIs:6,7

1. Which intervention will have an

impact on the proximal outcomes

(proximal effects)?

2. What baseline or time-varying

covariates will moderate the proxi-

mal effects (moderating effects)?

3. How will the proximal effects

change over time?

4. When and how frequently should

the intervention be delivered?

In what follows, we will illustrate the

MRT design and how it connects to the

construction of JITAIs by describing 2

mHealth studies: StayWell at Home and

Diabetes and Mental Health Adaptive

Notification Tracking and Evaluation

(DIAMANTE).

Case Studies

StayWell at Home. The StayWell at

Home trial examined the effect of a

60-day text messaging intervention that

intended to help individuals manage

their depression and anxiety during the

COVID-19 pandemic.10 This MRT con-

sisted of adults aged 18 years or older

who had a functioning mobile phone and

spoke English or Spanish. Figure 1 shows

the study design of StayWell at Home.

The distal outcome was the manage-

ment of depression and anxiety during

COVID-19 social distancing. The proxi-

mal outcome was a daily mood rating

in the following 3 hours after receiving

the message, an intermediate measure

of the distal outcome that captures

short-term progress toward better

management of depression and anxiety.

The intervention was supportive text

messages, half related to behavioral acti-

vation and half about coping skills. Many

contextual variables were also collected,

including time-independent variables

such as demographics and question-

naire data and time-varying variables

such as study day and yesterday’s mood

rating. The decision point was chosen

among 3 timeframes, including 9 AM to

12 PM, 12 PM to 3 PM, and 3 PM to 6 PM.

In this design, all participants

received uniform randommessages.

The randomization probability for each

message category (behavioral

BOX 1— Definitions and Examples of Just-in-Time Adaptive Intervention (JITAI) Components

Components Definitions Examples (DIAMANTE)

Decision points Time points or steps at which an intervention decision is made Once per day (selected within 4 timeframes by an RL algorithm)

Tailoring variables Individual information and real-world external context Demographics, health status, and other baseline information;
day of study; number of steps walked yesterday; days
since each message type was sent

Intervention options Various types or amounts of support Motivational messages (4 categories), feedback messages
(5 categories)

Decision rules The strategy that specifies which intervention option to
provide at each decision point according to the tailoring
information

Optimized by an RL algorithm (linear Thompson sampling)

Proximal outcomes The short-term goals the intervention options are intended
to achieve, which can be mediators or intermediate
measures of the distal outcome

Change in daily step counts

Distal outcomes The ultimate goals of the JITAI, usually a primary clinical
outcome

Diabetes and depression

Note. DIAMANTE5Diabetes and Mental Health Adaptive Notification Tracking and Evaluation; RL5 reinforcement learning.
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activation vs coping skill) was 0.5, and

the probability for each of the 3 time-

frames was 0.33. The collected data

allowed for pre–post analysis (i.e., the

difference in depression and anxiety

levels before and after receiving Stay-

Well messages and the differential

effects on mood ratings for the 2 cate-

gories of messages and different tim-

ings). The pre–post analysis has already

been published,11 while the analysis of

MRT data is still underway.

Diabetes and Mental Health Adaptive

Notification Tracking and Evaluation.

The DIAMANTE trial aimed to evaluate

the effect of a text-messaging smart-

phone application targeting diabetes

and depression management through

an intermediate outcome representing

physical activity.12 This 6-month MRT

study consisted of patients aged 18 to

75 years being treated at the Zucker-

berg San Francisco General Hospital

who had been diagnosed with diabetes

and documented depressive symp-

toms. Figure 2 presents an overview

of the design of this study.

The distal outcome was the improve-

ment of clinical outcomes for comorbid

diabetes and depression among low-

income, low–health literacy, and ethnic

minority individuals. Because lack of

physical activity is an overlapping risk fac-

tor for these diseases, the embedded

intervention was focused on improving

an easy-to-measure proximal outcome

(i.e., changes in daily step count). A multi-

component intervention consisting of

motivational messages (4 categories)

and feedback messages (5 categories)

were adopted in DIAMANTE. Many con-

textual variables were collected during

the study, including time-independent

variables such as demographics, mobile

technology familiarity, and other engage-

ment measures, and time-varying varia-

bles such as study day and day of the

week. The decision point was determined

either by uniform randomization or some

algorithm among 4 time-frames—that is,

9 AM to 11:30 AM, 11:30 AM to 2 PM, 2 PM to

4:30 PM, and 4:30 PM to 7 PM.

At the macro level, this study is a ran-

domized controlled trial with 3 groups,

including a uniform randommessaging

group, an outcome-adaptive messaging

group operationalized through reinforce-

ment learning (RL), and a control group.

Participants in the control group received

no intervention during the study. With

3 groups, it enables the comparison of

adaptive messaging to uniformmessag-

ing and no intervention. In the initial

2 weeks, uniform randomization was

employed in both the uniform random

messaging group and the adaptive mes-

saging group to speed up algorithm

learning. After that, the uniform random

messaging group used a classical MRT

design. Patients received up to 2 ran-

domly selected messages per day within

4 randomly selected timeframes. For the

adaptive messaging group, the message

categories and timing were chosen by a

reinforcement learning algorithm (i.e.,

linear Thompson sampling).13 During the

conduct of the trial, a JITAI is constructed

concurrently, and its characteristics are

summarized in Box 1. Data collection for

this MRT is currently under way.

Key Design Elements

As an experimental design for empiri-

cally informing the construction of

At study entry

Informed consent + baseline survey

Collect baseline (time-independent)

context: demographics, 

questionnaires (PHQ-8, GAD-7, 

COVID-19 questionnaires, system 

usability scale)

Each day of the study

End of the study

Follow-up questionnaires (PHQ-8, 

GAD-7, COVID-19 questionnaires, 

system usability scale)

Observe 

time-varying 

context: 

study day, 

day of the 

week, 

yesterday’s 

mood rating

• 09:00 AM–12:00 PM

• 12:00 PM–03:00 PM

• 03:00 PM–06:00 PM

Factor T (time frame):

Factor M (message):

• Coping skills
• Behavioral activation

Randomize

End of the day

Observe proximal outcome: mood rating

60-day follow-up

FIGURE 1— Schematic of theMicrorandomized Trial (MRT) Design of the StayWell at Home Study

Note. GAD-757-item Generalized Anxiety Disorder Questionnaire; PHQ-858-item Patient Health Questionnaire.
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JITAIs, the design elements of an MRT

study should be tightly connected with

JITAI components. The intervention and

tailoring variables included in a JITAI are

usually supported by theoretical and

empirical evidence. An intervention

may consist of several components,

and each of them may have multiple

options. MRTs can be used to assess the

proximal effects of 1 or more compo-

nents simultaneously (e.g., motivational

and feedback messages in DIAMANTE).

During an MRT, it is essential to collect

potential tailoring variables, including

individual information and external con-

texts. These variables can serve as an

indicator of individual availability.14 In

the HeartSteps I study, if a participant

was driving or already walking, it was

considered inappropriate to deliver an

activity suggestion, and, thus, the partic-

ipant was considered unavailable.15

Potential moderation effects can also

be investigated by collecting these

variables.

The decision points are determined

by the frequency of meaningful changes

in the tailoring variables (suggested by

empirical evidence and theories), as

well as the associated assessment bur-

den.5 They might occur (1) at a prespe-

cified time interval, (2) at specific times

of day or days of week, or (3) following

random prompts.5 MRTs can also pro-

vide useful information regarding the

selection of decision points. In both

DIAMANTE and StayWell at Home,

meaningful changes in an individual’s

context were expected to occur daily.

As a result, there was 1 decision point

per day. Furthermore, timeframes were

treated as an experimental factor to

examine the differential intervention

effects, which can address the question

of when to intervene each day.

At each decision point, participants

are randomized to various options of an

intervention component—for example,

different categories of text messages in

DIAMANTE and StayWell at Home, based

on predetermined probabilities. These

interventions are intended to have an

impact on a distal outcome (e.g., diabe-

tes or depression) by affecting an easy-

to-measure proximal outcome (e.g.,

daily step count). Proximal outcomes

are often specified as mediators of the

distal outcome.5 For example, ample

evidence suggests that lack of physical

activity is a risk factor for diabetes and

depression. If the target distal outcome

is comorbid diabetes and depression,

physical activity would be a natural

choice for the proximal outcome.12

In some cases, the distal outcomes

are sustainable behavior change with

limited knowledge of corresponding

mediators; hence, proximal outcomes

can also be short-term measures of

the distal outcome.5 For example, daily

mood rating is an intermediate mea-

sure of depression and anxiety and can

be an appropriate proximal outcome.10

Note that the distal outcome can be

affected by the intervention through

Block randomization with a 

1:1:1 scheme to:

A.

B.      Experimental group: 

         adaptive messaging using 

         reinforcement learning

C.      Control group: no 

        intervention

Observe proximal outcome: physical activity improvement
(Step change from yesterday)

Informed consent + baseline visit

Collect baseline (time-independent)

context:  demographics, socio-

economic status, health status, physical

activity, technology utilization

Observe

time-varying

context: 

study day, day

of the week, 

steps walked

yesterday, 

action sent

yesterday

At study entry Each day of the study

Randomize

(uniformly)

Factor T (time frame):

09:00 AM–11:30 AM

11:30 AM–02:00 PM

2:00 PM–04:30 PM

4:30 PM–07:00 PM

Factor M

(motivational

message):

• No message

• Self-belief

• Walk benefit

• Opportunity

Factor F (feedback message):

• No message

• Reaching goal

• Steps walked yesterday

• Walked more/less than yesterday

• Steps walked yesterday +

positive/negative feedback

2 min after Factor M

End of the day

Online remote exit interview (option to continue to 9 months)

6-month follow-up

Group A:

Randomize uniformly 

Group B: 

Randomize adaptively

First 2 

study weeks

After the first 2 

study weeks

Randomization refers to levels of each factor (T, M, F)

Active comparator group:

static messaging

FIGURE 2— Schematic of theMicrorandomized Trial (MRT) Design of the DIAMANTE Study

Note. DIAMANTE5Diabetes and Mental Health Adaptive Notification Tracking and Evaluation.
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multiple causal pathways, leading to a

multivariate proximal outcome at each

decision time in practice.5 For example,

the proximal outcomes in DIAMANTE

and StayWell at Home concern the

mechanism lying behind the clinical

condition. However, the engagement

with intervention may also affect the

distal outcome and can be targeted by

a JITAI.5

During an MRT, each participant may

be randomized hundreds or even thou-

sands of times (e.g., 180 times in DIA-

MANTE and 60 times in StayWell at

Home). Randomization permits valid

estimation of the intervention’s time-

varying proximal effects, as it balances

unobserved covariates between the

intervention options. An important

design element of an MRT is randomi-

zation probability—that is, the probabil-

ity of assigning participants to each

option of the intervention component.

They are motivated by both scientific

and practical considerations. For exam-

ple, assigning higher probabilities to

less-demanding options may reduce

participant burden. According to whether

the randomization probabilities are

updated to prioritize the intervention

appearing to be optimal, MRTs can be

further categorized as classical (e.g., in

StayWell at Home) or outcome-adaptive

(e.g., in DIAMANTE).16 We will illustrate

these 2 versions of MRTs in the next

section.

Classical Vs Outcome-
Adaptive Trial Design

Within the classical MRTs, participants

are repeatedly randomized to different

intervention options according to a

fixed time-invariant scheme (i.e., a

scheme wherein the probabilities of

being allocated to each intervention

option remain uniform over time) or a

time-varying allocation strategy, (i.e.,

a strategy wherein the randomization

probabilities depend on the individual’s

previous observations).17,18 Specifically,

the latter seeks to avoid excess burden

by constraining the number of inter-

ventions per day and to spread the

interventions uniformly across different

strata of decision points (e.g., stressed

minutes or nonstressed minutes).19

However, classical MRTs focus on

post–data-collection JITAI optimization

(i.e., data analysis is conducted at the

end of the trial [known as “offline” learn-

ing in the computer science literature]).

Such classical MRTs share similarities

with the traditional fixed design (with

fixed randomization probabilities) or the

biased coin design (with time-varying

randomization probabilities) of random-

ized clinical trials,20 where interventions

appearing to be desirable for users (i.e.,

showing better effectiveness) cannot be

prioritized during the trial. The goal is to

collect high-quality data that may inform

practices for future patients, while partic-

ipants of the current trial cannot benefit

from the new findings.16

For outcome-adaptive MRTs, the ran-

domization probabilities are adaptively

changed in favor of intervention options

with superior performance or the high-

est expected proximal outcome.16 An

essential feature of outcome-adaptive

MRTs is that the randomization proba-

bilities are continually adjusted so that

the user is assigned to an intervention

appearing to be optimal with a higher

chance. The outcome-adaptive MRT

involves a number of interim analyses

during the trial: at every decision point,

the design algorithm, usually a rein-

forcement learning algorithm, selects

an intervention option based on histori-

cal proximal outcomes and current con-

text, enabling the timely delivery of

proper support when needed (known

as online learning in the computer

science literature). This process leads

to an online version of JITAI, which is

certainly not the case with classical

MRTs.

The outcome-adaptive MRT design is

more ethical and efficient when com-

pared with its classical counterpart.

First, it can benefit current participants

as the intervention delivery is continu-

ally optimized to their current context,16

intending to maximize the cumulative

proximal outcomes. The design algo-

rithm can also uncover effective predic-

tors of the right timings when users are

more likely to benefit from support and

can monitor changes in these predic-

tors, triggering appropriate interven-

tions when needed.16 Furthermore,

the outcome-adaptive MRT may save

money by avoiding the collection of

useless covariates (i.e., covariates not

moderating the intervention effects).

More importantly, data collected from

outcome-adaptive MRTs can also be

used for deriving causal effects and

informing offline JITAI construction.

Both mHealth and reinforcement

learning literatures have provided

ways for the analysis of MRTs with

time-varying randomization

probabilities.21,22

Despite that, some drawbacks, such

as the increase in trial complexity and

the statistical inefficiency caused by

unequal allocation,23 raise questions

regarding the use of outcome-adaptive

MRTs. As a result, careful considera-

tions should be given to the adoption

of outcome-adaptive MRTs, especially

to ethical issues (e.g., whether the cur-

rent participants are in urgent need of

interventions) and budget constraints

(e.g., balancing between the increased

human resources because of trial com-

plexity and the cost reduction during

the data collection procedure).
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POTENTIALS IN
PUBLIC HEALTH

As a plausible substitute for face-to-face

interactions, JITAIs in mHealth might

assist with enhancing health care and

reducing health disparities caused by

inequities in health care systems, espe-

cially in underserved communities.8,9

First, the relative cost and scalability of

these interventions allow for faster deliv-

ery of quality care, particularly critical in

emergencies. During the COVID-19 pan-

demic, there has been a surge in inter-

est and use of mHealth to meet the

increasing demands of health care.

With physical distancing restrictions and

a lack of in-person care, mHealth has

the potential to improve access to men-

tal health care24,25 and enable self-man-

agement.26 For example, participants

who received the StayWell text messag-

ing intervention showed improved

depression and anxiety symptoms

after the study,11 indicating that such

mHealth interventions are beneficial.

Second, the high uptake of mobile

technologies among minority and low-

income patients has the potential to

improve the health care of populations

with limited access to traditional health

care resources.27 For example, the DIA-

MANTE study focused on low-income,

low–health literacy, and ethnic minority

individuals. These populations may

experience higher prevalence and

worse outcomes for both diabetes and

depression, and, at the same time, they

may lack access to health care. Because

of the demonstrated effectiveness of

DIAMANTE messages,28 deploying these

mHealth interventions can potentially

decrease disparities in health care by

reaching vulnerable populations.

More importantly, JITAIs have a dis-

tinct advantage in capturing the exact

moment of users’ needs and providing

just-in-time support only when it is

more likely to benefit the user. As a

result, JITAIs may alleviate the practical

issues of low engagement and declining

effectiveness over time faced by many

conventional mHealth interventions,

which are delivered uniformly to users

without taking into account the con-

texts and individual information. For

these reasons, JITAIs are increasingly

being used in various public health

domains, including physical activity

maintenance,29 mental health manage-

ment,30 weight loss,31 and smoking ces-

sation.32 The effectiveness of JITAIs on

various health outcomes has been

demonstrated in empirical studies.33 In

general, JITAIs hold enormous potential

in public health research and practice.

STATISTICAL CHALLENGES
FOR MICRORANDOMIZED
TRIALS

In this section, we will describe several

vital statistical considerations in the

design and analysis of MRTs. When

designing an MRT, sample size calcula-

tion is crucial, while for an outcome-

adaptive MRT, the online “adaptive

algorithm” for updating the randomiza-

tion probabilities adds an additional

layer of complexity. In what follows, we

will briefly review existing methods

related to the preceding issues. Other

significant challenges are also

summarized.

Sample Size Calculations

When calculating the sample size, it is

necessary to specify a primary research

question out of all questions of interest.

In an MRT study, the primary research

question is typically the time-varying

effects of an intervention component

on the proximal outcome, and sample

size calculations are performed to

ensure an adequate power to detect

statistically significant effects. For exam-

ple, in StayWell at Home, the primary

aim was to investigate whether the type

of text messages would affect partici-

pants’moods. To facilitate MRT design,

Liao et al.34 proposed an approach to

determine the sample size for continu-

ous outcomes by modifying sample

size formulas originally developed in

the context of generalized estimating

equations. Seewald et al.35 developed

an online sample size calculator to

help domain scientists implement this

method. The calculator for binary out-

comes can be accessed via https://

tqian.shinyapps.io/mrt_ss_binary, while

the methodology article has not yet

been published online. In addition,

Dempsey et al.17 developed a stratified

MRT and provided a sample size for-

mula, and Xu et al.36 proposed a flexible

MRT design allowing for the addition of

intervention options during the study

and derived corresponding sample size

estimators. Box 2 presents information

on the sample size calculation methods

and software. Nonetheless, other open

questions still warrant further research

in the design of MRTs, such as the sam-

ple size formula for MRTs with count

(e.g., number of cigarettes, number of

active minutes) or ordinal (e.g., mood

rating on a scale of 1–9) proximal out-

comes, which are commonly seen in

practice.

Randomization Probability
Updates

In outcome-adaptive MRTs, the randomi-

zation probabilities are continuously

changed in favor of better-performing

interventions (i.e., the intervention

option that can lead to a higher proximal

outcome), allowing the optimization of
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online JITAIs. Reinforcement learning

provides an ideal framework for solving

such sequential decision-making prob-

lems:40 an agent continuously interacts

with a stochastic environment, or the

context, and learns how to make better

actions or interventions to maximize the

cumulative feedback or proximal out-

come over time.

Currently, most methods for construct-

ing JITAIs online within the outcome-

adaptive MRT fall in a subcategory of RL

(i.e., contextual multiarmed bandits).41

Various algorithms have been proposed

for contextual multiarmed bandits,

making different assumptions about

the data-generating process.41,42 In

particular, Thompson sampling has

demonstrated not only valid theoretical

performance guarantees but also strong

empirical performance.43,44 Because of

these advantages, as well as its random-

ized exploration nature, Thompson

sampling has been adopted in the DIA-

MANTE12 study and the HeartSteps II

study.45 In addition, other reinforcement

learning methods have been employed

in mHealth studies. We refer readers to

Deliu et al.42 and Tewari and Murphy41

for comprehensive reviews of existing

RL approaches for developing JITAIs,

and to Trella et al.46 and Figueroa et al.47

for guidelines regarding the design

of online RL algorithms for mHealth

interventions.

Data Analysis

Analyzing MRT data and deriving causal

effects are critical steps for constructing

efficacious JITAIs. Because MRT data

include time-varying interventions and

endogenous covariates (i.e., depends

on previous interventions or outcomes),

standard methods for longitudinal data,

BOX 2— Summary of Statistical Methods for Sample Size Calculations and Data Analysis in
Microrandomized Trials

Method Outcome Type Functionality Software

Sample size calculations

Liao et al.34 Continuous Sample size calculators for MRTs detecting the proximal effects R shiny app (MRT-SS-Continuous; https://
statisticalreinforcementlearninglab.
shinyapps.io/mrt_ss_continuous)

Qian et al.14 Binary Sample size calculators for MRTs detecting the proximal effects R shiny app (MRT-SS-Binary; https://
tqian.shinyapps.io/mrt_ss_binary/)

Dempsey
et al.17

Continuous Sample size calculators for stratified MRTs detecting the nested
proximal effects

R code (https://github.com/wdempsey/
stratified_mrt)

Xu et al.36 Continuous Sample size calculators for flexible MRTs (which allows for flexible
addition of intervention options) detecting the proximal effects

R shiny app (FlexiMRT-SS; https://
kennyxu.shinyapps.io/FlexiMRT-SS)

Data analysis

Boruvka
et al.21

Continuous Estimating causal excursion effect (moderation) of a time-varying
component on a time-varying outcome

R (geepack; https://cran.r-project.org/
web/packages/geepack/index.html/
geeM; https://cran.r-project.org/web/
packages/geeM/geeM.pdf), SAS (PROC
GEE; https://documentation.sas.com/
doc/en/pgmsascdc/9.4_3.4/statug/
statug_gee_syntax01.htm), Stata
(xtgee; https://www.stata.com/
features/overview/generalized-
estimating-equations/)

R code for small sample correction;
https://github.com/
StatisticalReinforcementLearningLab/
HeartstepsV1Code/blob/master/
xgeepack.R

Qian et al.37 Binary Estimating causal excursion effect (moderation) of a time-varying
component on a time-varying outcome

R code (https://github.com/tqian/binary-
outcome-mrt)

Shi et al.38 Continuous Estimating causal excursion effect (moderation) of a time-varying
component on a time-varying outcome under potential
cluster-level treatment effect and interference

R code (https://github.com/Herashi/MRT-
mHealthModeration)

Li and Wager39 Binary Estimating various causal estimands (short-term and long-term
direct effect, long-term total effect) under cross-unit
interference

NA

Note. MRT5microrandomized trial; NA5not available.
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including generalized estimating equa-

tions and mixed effect approaches, can

lead to inconsistent estimates of causal

effects.48

A weighted and centered least
squares (WCLS) estimation procedure

has been proposed to obtain unbiased

estimates of the causal excursion

effects of time-varying components on

a time-varying continuous outcome.21

With some modifications, the WCLS

estimator and its standard error can

be derived using standard software for

generalized estimating equations,6,21

such as geepack49 in R (R Foundation

for Statistical Computing, Vienna, Aus-

tria) and PROC GEE in SAS (SAS Insti-

tute, Cary, NC). This approach can also

be generalized to the setting where

the randomization probabilities may

change over time.21

Because the WCLS approach is lim-
ited to continuous proximal outcomes,
Qian et al.37 proposed a semiparamet-
ric estimator of the causal excursion
effect in MRTs with binary proximal out-
comes. Furthermore, Shi et al.38 devel-
oped a general inferential approach for
the causal excursion effect with contin-
uous outcome under potential cluster-
level treatment effect and interference.
Li and Wager39 provided estimation
strategies for various causal estimands
(i.e., the short-term and long-term
direct effect) and the long-term total
effect, with a binary outcome under
cross-unit interference. See Box 2 for a
summary of these methods, as well as
the available software. Despite that,
specific methods for other data types,
such as ordinal or count outcomes, are
still not well-developed, as is the case
with sample size calculation.

Variable Selection

Within JITAIs, the content and delivery

of interventions are tailored to an

individual’s ongoing information and

external context. Hence, it is necessary

to collect all relevant contextual varia-

bles and assess the moderation effects

of each variable. If there is a large num-

ber of potential moderators, we need

to conduct moderation analyses using

the WCLS approach many times, which

can be inconvenient and burdensome.

For example, the DIAMANTE study has

a high number of baseline and time-

varying covariates, which may also inter-

act with the interventions. Although

Seewald et al.50 recommended prespeci-

fying the relative “priority” of each vari-

able, in practice, scientists may not have

a priori knowledge about these varia-

bles. Therefore, how best to select a

subset of variables for subsequent mod-

eration analyses remains unresolved.

Missing Data

In the pilot study of DIAMANTE,28 there

were 670 days with missing steps and

3 participants with 2 or fewer days of

step data. A critical issue with analyzing

MRT data is how to handle these miss-

ing data, as missingness may lead to

selection bias in subsequent causal

inference.51 However, there is no com-

prehensive discussion of missing data

issues in MRT. In general, 3 methods to

handle missing data have been used in

MRT studies: complete-case data analy-

sis,28,52 single imputation,15 and multiple

imputation.53 In practice, the choice of

method should depend on the missing-

ness mechanisms, which can be identi-

fied by collecting reasons for missing

data during the study.50 Nevertheless,

no matter which method is adopted in

the main analysis, sensitivity analysis is

recommended to assess the robustness

of the findings, especially when data are

not missing at random.54

CONCLUSION

In this review, we have summarized the

general framework of the JITAI emerging

in mHealth, as well as the key concepts,

design considerations, and statistical

challenges of a novel experimental

design, MRT, that can empirically inform

JITAIs by assessing the proximal effects

and moderation effects. In particular,

MRTs can be categorized as classical or

outcome-adaptive according to whether

the randomization probabilities are

adaptively updated in favor of the opti-

mal intervention. When designing

outcome-adaptive MRTs, researchers

need to choose an appropriate rein-

forcement learning algorithm for updat-

ing these probabilities in addition to the

sample size considerations. Nonethe-

less, there are still some challenges con-

cerning designing and analyzing MRT

studies—for example, analysis methods

for other types of proximal outcomes,

variable selection, and missing data.

With this review, we have sought to

introduce the intervention design (JITAI),

as well as the cutting-edge experimen-

tal design (MRT) of mHealth interven-

tions, to a broad range of readers in the

field of public health. We hope our work

will lead to greater interest among the

public health research community in

the uptake of JITAIs and MRT methodol-

ogies, ultimately leading to the improve-

ment of human lives.
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Antiracism and Community-Based
Participatory Research: Synergies,
Challenges, and Opportunities
Paul J. Fleming, PhD, MPH, Lisa Cacari Stone, PhD, MA, MS, Melissa S. Creary, PhD, MPH, Ella Greene-Moton,
Barbara A. Israel, DrPH, MPH, Kent D. Key, PhD, MPH, Angela G. Reyes, MPH, Nina Wallerstein, DrPH, MPH, and
Amy J. Schulz, PhD, MPH, MSW

Structural racism causes stark health inequities and operates at every level of society, including the

academic and governmental entities that support health research and practice. We argue that health

research institutions must invest in research that actively disrupts racial hierarchies, with leadership

from racially marginalized communities and scholars.

We highlight synergies between antiracist principles and community-based participatory research

(CBPR), examine the potential for CBPR to promote antiracist research and praxis, illustrate structural

barriers to antiracist CBPR praxis, and offer examples of CBPR actions taken to disrupt structural racism.

We make recommendations for the next generation of antiracist CBPR, including modify health research

funding to center the priorities of racially marginalized communities, support sustained commitments

and accountability to those communities by funders and research institutions, distribute research funds

equitably across community and academic institutions, amplify antiracist praxis through translation of

research to policy, and adopt institutional practices that support reflection and adaptation of CBPR to

align with emergent community priorities and antiracist practices.

A critical application of CBPR principles offers pathways to transforming institutional practices that

reproduce and reinforce racial inequities. (Am J Public Health. 2023;113(1):70–78. https://doi.org/10.2105/

AJPH.2022.307114)

For decades, community activists

and a small number of health

scholars have been calling for health

researchers to not just study racism but

be actively antiracist and contribute to

transforming our inequitable sys-

tems.1,2 Recently, an increasing number

of health scholars and mainstream pub-

lic health institutions (e.g., the Centers

for Disease Control and Prevention,

the National Institutes of Health [NIH])

have called for more antiracist health

research that directly confronts and

addresses structural racism in both its

process and outcomes.3–7 For example,

the NIH launched the UNITE initiative to

“identify and address structural racism

within the NIH-supported and the

greater scientific community.”3 To fulfill

these antiracist ambitions, we need

bold leadership and expansion of equi-

table models that disrupt hierarchies

embedded in our health research insti-

tutions (e.g., the NIH, major universities,

nonprofit organizations). These models

need to center community voices and

support community–academic partner-

ships to foster racial justice.

Investing in community-based partici-

patory research (CBPR) approaches

offers an opportunity for health research

institutions to move closer to antiracist

principles. CBPR approaches—distinct

from the broader term “community-

based” research and only a narrow slice

of all health research—often actively seek

to disrupt racial hierarchies in how they

are conducted (i.e., the process) and in

the outcomes they seek to affect (i.e.,

health equity).2,8–10 Literature reviews

demonstrate that CBPR partnerships can

have an important positive impact on

health outcomes in marginalized com-

munities,11–13 but these impacts are con-

strained and limited by pervasive racial
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inequities embedded in research and

funding institutions.14–17

The emancipatory roots that underlie

CBPR draw from the epistemic tradi-

tions of oppressed communities of

color and Indigenous communities

across the globe that have sought to

facilitate community empowerment

and agency.18 The liberatory founda-

tions of CBPR are anchored in Brazilian

educator Paulo Freire’s dialogical ap-

proach to critical consciousness and

the cyclical praxis of reflection and

action; in Global South movements to

end apartheid (e.g., in South Africa)

and build knowledge democracy; and

in civil rights movements to end White

supremacy in the United States.12,18–20

Building on these historical roots,

since the 1990s a growing community

of health scholars has partnered with

racially marginalized communities to

center their priorities, develop research

to address health inequities, and disrupt

traditional research models in health

research institutions.6,9,12 Over the past

3 decades, CBPR has evolved into a

research approach that—when carried

out according to its core principles—

embraces antiracism principles and can

be a tool to help dismantle structural

racism in the United States. Even in this

acknowledgment of CBPR’s potential as

an antiracist tool that can disrupt White

supremacy, it was indeed the capital of

White scholars that allowed this move-

ment to gain acceptance and grow in

academia. We hold these 2 truths to be

in tension.

We argue that health research institu-

tions should invest in research that

funds and is led by racially marginalized

communities, helps disrupt racial hierar-

chies, and contributes to transforming

systems, structures, and institutions that

are deeply implicated in reproducing rac-

ism. We cannot exhaustively cover all of

the issues in this essay nor do we have

all the answers; however, we hope to

help our field move closer to transform-

ing institutional practices that reproduce

and reinforce racial inequities.

RESEARCH–ANTIRACIST
PRINCIPLE SYNERGY

Synergies between a CBPR approach

to research and antiracist approaches

provide an opportunity for addressing

racial inequities in institutions of higher

education and traditional research prac-

tices. Camara Phyllis Jones, leading

scholar of racism and health, has defined

racism as

a system of structuring opportunity and

assigning value based on the social

interpretation of how one looks, that

unfairly disadvantages some individuals

and communities, unfairly advantages

other individuals and communities,

and saps the strength of the whole

society through the waste of human

resources.4(p231; emphasis added)

Thus, health research that is antiracist

would need to restructure opportunities,

reassign value, and prevent the waste of

human resources. The core principles of

CBPR (Box 1) are intended to guide

researchers to do exactly that.

CBPR principles aim to restructure

opportunities by enhancing opportunities

for community members and organiza-

tions to build solutions to community

challenges, develop research questions,

collaborate on data collection and

analysis, and implement strategies for

addressing inequities.8,9,12 CBPR’s explicit

focus on capacity building by all team

members provides opportunities for

community members to build their

research skill set, for academic research-

ers to learn community-centered skills

BOX 1— Principles for Community-Based Participatory Research

1. Recognizes community as a unit of identity

2. Builds on strengths and resources in the community

3. Facilitates a collaborative, equitable partnership in all phases of research, involving an empowering and power sharing process that attends to social
inequalities

4. Fosters colearning and capacity building among all partners

5. Integrates and achieves a balance between knowledge generation and intervention for the mutual benefit of all partners

6. Focuses on the local relevance of public health problems and ecological perspectives that attend to the multiple determinants of health

7. Involves systems development using a cyclical and iterative process

8. Disseminates results to all partners and involves them in the wider dissemination of results

9. Involves a long-term process and commitment to sustainability

10. Openly addresses issues of race, ethnicity, racism, and social class and embodies “cultural humility”

11. Works to ensure research rigor and validity but also seeks to “broaden the bandwidth of validity” with respect to research relevance

Source. Israel et al.,8 Minker and Wallerstein,9 and Israel et al.12
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and knowledge, and for all partners to

examine the ways that institutionalized,

personally mediated and internalized

forms of racism affect collaborative

work.4,12 CBPR teams are also intentional

about expanding space for community

members to be experts on the project

and topic. Beyond opportunities for indi-

viduals, CBPR creates opportunities for

entire communities by budgeting finan-

cial resources to community-based

organizations to strengthen capacity for

community change. It also entails a criti-

cal evaluation of the balance of resources

applied to research and those applied

to action to create change based on

research findings.

CBPR approaches work to reassign

values by valuing and centering com-

munity perspectives more explicitly

than they are in conventional research

practices. CBPR principles emphasize

that expertise lies in communities and

places high value on the people and

perspectives in racially marginalized

communities. In practice, CBPR projects

and partnerships are frequently the

site of advocacy, policy change, and

action related to injustices (e.g., envi-

ronmental racism, incarceration, and

policing) prioritized by racially marginal-

ized communities.13

Finally, CBPR aims to prevent the

waste of human resources by creating a

research structure that explicitly chal-

lenges the marginalization of scholars

and communities of color and the deval-

uation of their knowledge. Core CBPR

practices aim to do this by channeling

resources from well-financed predomi-

nantly White institutions into racially mar-

ginalized communities and by creating

explicit opportunities to support commu-

nity capacity for both research and

action.

A CBPR approach also aligns with

the leading antiracism framework for

health research developed by Ford and

Airhihenbuwa21: public health critical race

praxis (PHCR). PHCR was developed to

identify, understand, and undo the root

causes of racial hierarchies and applies

principles from critical race theory (CRT)

to antiracist health research.

PHCR draws on fundamental pillars

of CRT to emphasize the acknowledg-

ment of the systemic White supremacy

that operates at every level of US soci-

ety.21,22 PHCR also pulls from CRT in

the recognition that we need to “center

the margins” for an effective antiracist

praxis. PHCR and CRT are also guided

by Crenshaw’s and other Black feminist

scholars’ concept of intersectionality,

which was developed in recognition of

the combined and often multiplicative

impact of intersectional systems (e.g.,

economic structures, race, culture, and

gender)22 and was later applied to analy-

sis of health outcomes.23 PHCR and CRT

emphasize questioning objectivity, ques-

tioning the evidence, and generating

knowledge from perspectives that reside

outside of the academy.

In Table 1, we show selected core

principles and definitions from Ford

and Airhihenbuwa’s PHCR methodol-

ogy.21 For each PHCR principle (drawn

from CRT concepts), we demonstrate

alignments with guiding principles in

CBPR. In Table A (available as a supple-

ment to the online version of this article

at http://www.ajph.org), we include all

the core PHCR principles.

It is important to note that not all

CBPR partnerships prioritize the study

of racial influences on health outcomes

(e.g., “primacy” from PHCR principles in

Table 1). Rather, some partnerships

focus on disrupting other systems of

oppression, such as patriarchy, coloni-

zation, and heteronormativity, that

often interlock with racism.23 In addi-

tion, it is critical that CBPR partnerships

discuss and determine the principles

that will guide their work, including

the integration of PHCR and CBPR prin-

ciples relevant for their goals and con-

text. As a result, principles will vary

across partnerships.8 Nonetheless,

CBPR’s focus on centering marginalized

communities and disrupting various

forms of inequities is consistent with

PHCR principles.

CHALLENGES IN OUR
CURRENT ENVIRONMENT

“White supremacy is not a shark; it is

the water.”

—El Guante

The waters of White supremacy in

which we swim24 pose major barriers

to actualizing antiracist CBPR partner-

ships for health. These waters have

been created and constructed over

centuries to value the lives, institutions,

and knowledge of White people and

devalue the human dignity and lives of

Black, Indigenous, Latinx, Arab, Asian,

and other marginalized groups. In this

sense, the impact of any programmatic

or policy-based intervention is bound

by linked oppressive systems.15 The

potential impact of CBPR on health

equity is bound by larger oppressive

systems’ impact on resource and

power distribution.

These waters are why both the NIH

and US philanthropies dramatically

underfund sickle cell disease—a disease

predominantly afflicting Black Ameri-

cans—compared with similar diseases

that have a greater impact onWhites.15,25

It is why the NIH has hardly invested in

research on structural racism, despite it

being a fundamental cause of so much

death and disease.5,26 It is why there is

limited growth in public health faculty

racial diversity, especially at research-

intensive institutions and in tenured
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positions.27 And it is why the overwhelm-

ing majority of budgets and indirect costs

for multimillion-dollar racial health inequi-

ties research goes to historically and pre-

dominantly White research universities

with predominantly White faculty instead

of to racially marginalized communities,

community-based organizations, or his-

torically Black colleges and universities.

We highlight a few of the barriers to an

antiracist health research agenda.

First, current academic structures

incentivize short-term profit for univer-

sities and center knowledge production

in individual academic faculty members

rather than incentivizing long-term

investments in communities and

community expertise.14 Academic

researchers who would like to conduct

antiracist CBPR research are often dis-
couraged because it is too slow, under-
funded, perceived as service, or not
perceived as rigorous science.28 Uni-
versities often prioritize federal grant
funding—especially in decisions about
faculty hiring, tenure, and promotion—
and thus can sometimes disincentivize
academic-based researchers from cre-
ating equitable partnerships that share
grant dollars with communities.17 Aca-
demic researchers, especially those
who are scholars of color, are some-
times forced to exit partnerships
because they could not find a job that
supported their research or that
earned tenure or because they felt the
university environment was too toxic.29

This dynamic is exacerbated by “health

equity tourists”—primarily White schol-

ars—who opportunistically seize on

expanded health equity funding or

publishing opportunities to advance

their careers despite a lack of exper-

tise.30 The commitment to antiracist

research and CBPR principles often

rests on the individual researchers

rather than institutional commitment.

Second, the NIH and other large
health research–funding institutions
prioritize research that focuses on
proximate causes of diseases, biology,
and individual health outcomes and
have less emphasis on understanding
and intervening in the sociopolitical
roots of health and inequality. Of the
$41.7 billion in NIH funding in 2020,

TABLE 1— Selected List of Public Health Critical Race Methodology Principles and Application to CBPR
Principles

PHCR Principlea PHCR Principle Definitiona Application to CBPR Principles

Race consciousness Deep awareness of one’s racial position; awareness
of racial stratification processes operating in a
colorblind context

Focuses on equitable academic–community partnerships that
recognize and attend to racial (and other) inequities; openly
addresses racism (CBPR principles 3 and 10)

Primacy of racialization Fundamental contribution of racial stratification to
societal problems; central focus of CRT
scholarship on explaining racial phenomena

Not all CBPR partnerships focus on racialization and racism;
however, most work with communities of color and openly
address issues of race, ethnicity, and racism (CBPR principle
10) often as these intersect with other dimensions of
inequality (e.g., gender, class)

Ordinariness of racism Racism is embedded in the social fabric of society CBPR principles do not explicitly state this but aim to explicitly
discuss issues of racism (CBPR principle 10); recognize and
attend to power dynamics caused by racism in partnerships
(CBPR principle 3)

Structural determinism The fundamental role of macrolevel forces in driving
and sustaining inequities across time and
contexts

CBPR explicitly focuses on an ecological perspective that
recognizes macrolevel forces as fundamental for causing
inequities (CBPR principle 6) and attends to power dynamics
rooted in racism that occur in partnerships (CBPR principle 3)

Social construction of
knowledge

Established knowledge in a discipline can be
reevaluated using antiracism modes of analysis

CBPR principles explicitly value and seek knowledge based in
communities that may be different than traditional academic
knowledge (CBPR principles 2, 4, and 5)

Intersectionality Interlocking nature of cooccurring social categories
(e.g., race, gender) and the forms of social
stratification that maintain them

CBPR principles do not explicitly state this but aim to explicitly
discuss issues of racism and social class (CBPR principle 10)
and recognize and attend to power dynamics caused by social
inequalities that occur in partnerships (CBPR principle 3)

Voice Prioritizing the perspectives of marginalized persons;
privileging the experiential knowledge of
outsiders within

CBPR often occurs in racially marginalized communities where
community members are equal partners in the research
decision-making (CBPR principle 3) and focuses on issues
identified and prioritized by members of the community (CBPR
principle 6)

Note. CBPR5 community-based participatory research; CRT5 critical race theory; PHCR5public health critical race praxis.

aThis column is quoted directly from Table 1 in Ford and Airhihenbuwa.21
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just 7% fit into the broad NIH-defined

category of social determinants of

health research.31 (Most of the

research categorized by the NIH as

social determinants of health does not

engage with the sociopolitical roots

of health and does not adequately

account for structural racism.32) CBPR

partnerships aim to follow community

priorities for research and interven-

tion, but the pool of funding available

severely constrains those choices. For

example, in many cases, communities

would prioritize ending police harass-

ment and imprisonment of their resi-

dents,26 but the funding agencies with

the largest health research budgets

continue to focus on proximal causes

and medical solutions, rather than

addressing the root causes of harm to

racially marginalized communities.31

Third, there are substantial barriers—

attributable to structural racism—that

inhibit racially marginalized scholars,

first-generation college-educated

researchers, and community partners

from receiving competitive research

grants for large-scale funding.5 Often

(but certainly not always), academic

researchers work for predominantly

White institutions located outside the

communities with whom they partner.10

They are also often spawned from lega-

cies of educational White privilege or

do not belong to communities most

affected by racial health inequities.

Additionally, scholars from racially mar-

ginalized communities are often dis-

suaded from conducting research in

partnership with their own community

because it is unfairly perceived as

biased.29,33 Meanwhile, White academ-

ics are rewarded for conducting health

research with these same communi-

ties.30 Collectively, these inequitable

practices systematically advantage

White researchers and simultaneously

discredit and marginalize scholars of

color—a dual function of White suprem-

acy in the academy.

Finally, CBPR partnerships occur in a

White supremacy culture that places

values on certain forms of knowledge

prominent in predominantly White

institutions and devalues those coming

from institutions in racially marginalized

communities. Excellent CBPR research

is conducted by researchers at histori-

cally Black colleges and universities but

does not receive the same recognition

and support.34 Despite the intentions

of CBPR principles to center members

of racially marginalized communities as

experts with valuable knowledge, the

society we live in—and our very own

research institutions—continues to call

on experts based in predominantly

White universities to provide input on

what is happening in racially marginal-

ized communities.

These are but a few of the structural

barriers CBPR partnerships face in living

up to their principles. With these in mind,

we recognize CBPR principles as aspira-

tional, commonly eroded, or compro-

mised because of the institutional and

societal challenges described. They also

represent a set of tools and perspectives

that can help to chip away at the very

structural barriers just described. Indeed,

CBPR partnerships have played an

important role in shifting institutions and

policies, which we describe in several

examples in the next section.

PARTNERSHIP AND
ADVOCACY EXAMPLES

These examples—most of which are

unpublished because of some of the

barriers described in the preceding

section—draw on the experiences of

the authors.

Advocating in Local
Government

A CBPR partnership in Flint, Michigan,

played a fundamental role in the Gene-

see County, Michigan, government

declaring racism a public health crisis

on June 10, 2020, and the subsequent

work to act based on the declaration.

Researchers fromMichigan State Univer-

sity and the University of Michigan–Flint

worked in partnership with the Faith

Subcommittee of the Greater Flint

COVID-19 Taskforce on Racial Inequities

and the community-based organization

partners to conduct focus groups and

community dialogues that informed a

strategic plan for the county government

to act on their declaration. This CBPR

partnership had an antiracist outcome

because it resulted in antiracist policy

changes, such as a line item in the bud-

get to support antiracism training, edu-

cation, and initiatives.

Transformation in
Universities

To build the cadre of underrepresented

scholars of color in health research, the

Transdisciplinary Research, Equity and

Engagement (TREE) Center at the Uni-

versity of New Mexico is shifting the

conditions for CBPR partnerships

between scholars of color and commu-

nities of color. Scholars of color are

supported by an academic and com-

munity of color mentor from the devel-

opment of competitive pilot project

proposals to the implementation of

interventions in real-world settings as a

model for centering community voice

and building new lines of inquiry

toward racial healing, social justice, and

health equity. The TREE Center fosters

the development of scholars of color by

providing a community of mentors
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across 12 disciplines in the health and

social sciences. A formal training and

technical assistance program provides

support for academic success (e.g.,

preparing tenure and promotion port-

folios, development, and review of

research proposals). The TREE Center

also develops tools for engagement

with communities that shift power

dynamics and advocate changes in uni-

versity procedures and policies that

incentivize CBPR scholars.

Changing Funding Models

In the early 2000s, the National Center

for Minority Health and Health Disparities

convened a group of CBPR experts from

across the United States to advise them

in establishing a CBPR program at the

center (subsequently “institute”). It incor-

porated a primary recommendation of

the advisory group, which was the crea-

tion of a 3-phase funding cycle spanning

an 11-year period. The 3 phases were

(1) an initial 3-year planning and pilot

project grant, (2) a 5-year intervention

implementation grant, and (3) a 3-year

dissemination grant to share findings and

lessons learned. This extended timing

allowed CBPR partnerships the time and

resources needed to genuinely follow

CBPR principles. This example of CBPR

researchers advocating institutional trans-

formation follows the PHCR and CRT con-

cepts of “disciplinary self-critique” and

“structural determinism” in that status

quo norms at the NIH are perpetuating

inequities in health research processes.

Another example of this is how at the

urging of CBPR scholars and environ-

mental justice advocates, the National

Institute of Environmental Health Scien-

ces (NIEHS) has experimented with

innovations that shift power as part of

their Research to Action program. The

Environmental Justice: Partnerships for

Communication program request for

proposals sought to amplify community

voices in identifying and defining prob-

lems related to environmental expo-

sures, shaping research approaches to

the problem, and setting priorities for

intervention strategies. Particularly

notable was that the study section that

NIEHS convened for this funding mech-

anism included both academic-based

researchers and environmental justice

advocates to examine the science, the

distribution of funds, and whether pro-

posals reflected community priorities.

This example follows principles from

PHCR and CRT because it shifted the

voices of environmental justice advo-

cates from the margins to the center to

shift funding processes and outcomes.

Finally, Tribal nations and Native

scholars across the United States have

recently challenged White supremacy

by demanding cultural-centered CBPR

and Indigenous-led research through

2 NIH initiatives: the Native American

Research Centers for Health and the

Intervention Research to Improve

Native American Health (IRINAH) fund-

ing. A major goal has been to center

funding in Native communities and

organizations and increase the number

of Native scholars and their success in

the academy, including increased

access to R01 (research project grant)

funding. For more about the IRINAH ini-

tiative, see the special issue in Preven-

tion Science.7 Although Native scholars

have begun to replace their White col-

leagues as principal investigators, the

NIH has not yet adopted a similar initia-

tive for other scholars of color. Like the

previous examples, this example of

CBPR research draws on PHCR and

CRT principles of centering the margins

and disciplinary self-critique to create

antiracist processes for conducting

research.

RECOMMENDATIONS
AND CONSIDERATIONS

In the short term, research funders

should shift substantial funds to focus-

ing on structural racism and encourag-

ing research approaches that align with

both antiracism and CBPR principles.

A recent request for applications from

the NIH for projects with the goal of

“understanding and addressing the

impact of structural racism” focused

funding on racism but did not take an

explicitly antiracist approach to how

funding decisions were made or which

types of projects were eligible for fund-

ing. These types of funding opportuni-

ties are limited and are subject to the

whims of new federal leadership

because they are not institutionalized.

Most universities and research institu-

tions are motivated by funding, and

thus if funders transform how they allo-

cate resources they can also transform

these academic research institutions.

The examples we have provided show

how CBPR researchers can advocate

funding mechanisms to facilitate long-

term commitments with racially margin-

alized communities. In addition, ensuring

that NIH and other funders’ funding

decisions are shaped by members of

racially marginalized communities—like

the NIEHS study section example—can

help make sure that funding provides

community resources and focuses on

fundamental causes of multiple health

issues (e.g., systems of incarceration,

finance, policing, environmental protec-

tion, housing).

Longer term, we need to work toward

a future in which racially marginalized

communities are allocating and receiv-

ing public funding and directing anti-

racist health research that can have an

impact on their own communities.35

This change will require fundamental

RESEARCH & ANALYSIS

Analytic Essay Peer Reviewed Fleming et al. 75

A
JP
H

Jan
u
ary

2023,Vo
l113,N

o
.1



transformation in how universities

operate and how research is defined,

originated, and funded. Substantial

rethinking and reorientation among

research institutions to shift funding allo-

cations will be required to ensure that

funds are available to support action to

address the inequities that are the focus

of the research. The research to action

mechanism described in the preceding

section is an example of such a funding

mechanism. There is a critical need for

focused attention to expand and create

additional mechanisms for directing

funding to support antiracist actions.

Accountability to
Communities of Color

Long-term commitment and community-

driven policy change can enhance trust

and accountability with communities of

color, an essential aspect of antiracist

praxis. Universities and other research

institutions that are committed to anti-

racist practices need to build in meas-

ures of accountability to communities

affected by racism and racial health

inequities. Long-term commitment is a

key principle of CBPR partnerships, and

we need institutional support for larger

partnerships between universities and

communities and cities to help ensure

the long-term sustainability of CBPR

research. Such partnerships might be

established in the form of community–

academic centers or institutes (e.g., the

TREE Center or the Detroit Urban

Research Center), which extend beyond

any single externally funded project.

Ideally these would have university

funding for core infrastructure support

in addition to external funding to foster,

promote, and build capacity to conduct

antiracist CBPR.

It is essential to build in accountability

metrics and mechanisms to ensure a

continued focus on social impact to

address structural racism. A practical

model for social change links research

efforts to policy change to transform

the racial structures through distribu-

tive, procedural, and restorative justice

approaches that remediate unfair poli-

cies.13,36,37 Examples include working

to ensure that indirect costs received

as part of grant funding are equitably

invested in communities instead of

adding solely to a university’s budget,

dedicating a portion of project funds

to scholarships for community youths,

and demanding that universities divest

from companies and other institutions

that harm their community through,

for example, incarceration or climate

change. These forms of accountability

can help move research institutions

into closer alignment with antiracist

and CBPR principles and ultimately

help disrupt structural racism and

White supremacy. These types of

actions—and not just platitudes—can

help to build trust over time.

Reflection and Adaptation

Given that racism adapts over time,

antiracist CBPR approaches will also

need to adapt over time. CBPR principles

of colearning and capacity building—and

openly addressing issues of racism and

social classism—require CBPR research-

ers and community partners to follow

guided approaches that allow continued

critical self-reflection and collective

reflection regarding racial equity in the

partnership.10 Being adaptive means

that the current CBPR core principles

may and should be revised in the future

to better align with community priorities

or antiracism ideas. Dialogues will be

essential in partnerships, recognizing

that racism is shaped by local histories

and relationships, and thus will vary not

only over time but by location.38,39

In this reflection, we cannot overlook

that the development of CBPR ap-

proaches has historically been led in

academia predominantly by White

scholars. Many of the authors of this

essay benefit from the waters of White

supremacy while simultaneously fight-

ing for the CBPR partnerships and prin-

ciples that swim against the currents.

Given the racism embedded in the

academy, White scholars’ ideas have

been more likely to be legitimized and

shared. Furthermore, in some instances

the voices of scholars of color are mar-

ginalized when they are relinquished to

secondary authors or investigators in

funded research with communities of

color.29,33 The future of antiracist CBPR

needs to own and address this dynamic.

Candid reflection and courageous con-

versations regarding internalized privilege

among White scholars and internalized

oppression among scholars of color can

facilitate processes of healing for racial

justice in CBPR.

The possibilities for CBPR have been

changing as Indigenous researchers

and other scholars of color have ad-

vanced to senior positions in predomi-

nantly White institutions, as historically

Black colleges and universities have

made innovations in CBPR principles,40

and as tribes and communities have

demanded equitable distribution of

resources and community-prioritized

and -led decisions.7 This is an opportu-

nity to raise the critical nature of anti-

racism conversations in partnerships

and demand change in academia and

funding institutions.

CONCLUSIONS

Health research urgently needs to

follow antiracist research principles.
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Alignments between a CBPR approach

and antiracist approaches provide a

path toward addressing historical and

contemporary racial inequities embed-

ded in institutions of higher education

and in traditional research processes.

Achieving racial justice and ameliorat-

ing inequities is a call to action for the

field of health research to address rac-

ism in health research, center scholars

and communities of color, and work

together as intercultural allies in con-

fronting White supremacy with focused

deliberative action toward racial heal-

ing, justice, and reconciliation.
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Timing and Trends for Municipal
Wastewater, Lab-Confirmed Case,
and Syndromic Case Surveillance of
COVID-19 in Raleigh, North Carolina
Nadine Kotlarz, PhD, David A. Holcomb, PhD, A. B. M. Tanvir Pasha, MS, Stacie Reckling, EA, Judith Kays, Yi-Chun Lai, PhD,
Sean Daly, Sivaranjani Palani, Erika Bailey, Virginia T. Guidry, PhD, Ariel Christensen, Steven Berkowitz, Jane A. Hoppin, ScD,
Helena Mitasova, PhD, Lawrence S. Engel, PhD, Francis L. de los Reyes III, PhD, and Angela Harris, PhD

See also Keck and Berry, p. 6.

Objectives. To compare 4 COVID-19 surveillance metrics in a major metropolitan area.

Methods.We analyzed severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) RNA in

wastewater influent and primary solids in Raleigh, North Carolina, from April 10 through December 13,

2020. We compared wastewater results with lab-confirmed COVID-19 cases and syndromic COVID-like

illness (CLI) cases to answer 3 questions: (1) Did they correlate? (2) What was the temporal alignment of

the different surveillance systems? (3) Did periods of significant change (i.e., trends) align?

Results. In the Raleigh sewershed, wastewater influent, wastewater primary solids, lab-confirmed cases,

and CLI were strongly or moderately correlated. Trends in lab-confirmed cases and wastewater influent

were observed earlier, followed by CLI and, lastly, wastewater primary solids. All 4 metrics showed

sustained increases in COVID-19 in June, July, and November 2020 and sustained decreases in August

and September 2020.

Conclusions. In a major metropolitan area in 2020, the timing of and trends in municipal wastewater,

lab-confirmed case, and syndromic case surveillance of COVID-19 were in general agreement.

Public Health Implications. Our results provide evidence for investment in SARS-CoV-2 wastewater and

CLI surveillance to complement information provided through lab-confirmed cases. (Am J Public Health.

2023;113(1):79–88. https://doi.org/10.2105/AJPH.2022.307108)

COVID-19 public health surveillance

relies on multiple data sources to

estimate disease burden. The number

of positive clinical tests over time has

served as a primary metric for tracking

COVID-19 infections in North Carolina

because clinical testing of individuals

accurately identifies cases and is legally

required for surveillance of reportable

diseases, including COVID-19.1 Clinical

testing is, however, costly and ineffi-

cient as a means of population-level

surveillance of COVID-19.2 In addition,

this metric can be limited by sensitivity,3

clinical test availability,4 and changes in

testing behavior such as the rise in use of

nonreportable, at-home rapid test kits.5

Surveillance of severe acute respira-

tory syndrome coronavirus 2 (SARS-

CoV-2) RNA in wastewater influent or

settled wastewater solids has gained

traction in public health practice.6 In

addition to capturing data on symp-

tomatic individuals who are likely to be

tested, wastewater surveillance cap-

tures information on infections among

asymptomatic carriers who shed the

virus in feces but are less likely to be

tested (Figure 1). In retrospective stud-

ies, SARS-CoV-2 RNA concentrations in

wastewater have been shown to corre-

late positively with reported clinical

COVID-19 cases.7,8 Public health offi-

cials have used wastewater surveillance

trends to target public health mitigation

efforts.9 Most wastewater surveillance is

conducted using centralized wastewater

treatment systems; wastewater surveil-

lance is not as efficient in communities
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with a high proportion of people depen-

dent on individual septic systems.

Another form of surveillance used for

COVID-19 response is syndromic sur-

veillance for COVID-like illness (CLI)

based on prediagnostic emergency

department (ED) data not confirmed

through laboratory testing. CLI cap-

tures data on individuals with serious

illness and those seeking care at EDs,

representing a smaller segment of the

infected population. Syndromic surveil-

lance is mandated in North Carolina10

and is routinely used for other respira-

tory conditions, including influenza.

Given the different segments of the

population captured via wastewater,

lab-confirmed case, and CLI surveillance

(Figure 1), it is important to evaluate

how these surveillance systems com-

pare in a given population. Wastewater

may provide more sensitive surveillance

of changing infection rates in areas

where there is incomplete ascertain-

ment of cases through clinical testing.11

Increases in wastewater concentrations

have sometimes preceded increases in

clinical cases.12 CLI surveillance based

on ED data is unlikely to be more timely

than lab-confirmed case surveillance,

but it may be nearly as timely. With elec-

tronic health information systems, data

on CLI ascertained at EDs can be avail-

able in near real time,13 whereas labo-

ratory testing can entail delays from

sample collection to results reporting.

We compared COVID-19 surveillance

data sets from a major metropolitan

area and included 2 wastewater met-

rics. We analyzed SARS-CoV-2 RNA con-

centrations in wastewater influent and

primary solids from a municipal waste-

water treatment plant in Raleigh, NC.

Subsequently, we compared wastewater

levels with lab-confirmed COVID-19 and

CLI counts for the sewershed to answer

3 questions: (1) Did they correlate? (2)

What was the temporal alignment of the

different surveillance systems? (3) Did

trends (i.e., periods of significant

increases or decreases) align across

surveillance systems? This research can

inform how public health officials look

across surveillance systems to estimate

COVID-19 burdens.

METHODS

Raw wastewater influent and primary

clarifier solids (i.e., primary solids) were

sampled from the Neuse River Resource

Recovery Facility in Raleigh between

April 10 and December 13, 2020. We

collected 24-hour composite influent

wastewater samples (100 or 500 mL)

and grab samples of solids (40 mL) 2 or

All infected persons in sewershed

Wastewater
Pros: Captures 
symptomatic and 
asymptomatic 
individuals who 
shed virus in feces 
Cons: Cannot 
identify who is 
infected; captures 
visitors to 
sewershed

Shed virus in feces
Do not shed 
virus in feces

Reported COVID-19 cases
Pros: Lab-confirmed 
Cons: Depends on testing availability

Shed virus in feces
Do not shed 
virus in feces

COVID-19–like illness
Pros: Independent of testing availability
Cons: Represents only those who are 
symptomatic and visit ED; includes false 
positives

False positives

FIGURE 1— Depiction of Populations Captured by COVID-19 Surveillance Systems

Note. ED5 emergency department; SARS-CoV-25 severe acute respiratory syndrome coronavirus 2. The black box contains all SARS-CoV-2 infections in the
sewershed. Infected individuals who shed the virus in feces contribute to SARS-CoV-2 RNA levels in wastewater (blue). Data on individuals seeking diagnostic
testing are captured through reportable communicable disease surveillance (red). Data on individuals exhibiting COVID-like illness (CLI) at an ED are cap-
tured through ED syndromic surveillance (orange). False positives are shown outside the black box (orange for CLI and red for diagnostic testing). All
reported cases are estimates of true cases. Individuals who do not seek testing, visit an ED, or shed the virus in feces are not captured by these surveillance
systems (i.e., the white space inside the black box).
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3 times weekly, with some periods of

daily sampling (102 dates in total;

Figure A, available as a supplement to

the online version of this article at

https://ajph.org). This facility serves

approximately 580000 people and had

average treated flows of 48 million gal-

lons per day in 2020. Solids collected

from primary clarifiers were predomi-

nantly influent solids, but waste-activated

solids were also present because the

facility co-settles waste-activated solids in

its primary clarifiers. Although co-settling

waste-activated solids in primary clari-

fiers is not a common wastewater treat-

ment practice, it is a recognized practice

for improved sludge thickening.14,15 The

residence time of solids in the clarifiers

was, on average, 2.8 days (range51.8–4.

3 days), which is longer than typical pri-

mary clarifier residence times (on the

order of hours).

Concentrations of SARS-CoV-2 N1 and

N2 genes in wastewater samples were

determined via reverse-transcription-

droplet digital polymerase chain reaction

(see Supporting Information, available

as a supplement to the online version

of this article at https://ajph.org).

Wastewater sample processingproto-

cols, depicted in FigureB (influent; avail-

able as a supplement to the online

version of this article at https://ajph.org)

and Figure C (primary solids; available

as a supplement to the online version of

this article at https://ajph.org), incorpo-

rated several of the current best practi-

ces.16 Normalized N1 results (Supporting

Information) were used in subsequent

analyses with lab-confirmed cases

and CLI.

Lab-Confirmed COVID-19
Case Data

Individual-level lab-confirmed COVID-19

cases with residential addresses from

the North Carolina Electronic Disease

Surveillance System were provided

by the North Carolina Department of

Health and Human Services. Positive

case counts included polymerase chain

reaction–positive tests, antigen-positive

tests, and a few polymerase chain

reaction–negative tests determined to

be positive cases based on physician

case notes. Cleaned residential addresses

were geocoded in ArcGIS Pro version

2.7.0 (ESRI, Redlands, CA) via the 2018

ESRI Business Analyst USA_LocalCom-

posite locator (Supporting Information).

As a means of producing daily case

counts, we summed cases in the sew-

ershed using specimen collection dates

or test result report dates.

COVID-Like Illness Data

Data on individual-level CLI cases geo-

coded at the residential zip code level

were acquired from the North Carolina

Disease Event Tracking and Epidemio-

logic Collection Tool, a public health

syndromic surveillance system captur-

ing all civilian ED visits in North Carolina

(as reporting is mandatory).13 CLI ascer-

tained at urgent care centers was not

included because NC does not share

these data with external researchers.

CLI was defined according to Interna-

tional Statistical Classification of Diseases

and Related Health Problems, 10th Revi-

sion (ICD-10; Geneva, Switzerland: World

Health Organization; 1992) diagnostic

codes (B97.2 or B34.2, J12.81 or J12.82,

or U07.1 or U07.217) or 1 of the follow-

ing conditions: a chief complaint related

to coronavirus, triage notes indicating a

loss of sense of taste or smell, or triage

notes indicating shortness of breath

with fever. CLI cases that also had diag-

nostic codes for influenza (J09–J11.89)

were excluded unless they had 1 of the

ICD-10 inclusion codes. The date for

each CLI record was the ED visit date.

We estimated daily CLI counts in the

sewershed by summing counts in each

of the 27 zip codes located entirely or

partially in the sewershed, weighted by

population density according to 2010

census block data.

Correlation Analysis

We used Spearman’s rank correlation

to determine the relationship between

wastewater SARS-CoV-2 N1 concentra-

tions (in influent or primary solids) and

lab-confirmed COVID-19 cases or CLI.

To investigate temporal alignment, we

compared correlation coefficients and

identified the maximum coefficient as 1

data set was offset forward or backward

in time relative to another data set.18–22

To reduce variation in the measure-

ments for this analysis, we used the

rolling 3-sampling-event averages of

normalized SARS-CoV-2 quantities in

wastewater influent and primary solids

and the rolling 7-day averages for

lab-confirmed cases and CLI. We used

2000 resamples with replacement to

calculate bootstrap 95% confidence

intervals for the correlation coefficient

at each lead or lag and for all pairwise

differences between correlations.23

Correlation pairs were considered sig-

nificantly different if the Bonferroni-

adjusted 95% confidence interval for

their difference excluded 0.24

Distributed Lag Model

The distributed lag measurement error

time series model is an accepted epide-

miological model for time series data.25

We adapted a Bayesian distributed lag

model developed previously8 as a sec-

ondary approach to investigate tempo-

ral alignment between SARS-CoV-2 RNA

levels in wastewater influent or primary

solids and changes in clinical case rates.
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The 3-day rolling average of clinical cases

was predicted via wastewater measure-

ments from 3 sampling events before

the report date until 3 sampling events

after. A random effect was included in

the model to account for overdispersion.

Trends

Trends were classified as increasing, de-

creasing, or plateau through a linear

regression with observations from each

surveillance system as the dependent

variable and date as the independent var-

iable; trend classification was based on

slope (positive, negative, or 0) and statisti-

cal significance (P< .05).6 We classified

short-term and sustained trends using

regressionsof 3datapoints (approximate-

ly 1 week in duration) and 7 data points

(approximately 2 weeks), respectively.26

RESULTS

SARS-CoV-2 RNA was frequently detected

in wastewater influent and solids during

the 247-day study period (April 10 to Dec

13, 2020); influent samples had detect-

able levels of the SARS-CoV-2 N1 gene

on 96 of 102wastewater sampling dates

(94%); solids samples haddetectableN1

on all 102 days (Figure B). The SARS-CoV-2

N2 genewas detectable in influent on 94

of 102 days (92%) and solids on 100 of

102days (98%). BecauseN1 andN2gene

concentrationswere highly correlated in

influent (Spearmanρ50.83; P< .001) and

solids (ρ50.93, P< .001) andN1had a

slightly higher detection rate, we focused

our subsequent analyses onN1.

Surveillance Data
Set Correlations

SARS-CoV-2 RNA daily loads in influent

and SARS-CoV-2 RNA concentrations

in primary solids (Figure 2) were moder-

ately correlated over the study period

(ρ5 0.65; P< .001; C). Wastewater in-

fluent was strongly correlated with

lab-confirmed cases (ρ50.74; P< .001;

Figure 2; Figure D, available as a supple-

ment to the online version of this article

at https://ajph.org), as were wastewater

primary solids (ρ50.71; P< .001;

Figure E and Table A, available as sup-

plements to the online version of this

article at https://ajph.org). Furthermore,

wastewater influent was moderately

correlated with CLI (ρ50.61; P< .001;

Figure 2; Figure F, available as a sup-

plement to the online version of this

article at https://ajph.org), whereas sol-

ids were strongly correlated with CLI

(ρ50.71; P< .001; Figure G, available

as a supplement to the online version

of this article at https://ajph.org).

The strongest correlation observed

was between lab-confirmed cases and

CLI (ρ50.84; P< .001; Figure H, avail-

able as a supplement to the online ver-

sion of this article at https://ajph.org);

during the study period, there were

20858 lab-confirmed COVID-19 cases

and 7441 cases of CLI in the sewershed.

Lab-confirmed cases and CLI were

highly correlated in earlier and later

portions of the study period (Table B,

available as a supplement to the online

version of this article at https://ajph.org).

The earlier portion (April 10 through

August 13, 2020) captured the first rise

and fall of infections and was character-

ized by lower testing penetration4 and

fewer ED visits (Figure I, available as a

supplement to the online version of

this article at https://ajph.org). The cor-

relations between cases of CLI and

wastewater (influent and primary solids)

were substantially higher earlier in the

study period (Table B).

Temporal Comparisons

The strongest correlation between

SARS-CoV-2 N1 daily load in wastewater

influent and N1 concentrations in waste-

water primary solids was found for sol-

ids samples collected 2 sampling events

after influent (given our sampling fre-

quency, 2 sampling events represented

5.961.2 days; ρ50.65; Figure J, avail-

able as a supplement to the online ver-

sion of this article at https://ajph.org).

Correlations between lab-confirmed

cases and wastewater influent daily

load increased slightly as cases were

offset from 0 to 3 days ahead of the

influent sample collection date, with

the strongest correlation observed for

case specimens collected 3 days before

an influent sample (ρ5 0.75; Figure 3).

The median duration between speci-

men collection date and results report

date was 1 day (5th–95th percentiles:

0–4 days). When report date for case

results was used instead of specimen

collection date, the strongest correla-

tion between cases and wastewater

influent was observed for cases

reported on the same day that influ-

ent was sampled (i.e., day 0; ρ50.75).

For wastewater primary solids, correla-

tions between solids concentrations

and lab-confirmed cases increased

gradually as cases were offset 0 days to

7 days ahead of solids, with the stron-

gest correlation found for case speci-

mens collected 7 days before a solids

sample (ρ50.80). This correlation was

significantly higher than correlations for

case specimens collected 1 to 7 days

after a solids sample.

The strongest correlation between CLI

and wastewater influent was found for

CLI reported 3 days after an influent

sample was collected (ρ50.64; Figure 3).

The strongest correlation between

lab-confirmed cases and CLI was found

for clinical case specimens collected 1

day before the ED visit date (ρ50.84).

This correlation was significantly higher
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than correlations for case specimens col-

lected on the same day or up to 7 days

after the ED visit date. Correlations were

generally similar but slightly weaker for

the surrounding days. Distributed lag

modeling results were consistent with

the correlation analysis with date offsets:

wastewater influent and primary solids

lagged clinical cases based on case speci-

men collection date (Table C, available as

a supplement to the online version of

this article at https://ajph.org).

Numbers of Significant
Trends

Public health officials monitor for sig-

nificant changes in levels of COVID-19

surveillance metrics to inform public

health action.27 Short-term or weekly

trend monitoring is valuable because

a short-term trend can be an early

indicator of a sustained trend and

because, particularly at the start of

the pandemic, public health officials

acted as quickly as possible. Across

the different surveillance data sets, we

might expect the numbers of trends

to be similar but the temporal align-

ment to be shifted. However,

lab-confirmed cases exhibited sub-

stantially more short-term increases

(n517) than CLI (n510), wastewater

primary solids (n57), and wastewater

influent (n54) over the study period.

Lab-confirmed cases had a number of

periods of sustained increases

(n551) similar to that of CLI (n545;

within 20% of each other), but waste-

water primary solids (n521) and

wastewater influent had substantially

fewer (n520).

In terms of periods of decreasing lev-

els of COVID-19 metrics, the numbers

of short-term decreases were greatest

for lab-confirmed cases (n58) and

wastewater solids (n57), followed by

CLI (n55) and wastewater influent

(n51). Furthermore, the numbers of

sustained decreases in CLI (n5 23) and

cases (n521) were similar, whereas

there were fewer decreases among
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FIGURE 2— COVID-19 Surveillance Time Series for (a) Wastewater
Influent and Primary Solids, (b) Lab-Confirmed Cases, and (c) CLI Cases:
Raleigh, NC, Sewershed, April 10–December 13, 2020

Note. CLI5COVID-like illness. The wastewater influent and primary solids in panel a are 3-sampling-
event averages (mean6SD duration55.761.2 days). Lab-confirmed (panel b) and CLI (panel c)
cases are 7-day averages of daily counts. Dotted lines indicate dates of North Carolina executive
orders. The specimen collection date was used for cases and the date of emergency department visit
for CLI.
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wastewater solids (n515) and waste-

water influent (n59).

Trend Agreement Across
Surveillance Data Sets

There were 9 periods for which all data

sets agreed with respect to classification

of sustained trends: the periods ending

June 11, July 2, July 7, July 9, July 11, and

November 14 exhibited increasing

trends, and the periods ending August

1, September 12, and September 15

exhibited decreasing trends (Figure 4).

Not surprisingly, there were no short-

term trends that agreed across the 4

surveillance data sets given the tempo-

ral shifting of the different surveillance

metrics. The wastewater influent and

primary solids data sets were in similar

agreement with respect to sustained

increases when each were compared

with lab-confirmed cases.

Specifically, 14 of 51 (27%) increases

in cases were also increases in influent

data; 16 of the 51 (31%) were increases

in solids data. Five of 17 (29%) decreasing

trends in case data were decreasing

trends according to influent data,

whereas 3 (18%) were decreases

according to solids data. There was bet-

ter agreement between lab-confirmed

case and CLI data in sustained increases

and decreases. Thirty-six of 51 (71%) sus-

tained increases in case data were also

sustained increases in CLI data, and 18

of 21 (86%) decreases in case data were

also decreases in CLI data.

DISCUSSION

On the day wastewater sample collec-

tion began (April 10, 2020), there had

been 206 cumulative cases and 41

new cases reported in the sewershed,

although the true number of infections

is unknown (Figure 1). The Raleigh

sewershed had detectable levels of
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FIGURE 3— Spearman’s Rank Correlation Coefficients for Associations Between COVID-19 Surveillance Data Sets Off-
set Forward or Backward in Time for (a) Lab-Confirmed Cases Offset Relative toWastewater Influent, (b) Lab-Confirmed
Cases Offset Relative toWastewater Solids, (c) CLI Offset Relative toWastewater Influent, and (d) Lab-Confirmed Cases
Offset Relative to CLI: Raleigh, NC, Sewershed, April 10–December 13, 2020

Note. CLI5COVID-like illness. Filled-in markers indicate maximum coefficients. Asterisks indicate coefficients significantly different from the maximum after
Bonferroni adjustment (the specimen collection date was used for case significance testing) according to bootstrap analyses of the distribution of coeffi-
cients (P< .05).

RESEARCH & ANALYSIS

84 Research Peer Reviewed Kotlarz et al.

A
JP
H

Ja
n
u
ar
y
20

23
,V

ol
11

3,
N
o.

1



SARS-CoV-2 RNA in primary solids

in early April, 1 month after the first

lab-confirmed COVID-19 case was

reported in the sewershed (March 9,

2020). Detection frequency across solids

samples was high, as others have

reported,28 despite the fact that primary

solids in the Raleigh system also con-

tained waste-activated solids. Monitoring

wastewater primary solids was marginally

more sensitive than monitoring influent.

SARS-CoV-2 RNA levels in wastewater

influent were highly correlated with lab-

confirmed cases, as has been reported

for other wastewater–case compari-

sons.7,20 Despite the longer solids resi-

dence time in primary clarifiers, RNA

concentrations in primary solids were

also correlated highly with lab-confirmed

cases, as others have reported.7,28,29

CLI being correlated with both meas-

ures of wastewater surveillance is nota-

ble given that CLI–wastewater agreement

has not been widely investigated. Case

or CLI correlations with wastewater

becoming substantially lower later in the

study period (Table B) may have been

related to increasing noise in the waste-

water signal. As the pandemic pro-

gressed, increases in wastewater RNA

concentrations from new COVID-19

infections would have occurred in the

presence of RNA contributed by individu-

als who were no longer test positive but

continued to shed RNA in feces30 and

residual RNA in the wastewater sys-

tem.31,32 In addition, more individuals

may have traveled in and out of the sew-

ershed after reopening of public facilities,

contributing to greater measurement

error in COVID-19 burden based on

wastewater.

The strongest correlations observed

were between lab-confirmed cases and

CLI, even early in the pandemic when

there was limited test access and fewer

ED visits. Although fewer ED visits would

have limited the sensitivity of CLI surveil-

lance for ascertaining infections, CLI

may still have strongly correlated with

lab-confirmed cases because of a larger

overlap in the populations captured by

diagnostic testing and CLI surveillance

systems. Early in the pandemic, more

testing may have been done on individ-

uals who had severe COVID-19 and

went to the ED. Noteworthy differences

in case and CLI time series occurred

later in the study period. A prominent

peak in lab-confirmed cases in late

August 2020 was not as pronounced in

CLI data.

Furthermore, the extent to which

cases in December 2020 exceeded previ-

ous case peaks in July and August 2020

was not represented in the other surveil-

lance data sets andmay reflect increased

test access or increased testing around

the winter holidays.4 Widespread
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FIGURE 4— Linear Regression Rolling Trend Classifications Illustrating Short-Term (Approximately 1 Week) and
Sustained (Approximately 2 Weeks) Trends: Raleigh, NC, Sewershed, April 10–December 13, 2020

Note. CLI5COVID-like illness. Data were smoothed via rolling 7-day averages for cases and CLI and via 3-sampling-event averages for wastewater influent
and solids. Statistically significant (P< .05) trends are shown in red (increasing) or green (decreasing). Color is placed on the last day of the 3- or 7-point
period used in the regression. For lab-confirmed cases, specimen collection date was used. Arrows indicate periods of sustained trends for which there was
agreement across the 4 surveillance data sets: the periods ending June 11, July 2, July 7, July 9, July 11, and November 14 (increases; red arrows) and the
periods ending August 1, September 12, and September 15 (decreases; green arrows).
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COVID-19 vaccinations or a change in

the predominant SARS-CoV-2 variant

may affect correlations between differ-

ent surveillance systems if, for example,

the asymptomatic rate increases33 or the

fecal shedding profile is altered.18 With

COVID-19 vaccines now being widely

available, wastewater surveillance can be

used to identify locations where viral

fecal shedding into wastewater is not

declining, indicating specific locations of

infection.34

Multiple surveillance metrics are used

in real time by public health officials to

provide a fuller COVID-19 public health

picture. As such, a temporal compari-

son is important for the interpretation

of agreement or disagreement across

surveillance data sets. The reported

lead time for wastewater has ranged

from 0 to 2 days8,29 to as high as 235

and 336,37 weeks. In the Raleigh sew-

ershed, trends in wastewater influent

were observed earlier than lab-

confirmed case trends when case

results report date was used but not

when specimen collection date was

used, underlining that the potential for

wastewater surveillance to provide an

earlier warning than clinical testing

depends on when test results are

reported.38 The current increased avail-

ability of testing and faster turnaround

times for case reporting and wastewa-

ter surveillance38 relative to the study

period in 2020 may further impact tem-

poral alignment.

Wastewater solids lagged wastewater

influent likely because of long solids

storage times in Neuse River Resource

Recovery Facility primary clarifiers.

Wastewater treatment plant design

and operation is aimed at wastewater

conveyance and treatment and, as

such, may not provide ideal conditions

for COVID-19 public health surveil-

lance.39 Therefore, in interpreting

wastewater surveillance results, the

operation of the facility (with increased

communication between plant opera-

tors and public health agencies) must

be considered.40 Although the maxi-

mum correlation coefficient indicated

that rises in CLI were a day behind rises

in lab-confirmed cases, syndromic sur-

veillance can be more timely than clini-

cal case surveillance depending on how

syndromic data are captured.41

The greater numbers of significant

trends in lab-confirmed case and CLI

metrics than with wastewater metrics

indicated a need for public health action

at times when wastewater surveillance

data did not exhibit a significant change.

A limiting factor for numbers of signifi-

cant trends in wastewater data sets was

the 95% statistical confidence require-

ment for trend classification, which the

Centers for Disease Control and Preven-

tion originally recommended but no lon-

ger strictly recommends for wastewater

surveillance trend reporting.42 SARS-

CoV-2 RNA levels in wastewater primary

solids may have had less variability than

influent levels as evidenced by the mini-

mal increase in correlation between sol-

ids and rolling 7-day average of cases

when crude solids data were smoothed

(Table A). Therefore, solids surveillance

was able to meet the statistical confi-

dence requirement more often than

influent surveillance.

PUBLIC HEALTH
IMPLICATIONS

We captured COVID-19 dynamics in a

major metropolitan area during the

first and second waves of infections in

2020. To our knowledge, our study is

the first to report agreement between

CLI and wastewater surveillance and to

demonstrate relationships between key

COVID-19 metrics in NC.43 This study

from early in the COVID-19 pandemic,

when reportable testing data were bet-

ter correlated with true disease inci-

dence, supports the use of wastewater

and CLI surveillance to complement

lab-confirmed case surveillance, espe-

cially at times when clinical test pene-

tration is low.
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Effect of the COVID-19 Global
Pandemic on Illinois Children Tested
for Blood Lead Level and Exposure
Frida D. Fokum, PhD, MS, Tara Entezar, BS, and Kert McAfee, BS

Objectives. To determine whether the number of children tested for lead exposure and the number

of case rates increased (rate ratio [RR] > 1), decreased (RR<1), or remained stable (RR5 1) during

COVID-19 pandemic year 2020 compared with prepandemic year 2019.

Methods.We analyzed more than 415000 children’s records reported to the Illinois Department of

Public Health in 2019 and 2020 by demographic characteristics. The testing rate was the number of

children tested yearly per population. The case rate was the proportion of children whose yearly tests

showed a blood lead level of 5 or more micrograms per deciliter. RR was the 2020 case rate divided by

the 2019 case rate.

Results. In 2020, 19.6% of children were tested for lead compared with 25.5% in 2019. Testing

decreased in 97% of counties. The 24% decreased testing in 2020 was notably in African Americans

(36.4% decrease), high-risk zip codes (29.8% decrease), and rural counties (26.9% decrease). Case rates

increased in rural counties, high-risk zip codes, Whites, and Hispanics.

Conclusions. During pandemic year 2020, the number of children tested for lead decreased by 24%,

and case rates increased in 51% of counties.

Public Health Implications. Redesignation of high-risk zip codes is recommended to increase the

testing of at-risk populations. (Am J Public Health. 2023;113(1):89–95. https://doi.org/10.2105/

AJPH.2022.307109)

Lead is a neurotoxin,1 and there is

no safe level of lead in the body.

Lead exposure is one of the most prev-

alent, yet preventable environmental

health hazards and can affect any fami-

ly regardless of socioeconomic status.

The damaging health effects lead expo-

sure causes are irreversible. Childhood

lead exposure contributes to learning

disabilities, developmental delays, and

behavioral problems.2 The percentage

of Illinois children whose tests showed

lead in their blood remains among the

highest in the nation.3 The mission of

the Illinois Lead Program is to eliminate

lead exposure. One goal of the Illinois

Lead Program is to identify children ex-

posed to lead and provide prompt

interventions to improve health and de-

velopmental outcomes.4 Only a blood

test can ascertain exposure to lead. Illi-

nois law requires that all blood lead

tests be reported to the Illinois Depart-

ment of Public Health (IDPH).5 In 2019,

Illinois adopted a blood lead level (BLL)

of 5 or more micrograms per deciliter

(µg/dL) as the new public health inter-

vention level. Intervention is initiated

when a BLL of 5 or more µg/dL is con-

firmed via venipuncture.5

On March 11, 2020, the World Health

Organization declared COVID-19—with

its potential for causing severe respira-

tory distress, fever, and cough, which

could be fatal—a global pandemic.6,7

Stay-at-home orders and social dis-

tance mitigations were implemented

statewide to reduce multiplication of

the virus.8 As COVID-19 spread, multi-

ple levels and phases of public health

interventions likely influenced lead test-

ing across 2020.

The Centers for Disease Control and

Prevention (CDC) reported that,

throughout the United States, fewer
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children were tested for lead exposure

in the months following the declaration

of the COVID-19 pandemic than in

2019.9 However, the CDC report did

not include the effect of the pandemic

on the proportion of children whose

tests demonstrated BLLs high enough

to qualify for public health intervention

(i.e., case rates) or these children’s de-

mographic characteristics.

We sought to determine whether the

number of children tested and the pro-

portion of tested children with con-

firmed BLLs of 5 or more µg/dL (case

rates) increased, decreased, or

remained stable during the COVID-19

pandemic year of 2020 compared with

the prepandemic year 2019 among

children younger than 6 years at time

of blood test, by selected demographic

characteristics.

METHODS

Illinois adapted the CDC-sponsored,

Healthy Housing and Lead Poisoning

Surveillance System as its blood

lead–tracking application and manage-

ment platform in 2017. This centralized

Web-based system provides direct ac-

cess to blood lead test results and col-

laboration between the IDPH and local

health departments around the state.

The structured query language system

provides tools for the Illinois Lead Pro-

gram to track and manage blood lead

surveillance, testing location, environ-

mental investigations, abatement,

mitigation, and case management

activities.10

Blood Lead Tests

We analyzed more than 415000 blood

lead tests that had been reported to

the IDPH of children younger than

6 years that were collected between

January 2019 and December 2020 in

Illinois. Blood lead is collected via ve-

nous (venipuncture) or capillary (finger-

stick) methodology. Hospitals, local

health departments, laboratories, and

medical professionals perform blood

lead analyses and evaluate, diagnose,

and treat lead-exposed children. A cap-

illary BLL of 5 or more µg/dL is required

to be confirmed with a venipuncture

draw sent to a certified reference labo-

ratory. Public health intervention was

initiated when a child tested positive

with a BLL of 5 or more µg/dL.

Illinois law requires all licensed, regis-

tered, or approved health care facility

serving children younger than 6 years

to ensure that children are evaluated

for risk, tested for lead exposure, or

both.5 Furthermore, health care provi-

ders, hospital administrators, public

health officers, and directors of clinical

laboratories who have verified informa-

tion of the existence of a blood lead

test result for any child must report the

result to the IDPH.

Illinois law requires any BLL of 5 or

more µg/dL to be reported to the IDPH

within 48 hours after analysis. All other

blood lead test results (< 5 µg/dL) must

be reported to the IDPH no later than

30 days following the last day of the

month in which the test results were

analyzed.5

All children younger than 6 years are

required to be evaluated for lead expo-

sure risks by their physician and tested

if necessary. Illinois recommends that

all children be evaluated or tested as in-

dicated at ages 12 and 24 months and

3, 4, 5, and 6 years according to the

Childhood Lead Risk Questionnaire.11

The case manager assigned to the

child’s case, along with the medical pro-

vider, should discuss the importance of

regular blood lead testing and continue

to monitor the child’s follow-up BLLs.

The recommended follow-up schedule

for repeat testing ranges from within

1 week for BLL of 45 or more µg/dL to

3 months for BLL of 5 to 14 µg/dL.11

State and federal mandates require all

children enrolled in Medicaid programs

to be tested for lead exposure regard-

less of where they live.12,13

Rural and Urban Areas

Of the 102 Illinois counties, 83 are pre-

dominantly rural. Rural areas are not

part of a metropolitan statistical area or

are part of a metropolitan statistical

area with a population of less than

60000.14,15 Urban areas include 18

counties and the city of Chicago, where

22% of Illinois children reside.

High-Risk Zip Codes

Illinois law requires the IDPH to desig-

nate areas of the state where children

are at highest risk for lead exposure.5

Of Illinois’more than 1500 zip codes,

581 are designated as high risk so they

have mandated lead testing require-

ments. High-risk zip codes are desig-

nated based on socioeconomic status

and proportion of pre-1978 housing

units with lead-based paint prevalence

or hazards.16 We obtained the number

of pre-1978 housing units from US Cen-

sus 2020 data.14 We adapted the preva-

lence of lead in housing units from the

American Healthy Homes Survey.17

Data Analyses

We conducted a retrospective compar-

ative analysis of children tested for

blood lead during prepandemic year

2019 and pandemic year 2020, strati-

fied by demographic characteristics.

We determined that changes in the

number of children tested, testing
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rates, case rates, and rate ratios (RRs)

occurred from all childhood blood lead

records reported to the IDPH. We cal-

culated testing rate as the number of

children tested for lead in blood yearly

(numerator) divided by the population

of children according to the US Census

2020 (denominator) expressed as

percentages. Case rate refers to the

proportion of children tested with a

confirmed BLL of 5 or more µg/dL per

year. RR expressed as 2020 case rate

divided by 2019 case rate indicated an

increased (RR >1), decreased (RR <1),

or stable (RR51) case rate in pandemic

year 2020 compared with 2019. Illinois

law requires that any IDPH release of

data to the public be done in aggregate

form to eliminate disclosure conflicts

with state or federal laws regarding

personal health information.5

We categorized results by county of

residence, rural versus urban county

designation, high-risk versus low-risk

zip codes for lead exposure, age, sex,

race, and ethnicity. Year was a key ana-

lytic variable. We counted a child only

once in a year if the child had multiple

tests. Any capillary BLL of 5 or more

µg/dL had to be confirmed through a

venous test. We considered only ve-

nous BLLs of 5 or more µg/dL as con-

firmed results for the detection of case

rates. We selected the highest venous

result per child per year as a confirma-

tory test. We used the x2 test to analyze

differences in testing and case rates by

categorical variables (a50.05). We con-

sidered P< .05 as statistically significant.

We conducted the statistical analyses

using SAS version 9.4 (SAS Institute,

Cary, NC).

RESULTS

We found decreases in the testing

rate and the case rate following the

declaration of COVID-19 as a global

pandemic in 2020.

Number Tested in 2020

A total of 228614 and 173204 Illinois

children were tested for blood lead in

2019 and 2020, respectively. Among

approximately 900000 children youn-

ger than 6 years residing in Illinois,

25.5% were tested for lead in 2019

compared with 19.6% in 2020. Approxi-

mately 55000 fewer children were test-

ed in 2020 than in 2019, indicating a

24% decrease. Testing rate by sex was

similar for boys and girls in 2019 and

2020, although approximately 5% more

boys are tested on a yearly basis. Based

on age, a substantial decrease in test-

ing ranged from 18.5% for children

aged 1 year to 33.1% for children aged

4 years. The largest decline in testing

rate was recorded for non-Hispanic

Black and African American children

(36.4%), a nearly 50% higher decrease

compared with non-Hispanic White or

Latino children (Figure 1a). Sixty-four of

the 102 Illinois counties (12.5% of

which were urban and 87.5% rural)

reported a more than 24% decrease in

children tested. The decrease in testing

was substantial, particularly in the

southern and western parts of Illinois.

High-risk zip code areas saw significant

declines in testing (29.8%) compared

with a 22.9% decrease in the rest of the

state. Three of the 102 counties

showed increased testing during the

pandemic year 2020 (Figure 2).

Case Rates

The number of Illinois children tested

with a confirmed BLL of 5 or more

µg/dL was 27% less in 2020 than in

2019. The Illinois case rate decreased to

1.7% in pandemic year 2020 compared

with 1.8% in 2019. However, case rates

increased (RR >1) in 2020 for children

residing in rural counties or high-risk zip

codes and for non-Hispanic Whites and

Hispanics and Latinos compared with

prepandemic year 2019 (Figure 1b).

Case rates remained stable (RR5 1) for

children residing outside Chicago, chil-

dren younger than 3 years, and girls.

Conversely, case rates decreased

(RR <1) for Illinois as a whole, Chicago,

urban counties, low-risk zip codes, boys,

children aged 3 or 4 years, Black and

African American individuals, and Asians.

At the county level, case rates fluctuat-

ed between pandemic and prepandemic

periods. In 2020, based on 102 counties

of residence, case rates increased (51%),

decreased (41%), or remained stable

(8%) compared with prepandemic year

2019. Counties with these various shifts

were dispersed across the state. Of the

51% counties with increased case rates,

81% were rural and 19% were urban.

The 41% of counties with decreased

case rates were 83% rural and 17%

urban (Figure 2).

DISCUSSION

The results of this work showed a 24%

decrease in testing rate and a decrease

in overall case rate in pandemic year

2020 compared with prepandemic year

2019.

As previously stated, Illinois law5

requires physicians licensed to practice

medicine in Illinois and health care pro-

viders who see or treat children to test

those children for lead exposure when

they reside in or frequently visit a high-

risk area. Children residing in areas the

IDPH defines as low risk are evaluated

using the Childhood Lead Risk Ques-

tionnaire,11 and if they are determined

to be at potential risk for lead expo-

sure, they must receive a blood lead
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test. This evaluation is to be performed

annually during a well-child visit or

physical checkup.

Recent trends indicate that blood

lead testing has been steadily declining

at a rate of 4% nationally.18 The 24% de-

crease in the testing rate in 2020 com-

pared with that of 2019 was significant

compared with decreases in preceding

years. The largest decrease in the num-

ber of children tested occurred during

the 6 months following the declaration

of the COVID-19 pandemic, when the

strictest COVID-19 mitigations were in

place.8 Illinois recorded a 38% decrease

in testing in those months compared

with a 34% decrease nationally per the

CDC.9 In addition to the long-term

trend, stay-at-home orders and travel

restrictions hindered routine medical

care, including testing for elevated BLLs.

Also, during the COVID-19 surges in

2020, physicians performed remote

medical visits, making lead testing dur-

ing a well-child visit impossible.

In 1 case, a county with 74% pre-

1978 housing units experienced a 46%

decrease in the number of children

tested during the pandemic. Quarterly

reports sent to the IDPH from that

county’s local health department stated

that lead testing decreased during the

pandemic because immunization and

Special Supplemental Nutrition Pro-

gram for Women, Infants, and Children

clinics were closed. Moreover, colla-

borations with health care providers

and school nurses were limited to tele-

phone interactions.

In February 2019, Illinois adopted a

BLL of 5 or more µg/dL as the mini-

mum level requiring the initiation of

public health intervention, limiting our

study to 2019 and later. Based on envi-

ronmental inspection findings, the
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FIGURE 1— Illinois Children Tested for Lead in Blood in Pandemic Year 2020 Compared with Prepandemic Year
2019 by Select Demographics and (a) Decrease in Percentage of Children Tested, and (b) Percentage of Childhood
Lead Case Rates

Note. BLL5blood lead level; µg/dL5micrograms per deciliter. Children were younger than 6 years at time of blood test. Testing rate was the number of chil-
dren tested for blood lead by year (numerator) divided by the population of children per 2020 US Census (denominator). The case rate was the proportion
of children tested with confirmed elevated BLL ≥5 µg/dL (numerator) divided by children tested by year (denominator, %). In panel b, the percentages listed
are rounded.
Source. Illinois Department of Public Health–Healthy Housing and Lead Poisoning Surveillance Data 2019–2020.
�Significant at P< .05.
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Source. Illinois Department of Public Health–Healthy Housing and Lead Poisoning Surveillance Data 2019–2020.
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most common cause of lead in blood in

Illinois children is exposure to lead

paint and dust found in older housing.

Approximately 65% of the state’s hous-

ing units were built before 1978, the

year lead paint was banned. The New

York Times described lead exposure as

a COVID-19 side effect owing to the

lockdown.19 Children spent more time

at home during the pandemic. Some

families and homeowners performed

home renovations with minimal safety

precautions, increasing the risk of lead

exposure. However, because of de-

creased testing, fewer children were

identified with lead in blood.

High-risk zip codes are found

throughout Illinois, especially in the

western portion of the state and a

cluster in Cook County. Our most con-

cerning findings were decreased lead

testing rates and increased case rates

in 52 counties, especially among chil-

dren residing in designated high-risk

zip codes. The risk consideration is

that Medicaid-supported children

are more likely to live in poorly

maintained homes in high-risk zip

codes.12,13

Our study supports a CDC study that

reported a decrease in the number of

children tested for blood lead during

the COVID-19 pandemic.9 Additionally,

our study expanded on the CDC analy-

sis to include demographic stratifica-

tions and case rates. The reduced num-

ber of tests and increased case rates

may be partially attributable to different

populations, as children previously test-

ed with BLLs of less than 5 µg/dL were

probably not tested the following year.

Children spent more time at home, and

most untested children resided in high-

risk zip codes. Fewer children were

tested for blood lead in pandemic year

2020, and case rates increased in chil-

dren residing in rural counties or

high-risk zip codes and among non-

Hispanic White and Hispanic children.

Limitations

We used only BLLs of 5 or more µg/dL

obtained by venipuncture to compute

case rates. Many providers use Lead-

Care II point-of-care analyzers to test

using finger-stick blood draws. In July

2021, Magellan recalled LeadCare II

analytical components manufactured

between October 2020 and June 2021

because of the potential for false-

negative results.20 Children whose

blood was analyzed with LeadCare II

units during the last 3 months of 2020

may have obtained a false-negative di-

agnosis, resulting in underestimated

case rates for 2020.

Public Health Implications

In addition to elimination strategies

and regulations established by the

IDPH, reevaluation of high-risk zip

codes for lead exposure is recom-

mended for increasing the testing of

targeted at-risk populations. Strategies

to increase testing could include addi-

tional health care providers, enhanced

remote medical care, and fortified

support of programs with reduced

capacity. If there is a policy recommen-

dation for universal testing by age,

there needs to be a funding mecha-

nism to ensure that all children receive

tests at no charge.

Conclusions

The number of Illinois children tested

for blood lead decreased by 24% fol-

lowing the declaration of the COVID-19

global pandemic in 2020. The de-

creased testing was most marked for

African Americans, for those in

designated high-risk zip codes, and for

those in rural counties. Case rates in-

creased for children residing in rural

counties or high-risk zip codes and for

non-Hispanic Whites and Hispanics or

Latinos compared with prepandemic

year 2019.
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SARS-CoV-2 Infection, Hospitalization,
and Death in Vaccinated and Infected
Individuals by Age Groups in
Indiana, 2021–2022
Wanzhu Tu, PhD, Pengyue Zhang, PhD, Anna Roberts, MS, Katie S. Allen, BS, Jennifer Williams, MPH, Peter Embi, MD, and
Shaun Grannis, MD, MS

Objectives. To assess the effectiveness of vaccine-induced immunity against new infections, all-cause

emergency department (ED) and hospital visits, and mortality in Indiana.

Methods. Combining statewide testing and immunization data with patient medical records, we

matched individuals who received at least 1 dose of severe acute respiratory syndrome coronavirus

2 (SARS-CoV-2) vaccines with individuals with previous SARS-CoV-2 infection on index date, age, gender,

race/ethnicity, zip code, and clinical diagnoses. We compared the cumulative incidence of infection,

all-cause ED visits, hospitalizations, and mortality.

Results.We matched 267847 pairs of individuals. Six months after the index date, the incidence of

SARS-CoV-2 infection was significantly higher in vaccine recipients (6.7%) than the previously infected

(2.9%). All-cause mortality in the vaccinated, however, was 37% lower than that of the previously

infected. The rates of all-cause ED visits and hospitalizations were 24% and 37% lower in the vaccinated

than in the previously infected.

Conclusions. The significantly lower rates of all-cause ED visits, hospitalizations, and mortality in the

vaccinated highlight the real-world benefits of vaccination. The data raise questions about the wisdom

of reliance on natural immunity when safe and effective vaccines are available. (Am J Public Health.

2023;113(1):96–104. https://doi.org/10.2105/AJPH.2022.307112)

S trong and consistent evidence

shows that mRNA vaccines

BNT162b2 and mRNA-1273 and the

Janssen vaccine JNJ-78436735 confer

considerable protection to fully vaccinat-

ed individuals against severe acute

respiratory syndrome coronavirus 2

(SARS-CoV-2) infection, severe illnesses

requiring hospitalization, and mortali-

ty.1–6 However, vaccine effectiveness is

not 100%, and the risk of breakthrough

infections remains, especially with newer

variants.7,8 Furthermore, data and

opinions diverge on the extent of the

waning immunity provided by the mRNA

vaccines.9,10 While a population-based

observational study suggested that im-

munity waned in individuals within 2

months after completing the 2-dose se-

quence of the BNT162b2 vaccine,11 a

randomized clinical trial showed that 6

months after vaccination, the BNT162b2

vaccine’s effectiveness against SARS-

CoV-2 infection remained strong at

higher than 86%; its effectiveness against

the severe disease was 96.7%.12

Natural immunity induced by SARS-

CoV-2 infection also protects against

reinfection. Systematic reviews of

immunological evidence suggested

that SARS-CoV-2–specific immunity

appeared soon after infection.13,14

Extensive observational studies con-

firmed the significantly reduced risk for

subsequent infection by more than

80% for at least 6 to 12 months in indi-

viduals with previous infection.15–17

Data are mixed on the relative levels of

protection conferred by vaccination

versus infection.18–20 Less understood

is the real-world time course of the pro-

tective effects of previous infection and
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vaccination against new infection acqui-

sition and all-cause mortality and hospi-

talization in persons of different age

groups. Unlike COVID-19–specific out-

comes used by earlier studies, all-cause

emergency department (ED) visits,

hospitalizations, and mortality cover

a broader spectrum of health conse-

quences of the disease.

In this observational cohort study, we

leveraged public health immunization

data and electronic medical record

data from a statewide health informa-

tion exchange and state health depart-

ment to examine the incidence rates of

SARS-CoV-2 infection, all-cause ED visit,

hospitalization, and death in individuals

who had been vaccinated compared

with those with previous infections in a

real-world population.

METHODS

We derived data used in this research

from the Indiana Network for Patient

Care (INPC), one of the largest health

information networks in the United

States.21 Briefly, the INPC is a central

repository of clinical and administrative

health data from 38 health systems

representing 117 hospitals and 18486

physician practices, commercial labora-

tories, and public health departments

across Indiana. At the emergence of

the pandemic, the Indiana Health

Information Exchange expanded the

INPC system to receive daily feeds of

SARS-CoV-2 test results from all state-

wide testing locations and daily death

records through the Indiana State De-

partment of Health and Family Social

Services Administration.22 Further-

more, all COVID-19 vaccine data con-

tained in the Indiana immunization

registry were combined with testing

and outcomes data.

Study Design

We derived the observational study co-

hort from the INPC and the Indiana

statewide testing data. The cohort con-

sisted of matched pairs of vaccine reci-

pients and unvaccinated individuals

with SARS-CoV-2 infections. See Figure

A (available as a supplement to the on-

line version of this article at https://

ajph.org) for a schematic depiction of

the comparison groups. Eligible partici-

pants were Indiana residents aged 12

years or older with at least 1 previously

recorded health care encounter with

the INPC between January 1, 2016, and

February 9, 2022; the requirement of a

previous encounter ensured a more

complete capture of the characteristics

of the study participants. Patient medi-

cal records in INPC and test data were

linked, de-duplicated, and aggregated

using a global algorithm.23 Vaccine data

from the state immunization registry

were imported into the health informa-

tion exchange and integrated with labo-

ratory test data.

Observation of infected participants

started 30 days after the initial infection

and ended at the end of follow-up or

vaccination, whichever came first. Simi-

larly, observation of vaccinated partici-

pants started 30 days after the initial

vaccination and ended with the conclu-

sion of follow-up or infection, whichever

came first. We applied the 30-day time

window of exclusion to both groups to

ensure equal surveillance and

comparability.

Matched Cohorts

A vaccine recipient’s index date was de-

fined as 30 days after the first SARS-

CoV-2 vaccination. In an individual with

a previous SARS-CoV-2 infection, we de-

fined the index date as 30 days after

the initial infection. In both situations,

the initial infection and vaccination

represented the first point of viral ex-

posure, whereas the 30-day window

approximated the time of immunity de-

velopment. We matched each vaccine

recipient with an infected participant

on the index date (1/2 15 days), age,

gender, race/ethnicity, zip code, and

the number of coexisting conditions

that had been identified by the Centers

for Disease Control and Prevention

(CDC) as “conclusive” or “suggestive”

risk factors for severe COVID-19

(https://bit.ly/3gTvA3w; complete lists

of CDC-identified comorbid conditions

also appear in the footnotes to Table 1).

The construction of the matched cohort

is depicted in Figure 1.

Outcome Events of Interest

The primary outcome events of interest

were SARS-CoV-2 infection in those vac-

cinated or reinfection for the previously

infected participants, all-cause ED visits,

hospitalizations, and deaths. All out-

come events in the study were identi-

fied and extracted from the INPC, and

deaths were derived from the State of

Indiana death records.

Statistical Analysis

Before comparing the outcome event

rates, we examined the balance in de-

mographic and clinical characteristics

between the vaccine recipients and in-

fection cases to ensure that the 2

groups were comparable and well

matched. We used survival analyses to

estimate the cumulative incidence rates

of SARS-CoV-2 infection for the vacci-

nated and reinfection for those with

previous infections. We similarly esti-

mated the cumulative rates for hospi-

talization, ED visit, and death.
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The index date (i.e., the time zero)

represented 30 days after the initial ex-

posure, either to the vaccine or the vi-

rus; protection from vaccine-induced

and naturally acquired immunity would

come after the index date. Matched

pairs were censored when an infected

participant received a vaccination or a

vaccine recipient became infected.

Time to mortality that was not observed

before the end of the observation win-

dow, February 9, 2022, was censored

TABLE 1— A Study of SARS-COV-2 Infection, Hospitalizations, and Mortality in Vaccinated and Infected
Individuals: Demographic and Clinical Characteristics of the Matched Cohorts on the Index Date,
Indiana, 2020–2022

Vaccinated
(n= 267847)

Unvaccinated With Previous
Infection (n=267847) P

Race, no. (%) > .99

American Indian or Alaska Native 53 (0.0) 53 (0.0)

Asian/Pacific Islander 1684 (0.6) 1 684 (0.6)

Black or African American 21 044 (7.9) 21 044 (7.9)

Multiracial 43 (0.0) 43 (0.0)

Other/unknown 9630 (3.6) 9 630 (3.6)

White 235 393 (87.9) 235 393 (87.9)

Ethnicity, no. (%) < .001

Hispanic or Latino 13 224 (4.9) 16 733 (6.2)

Not Hispanic or Latino 220 367 (82.3) 235 639 (88.0)

Other/unknown 34256 (12.8) 15 475 (5.8)

Gender, no. (%) > .99

Female 155 759 (58.2) 155 759 (58.2)

Male 112 085 (41.8) 112 085 (41.8)

Unknown 3 (0.0) 3 (0.0)

Age, y > .99

Mean (SD) 38.9 (16.4) 38.9 (16.4) .98

Median (IQR) 37 (26–51) 37 (26–51)

12–19, no. (%) 31 454 (11.7) 31 454 (11.7)

20–39, no. (%) 115 511 (43.1) 115 511 (43.1)

40–59, no. (%) 87 199 (32.5) 87 199 (32.5)

60–79, no. (%) 31 249 (11.7) 31 249 (11.7)

80–110, no. (%) 2 434 (0.9) 2 434 (0.9)

CDC “certain” risk scorea

Mean (SD) 0 (0.2) 0 (0.2) > .99

Median (IQR) 0 (0–0) 0 (0–0)

CDC “possible” risk scoreb

Mean (SD) 0.1 (0.3) 0.1 (0.3) > .99

Median (IQR) 0 (0–0) 0 (0–0)

CDC sum risk scorec

Mean (SD) 0.1 (0.4) 0.1 (0.4) > .99

Median (IQR) 0 (0–0) 0 (0–0)

Note. CDC5Centers for Disease Control and Prevention; IQR5 interquartile range; SARS-CoV-25 severe acute respiratory syndrome coronavirus 2.
aCDC “certain” risk score conditions: cancer, chronic kidney disease, chronic obstructive pulmonary disease, heart conditions, sickle cell disease, solid
organ transplant recipient, type 1 diabetes mellitus, type 2 diabetes mellitus.
bCDC “possible” risk score conditions: asthma, cerebrovascular disease, hypertension, immunocompromised state, liver disease, neurologic conditions,
obesity, other respiratory diseases, thalassemia.
cCDC sum risk score: a sum of how many “certain” and “possible” conditions a person was flagged for.
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(i.e., the patient was alive at the conclu-

sion of the observation period). Time to

infection or reinfection, ED visits, and

hospitalization was censored at the

time of the event, at the end of the ob-

servation window, or when the

matched individual was censored,

whichever came first. For vaccine

recipients and individuals with previous

infection, we computed the times from

the index date to the outcome events

or censoring. Cumulative incidence

All patients in Indiana aged ≥ 12 years
having at least 1 clinical encounter

from Jan 1, 2016–Feb 9, 2022
(n = 7 766 146)

Vaccine recipients:
Vaccinated for COVID-19 on or

before Feb 9, 2022, with no evidence
of prior infection

(n = 2 820 612)

Others:
Neither vaccinated

nor infected
(n = 4 209 340)

Infected individuals:
Infected with COVID-19 between

Nov 29, 2020, and Feb 9, 2022, including
those not vaccinated and those whose

infection was prior to their first
vaccination date

(n = 736 194)

Exclusion applied prior to matching:
• Patients older than 114 years at index date

• Patients with unknown DOB/age
• Patients with no zip code available

(vaccine recipients n = 2 798 709;
infected individuals n = 736 193)

Patients placed into 2-year age bin
(e.g., aged 20–21 years is 1 age bin)

Matching algorithm takes 1 vaccine recipient and compares
it to each infected individual in the same age bin until it

finds a match based on identical zip code, race, sex, number
of certain comorbidities, number of possible comorbidities, 

and index days that are within 15 days of one another

Is a match
found?

No

Yes

Matched pairs
n = 267 847

Not incuded in this analysis
(unmatched vaccine recipients n = 2 530 862;

unmatched individuals with prior
infection n = 468 346

FIGURE 1— Construction of Matched Cohorts of Infected and Vaccinated Individuals: SARS-COV-2 Infection, Hospitali-
zations, and Mortality in Vaccinated and Infected Individuals, Indiana, 2020–2022

Note. DOB5date of birth; SARS-CoV-25 severe acute respiratory syndrome coronavirus 2.
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rates were calculated as 12ŜðtÞ, where
ŜðtÞ is the estimated survival function.

We used the log-rank test to perform

comparisons of the cumulative inci-

dence rates.

We conducted all analyses with R

software version 4.1.2 (R Foundation

for Statistical Computing, Vienna, Aus-

tria). We considered P values less than

.05 statistically significant.

RESULTS

From the INPC, we identified 2798709

unique vaccine recipients and 736193

individuals with documented SARS-

CoV-2 infection between November

29, 2020, and February 9, 2022. From

these, we matched 267847 vaccine

recipients with the same number of

infected participants (Figure 1). The de-

mographic and clinical characteristics

of the 2 groups of participants are pre-

sented in Table 1.

Infection, All-Cause Care
Utilization, and Death

Cumulative incidence rates of events of

interest were estimated and are pre-

sented graphically in Figure 2. Panel A

shows a significantly higher cumulative

incidence of infection or reinfection in

vaccine recipients than those with pre-

vious infection (P< .001). Six months

after the index date, the cumulative in-

fection rate in the vaccinated was 6.7%

(95% confidence interval [CI]5 6.6%,

6.9%), more than twice the rate in

those with previous infections at 2.9%

(95% CI52.9%, 3.0%).

Figure B (available as a supplement

to the online version of this article at

https://ajph.org) shows that the cumu-

lative incidence of all-cause ED visits

was significantly lower in vaccinated

individuals (P< .001). At 6 months, 6.6%

(95% CI56.5%, 6.7%) of the individuals

with previous infection and 5.0% (95%

CI54.9%, 5.1%) of the vaccinated indi-

viduals had recorded ED visits. Figure C

(available as a supplement to the online

version of this article at https://ajph.

org) shows that the all-cause hospitali-

zation rate was also significantly lower

in the vaccinated (P< .001). Six months

after the index date, 1.9% (95% CI5

1.8%, 1.9%) of the previously infected

individuals and 1.2% (95% CI51.1%,

1.3%) of the vaccinated had recorded

hospitalization. Figure D (available as a

supplement to the online version of

this article at https://ajph.org) shows

that the mortality rate was also signifi-

cantly lower in the vaccinated (P< .001).

Six months after the index date, mortal-

ity rates were respectively 0.51% (95%

CI50.48%, 0.54%) in the previously

infected and 0.32% (95% CI50.29%,

0.34%) in the vaccinated.

Age-Stratified Analysis

We performed additional analyses to

examine the event rates in individuals

of different age groups. Results are pre-

sented in Figures B through F (available

as supplements to the online version of

this article at https://ajph.org). While

similar patterns generally held in all age

strata, the magnitudes of the estimated

incidence rates varied across age

groups. In children aged 19 years or

younger, vaccine effectiveness against

new infections was considerably less

than natural immunity acquired from

earlier infections (Figure B, section A).

Compared with other age groups,

children had the highest incidence

rates of new infections. For instance,

the 6-month cumulative incidence rates

of infection were, respectively, 8.1%

(95% CI57.6%, 8.5%) and 5.2% (95%

CI54.8%, 5.5%) for the vaccinated and

previously infected. Notably, despite

the higher rate of infections observed

in the vaccinated children, at 6 months,

the rate of all-cause ED visits in the vac-

cinated children was significantly lower

(5.0% for the vaccinated [95% CI5

4.6%, 5.3%] vs 6.9% for the previously

infected [95% CI56.5%, 7.3%]). The

rate of all-cause hospitalization was

also lower in the vaccinated (0.3% for

vaccinated [95% CI50.3%, 0.4%] vs

0.6% for the previously infected [95%

CI50.5%, 0.8%]; Figure C, sections B

and C). Mortality rates were extremely

low (<0.1%) in both vaccinated and pre-

viously infected children; the difference

was not statistically significant (P5 .5).

In adults aged 20 to 39 years, rates

of incidence infection were higher

among vaccine recipients (7.8%; 95%

CI57.6%, 8.0%) than persons with pre-

vious infections (3.2%; 95% CI53.0%,

3.3%) at 6 months (Figure C, section A).

However, the 6-month rate of all-cause

ED visit was higher in those with previ-

ous infections (7.6%; 95% CI57.4%,

7.8%) than in the vaccinated (5.4%; 95%

CI55.2%, 5.6%). Similarly, the 6-month

rate of hospitalization was significantly

higher in the previously infected (2.1%;

95% CI52.0%, 2.2%) than the vaccinat-

ed (1.2%; 95% CI51.1%, 1.3%). The

mortality rate was also higher in the

previously infected (0.08%; 95% CI5

0.07%, 0.10%) than the vaccinated

(0.04%; 95% CI50.03%, 0.07%;

Figure C, sections B–D).

In adults aged 40 to 59 years, the

cumulative incidence rate of infections

was higher among the vaccinated

(6.1%; 95% CI55.9%, 6.3%) than

the previously infected (2.2%; 95%

CI52.0%, 2.3%) at 6 months (Figure D,

section A). However, the rate of ED vis-

its was significantly lower in the vacci-

nated (4.6%; 95% CI54.4%, 4.8%) than

the previously infected (5.4%; 95%
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CI5 5.2%, 5.6%). All-cause hospitaliza-

tion rate was also lower in the vaccinat-

ed (1.0%; 95% CI50.9%, 1.1%) as

compared with the infected (1.4%; 95%

CI5 1.3%, 1.5%). All-cause mortality

rate was similarly lower in the vaccinat-

ed (0.2%; 95% CI50.2%, 0.3%) than

in the infected (0.3%; 95% CI5 0.3%,

0.4%; Figure D, sections B–D).

In adults aged 60 to 79 years, the

cumulative incidence of infections was

higher in the vaccinated (3.2%; 95%

CI5 2.9%, 3.5%) than the previously

infected (1.9%; 95% CI51.7%, 2.1%) at

6 months (Figure E, section A, available

as a supplement to the online version

of this article at https://ajph.org). How-

ever, the rate of all-cause ED visits was

lower in the vaccinated (4.6%; 95%

CI54.3%, 4.9%) than the previously

infected (5.7%; 95% CI55.3%, 6.0%).

Rate of all-cause hospitalization was

also lower in the vaccinated (2.4%; 95%

CI52.2%, 2.6%) than in the previously

infected (3.3%; 95% CI53.0%, 3.5%).

All-cause mortality rate was similarly

lower in the vaccinated (1.4%; 95%

CI51.2%, 1.5%) than in the previously

infected (2.2%; 95% CI52.0%, 2.4%;

Figure E, sections B–D).

Finally, in adults aged 80 years or

older, the vaccinated had a lower rate

of hospitalization at 6 months (6.2%;

95% CI5 4.9%, 7.4%) than the previ-

ously infected (7.6%; 95% CI56.3%,

9.0%). All-cause mortality rate was also

lower in the vaccinated (8.7%; 95%

CI57.3%, 10.1%) than the previously

infected (12.9%; 95% CI5 11.2%,

14.5%; Figure F, sections C and D).

DISCUSSION

We compared the incidence rates of

SARS-CoV-2 infections, all-cause ED
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FIGURE 2— Cumulative Incidence Rates, in Vaccine Recipients and Individuals With Previous Infections, of (a) SARS-
CoV-2 Infection or Reinfection, (b) Emergency Department Visit, (c) All-Cause Hospitalization, and (d) Death: SARS-COV-2
Infection, Hospitalizations, andMortality in Vaccinated and Infected Individuals, Indiana, 2020–2022

Note. SARS-CoV-25 severe acute respiratory syndrome coronavirus 2.
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visits, hospitalizations, and deaths in

the vaccinated and previously infected

individuals living in the state of Indiana

by combining medical record data and

comprehensive testing and vaccination

data from a statewide health informa-

tion exchange and the state depart-

ment of health. The analysis included

267847 pairs of vaccine recipients and

individuals with previous infections,

aged between 12 and 110 years,

matched on age, gender, CDC-defined

COVID-19 risk scores, and dates of ini-

tial exposure (to the vaccines or the vi-

rus itself).

The study data showed that vaccina-

tion provided superior protection

against all-cause ED visits, hospitaliza-

tions, and all-cause mortality compared

with the levels of protection conferred

by previous SARS-CoV-2 infections. Pre-

vious studies have shown that mRNA

vaccines are highly effective in prevent-

ing COVID-19–related hospitalizations

and mortality.3,24,25 However, to our

knowledge, no studies have directly

compared the real-world protective

effects of recent (i.e., 6 months) natural

and vaccine-induced immunity against

all-cause mortality and hospitalization

in a statewide population. The study

showed that while people of all age

groups benefited from vaccination, re-

duction in mortality was especially im-

pressive in older adults aged 60 years

or older.

Interestingly, at least in the study

population and at time of this analysis,

natural immunity appears more effec-

tive in preventing new infections, a find-

ing that is also reported in an earlier

observational study.26 Still, the signifi-

cant reductions in all-cause health

events (i.e., 24% reduction in ED visits,

37% reduction in hospitalization, and

37% reduction in mortality) in the

vaccinated group are quite notable,

especially considering the higher infec-

tion rate in the vaccine recipients dur-

ing the same period. For states with

large populations, a difference of such

magnitudes could translate to hun-

dreds or even thousands of lives saved.

Compared with COVID-19–specific

outcomes, all-cause hospitalization and

mortality rates used in the current

analysis may be more informative on

the health consequences of SARS-

CoV-2 infection and protective effects

of vaccination.27 As the study indicates,

the strong natural immunity acquired

from a previous infection does not ap-

pear to fully compensate for the detri-

mental effects of the initial infection.

Therefore, our findings reinforce the

importance of vaccination as an essen-

tial public health measure to counter

the health impacts of the SARS-CoV-2

pandemic. The significantly higher all-

cause mortality observed in individuals

with previous infection suggested that

reliance on natural immunity to avoid

negative SARS-CoV-2 health conse-

quences is not a prudent strategy given

the safe and readily available vaccines.

In this research, we have employed a

matched cohort study design, an ap-

proach used by other large population-

based vaccine-effectiveness studies.3

Compared with alternative methods,

such as the test-negative design,28

matched cohorts directly emulate the

structure of a clinical trial. Although the

design provides no guarantee of a

causal interpretation, estimation and

inference are straightforward.29 The

convenience of the analysis, however,

comes at the expense of matching

costs: among other things, many vacci-

nated and infected individuals were ex-

cluded from the analysis for lack of an

appropriate match. We carefully select-

ed the matching variables to minimize

biases associated with excluding

otherwise eligible participants. For the

index date, we opted to use the date

of the initial SARS-CoV-2 exposure plus

30 days to accommodate the temporal

uncertainty in immunity development:

previous studies showed that full im-

munity was conveyed by the vaccines

7 to 14 days after the second dose,30

whereas robust humoral and cellular

immune response occur 5 to 15 days

following the onset of symptoms, and

antibodies peak within the first few

weeks.13,31,32

Well-matched cohorts, however, do

not preclude the possibility of remnant

differences between the comparison

groups, especially in characteristics not

captured by the matching variables.

For example, in the present context,

one might suspect that the lower mor-

tality among the vaccine recipients

was attributable to their tendency for

risk-averse behaviors, such as mask-

wearing, hand sanitizing, and social dis-

tancing.33 But such an interpretation

was not supported by the data showing

a higher incidence of infection among

vaccine recipients. In addition, the out-

come of primary interest, all-cause

mortality, is an objective metric that

can be readily captured in both vacci-

nated and previously infected groups

with equal accuracy. As a result, we

contend that, despite the study’s obser-

vational nature, the comprehensive

real-world data source, the large sam-

ple size, the temporally matched partic-

ipant characteristics, and the consistent

findings across different age groups

lend credibility to the investigation.

While the findings related to the ED

visits, hospital admissions, and deaths

align with previous research,4,5,18,34 few

real-world population-based studies

have compared the effectiveness of

protection against SARS-CoV-2 for nat-

ural infections and vaccinations.35,36
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Although our results suggest that natu-

ral immunity provides greater protec-

tion against subsequent infections than

vaccines, residual confounding attribut-

able to health-seeking behavior may

still have an impact on these results.37

If the rate of symptomatic testing for

SARS-CoV-2 infection is greater among

vaccinated individuals (a quantity

unmeasured in our study), vaccine ef-

fectiveness would be underestimated.

The matched cohort design, while

effective for comparing the relative

proactive effects of natural and

vaccine-induced immunity, presents

significant challenges for examining the

effects of different vaccines or vaccine

doses, as well as their response to

specific variants of SARS-CoV-2. In this

research, we did not examine the dif-

ferences among vaccine types, doses,

and viral variants, which had distinct

temporal patterns in the pandemic,

to avoid an over-complication of the

matching process. Notwithstanding this

limitation, we showed that the all-cause

mortality rate was 37% lower in vaccine

recipients compared with individuals

with previous infections 6 months after

the index date. The reductions in ED

visits and hospital admissions were re-

spectively 24% and 37%. The findings

highlight the real-world benefits of vac-

cination and allude to the health conse-

quences of SARS-CoV-2 after the initial

exposure.
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A Community Health Worker–Based
Intervention on Anthropometric
Outcomes of Children Aged 3 to 21
Months in Urban Pakistan, 2019–2021
Abu S. Shonchoy, PhD, Agha A. Akram, PhD, Mahrukh Khan, BSc, Hina Khalid, PhD, Sidra Mazhar, MSc, Akib Khan, MS, and
Takashi Kurosaki, PhD

Objectives. To evaluate the impact of a community health worker–based “in-home growth monitoring

with counseling” (IHGMC) intervention on anthropometric outcomes in Pakistan, where 38% of children

younger than 5 years are stunted.

Methods.We used an individual, single-blind, step-wedge randomized controlled trial and a pure

control group recruited at endline. We based the analysis on an intention-to-treat estimation using the

coarsened exact matching (CEM) method for sample selection among treatments and the control. We

conducted the baseline in July 2019 and completed endline in September–October 2021. We recruited

1639 households (treated: 1188; control: 451) with children aged 3 to 21 months who were residing in

an urban informal settlement area. The CEM sample used for analysis numbered 1046 (treated: 636;

control: 410). The intervention continued for 6 months.

Results. Compared with the control group, the height-for-age z-score in the IHGMC group increased by

0.58 SD (95% confidence interval [CI]50.33, 0.83; P5 .001) and the weight-for-age z-score by 0.43 SD

(95% CI50.20, 0.67; P< .01), measured at endline.

Conclusions. IHGMC substantially improved child anthropometric outcomes in disadvantaged localities,

and this impact persisted during the COVID-19 pandemic.

Trial Registration. AER-RCT registry (AEARCTR-0003248). (Am J Public Health. 2023;113(1):105–114.

https://doi.org/10.2105/AJPH.2022.307111)

G lobally, 1 in 4 children younger

than 5 years suffers from linear

growth faltering,1 with the highest prev-

alence in South Asia and sub-Saharan

Africa.2 Stunting (low height-for-age

z-score [HAZ] <22) remains a critical

public health challenge as it reduces

lifetime earnings, hinders cognitive

development, and leads to high mortal-

ity rates.3 The COVID-19 pandemic has

raised concerns about reversals to

improvements in childhood nutrition.4

These concerns have been met with a

renewed emphasis on the importance

of mobilizing resources for nutrition5

and an urgency to increase resilience

to malnutrition during times of crises,6

such as a pandemic.

Research suggests that primary care-

givers play a key role in child develop-

ment.7 Caregivers are the first point of

contact for children, and their engage-

ment is crucial to ensure adequate

physical, cognitive, social, and emotional

development. Consequently, community

health worker (CHW) programs, globally8

and in Pakistan,9 leverage regular con-

tact with primary caregivers to improve

child health outcomes. Existing CHW-

based public health delivery programs,

which have shown promise in maternal

and child health10 by encouraging

health-care-facility utilization by care-

givers, have produced modest gains in

child health (typically lower than a 0.25

SD gain in HAZ).11–13

Several limitations remain, as these

programs predominantly focus on

resource and knowledge constraints
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but provide little attention to behavioral

interventions such as engaging care-

givers with continuous feedback on the

growth measures of their children.14,15

Programs that use cash transfers to

address resource constraints show lim-

ited impact.16 Physical growth promo-

tion programs mostly operate through

facility-based growth monitoring17 and

rarely focus on regular home-based

growth surveillance by CHWs, with the

exception of a handful of small sample

studies.12,18 Programs that simply inte-

grate growth charts into the community-

based interventions—without regular

growth monitoring—do not see any

impact because caregivers often fail to

comprehend growth trajectories.19 The

complementarity of regular growth mon-

itoring and counseling for caregivers is

essential, as it improves the understand-

ing of child care inputs and physical

development, particularly in marginal-

ized communities.

The few studies that explored behav-

ioral interventions have shown limited

effect on child growth. One of the first

rigorous studies on regular growth

monitoring with a growth chart, the

South Indian Trial,18 did not find any

additional benefit from growth moni-

toring. The study setting was small

(12 villages in Tamil Nadu), focused on

weight measures, and was executed

by 1 selected mother in the village. Its

impact measures also did not isolate

the impact of growth monitoring from

that of the growth chart. A related study,

conducted in Zambia,20 focused on

home-based growth monitoring (life-

sized posters installed in homes to

demonstrate children’s age-appropriate

height) and community-based growth

monitoring along with nutritional supple-

ments. This study found modest positive

effects on growth among previously mal-

nourished children; however, the study

suffered from a lack of professionally

measured anthropometrics at regular

intervals and did not assess complemen-

tarities between monitoring and counsel-

ing. Thus far, the existing literature is

inconclusive and lacks sufficient evidence

in evaluating the impact of regular in-

home anthropometric monitoring and

counseling executed by trained CHWs.

Motivated by this concern, we tested

in-home growth monitoring coupled

with nutrition counseling in Pakistan, a

lower-middle-income country in South

Asia with high levels of childhood stunt-

ing: 38% of all children younger than

5 years are stunted, although this figure

is lower in urban areas (31%) and for

children aged 6 to 8 months (18%).21

We chose to study the intervention in

an informal urban settlement, a setting

that hosts marginalized populations

but rarely receives health or nutritional

aid. Additionally, our study was con-

ducted during a global pandemic,

which—as many experts fear—threatens

child nutritional development, especially

in areas where health facilities are being

closed or partially functional.22

METHODS

Our main sample for the impact analy-

sis came from a randomized controlled

trial, which we conducted in Gulshan-e-

Sikandarabad, an urban informal set-

tlement located in Karachi, Pakistan.

Households with at least 1 child aged

3 to 21 months were eligible for this

trial. An independent survey team listed

4166 households, found 1823 of them

to be eligible for our trial, and adminis-

tered a baseline survey (July 2019) to

the biological mother and caregiver of

the child, capturing demographics, soci-

oeconomics, and child anthropomet-

rics. If more than 1 eligible child was

present in the household, the youngest

one was chosen. This process contin-

ued until 1188 eligible households com-

pleted the baseline survey andwere ran-

domly allocated to 1 of 3 treatment

arms (1:1:1) entailing 396 households in

each group, as follows: T1:monthly

in-home growthmonitoring with

counseling (IHGMC); T2: IHGMCwith a

poster-sizedHAZ-based growthmoni-

toring interactive chart; T3: IHGMCplus

growth charts (as in T2) complemented

with amonthly unconditional cash trans-

fer (fixed amount of Rs 400 [$11.91 in

purchasing power parity]), with a sug-

gestion to use the amount for children’s

food. This intervention continued for 6

months (September 2019–February

2020) and ended just before the COVID-

19 outbreak. The balance table on treat-

ment assignment is reported in Table

A10 of Appendix A (available as a supple-

ment to the online version of this article

at http://www.ajph.org).

An endline survey was administered

13 months after the start of intervention

activities (September–October 2020),

with a no-contact period of 7 months.

The endline survey was timed this way

to allow better understanding of the per-

sistence of gains in child health, espe-

cially as measured during the pandemic.

At this time, we added a pure control

group by surveying an additional 451

households, recruited from the subset

of eligible households in the original list

of 4166 households generated during

our initial community census, utilizing

the same eligibility criteria of having a

child aged 3 to 21 months and presence

of the household in the community at

the time of baseline. Adding this pure

control group allowed us to compare

the treatment impact with a

no-intervention scenario, going beyond

the ambit of the original randomized

controlled trial (a detailed timeline is

given in online Appendix B).

RESEARCH & ANALYSIS

106 Research Peer Reviewed Shonchoy et al.

A
JP
H

Ja
n
u
ar
y
20

23
,V

ol
11

3,
N
o.

1

http://www.ajph.org


Randomization, Matching,
and Masking

We initially designed a sample size of

400 households per intervention group

to detect an effect size of 0.3 SD in HAZ

between any of the 3 treatment arms,

with a power of 0.8 and an a level of

0.05, unconditional on covariates. This

statistical power remained similar when

we used a matched sample.

We used coarsened exact matching

(CEM) to select our sample for analysis

from the treatment and control groups,

since we added the control group to an

ongoing randomized controlled trial. We

used CEM to match on household size,

child’s age at baseline, father’s education,

mother’s education, and language.23 We

improved the matching by reducing the

L1 distance (an objective measure of

how different the raw, unmatched con-

trol and treatment samples are from

each other) from 0.94 to 0.57. Details of

CEM are provided in online Appendix D,

and the balance on observables for the

matched sample are shown in Table A11

of online Appendix A.

The nature of our intervention did not

allow full masking of participants to the

CHWs. Although the team of investigators

was masked, the data collection team

was not strictly blinded to intervention

group assignment since the endline sur-

vey asked about some of the treatment-

related activities, which allowed them to

predict individual treatment allocation

(online Appendix E). The detailed proce-

dures on team recruitment and training

and on intervention operational proto-

cols are given in online Appendixes H, G,

and E, respectively.

Outcomes

The primary outcome measures were

HAZ, where height was measured using

infantometers and stadiometers, and

weight-for-age z-score (WAZ), where

weight was measured using weighing

scales (for detailed procedures, see

online Appendix G). We calculated HAZ

scores using the in-built Stata package

“zscore06” (StataCorp LP, College Sta-

tion, TX) in accordance with the World

Health Organization (WHO) Child

Growth Standards for children younger

than 5 years. Our secondary outcomes

were binary indicators for stunted and

severely stunted (i.e., 2 SD and 3 SD

below the median HAZ score of the ref-

erence population, respectively, under-

lying the WHO Child Growth Standards)

as well as binary indicators for under-

weight and severe underweight (i.e.,

2 SD and 3 SD, respectively, below the

median WAZ score from the WHO Child

Growth Standards).24 Another second-

ary outcome was weight-for-height

z-score (WHZ), which captured the

weight of the child compared with their

height as well as 2 binary variables:

wasting (i.e., WHZ<22 SD) and severely

wasted (i.e., WHZ<23 SD). We mea-

sured height and weight in duplicates,

following the WHOMulticenter Growth

Reference Study method.25 Additional

variables analyzed were caregiver knowl-

edge, quality of diet, and the home envi-

ronment (online Appendix F).

Statistical Analysis

All our analyses followed an intention-

to-treat (ITT) estimation on the matched

sample. CEM yielded a total sample of

1046 households across the control

and treatments (198 in T1, 208 in T2,

230 in T3, and 410 in the control), with

a matching control:T1:T2:T3 ratio of

1:0.48:0.51:0.56. Our ITT estimation

generated causal effects of treatment

on outcome variables. ITT estimates

minimize bias through selective take-up

of the intervention, providing lower

bound impact estimates. We employed

ITT regression analysis using binary vari-

ables to designate treatment status

(versions with individual- and household-

level covariates are reported in Tables

A15 through A23 of online Appendix A)

to evaluate the impact of the 3 treat-

ments, using Stata 14 with Huber–White

robust standard errors. We used

the same strategy for the treatment

component–specific analysis (termed

“reclassification”), where we estimated

the ITT impacts using binary indicators

for treatment components: counseling5

T11T21T3 (n5636); growth chart5

T21T3 (n5438); and cash transfer5 T3

(n5230). We present ITT coefficient

estimates (means) with 95% confidence

intervals (CIs) and P values using out-

comes measured at endline. We esti-

mated heterogeneous treatment

effects by interacting treatment status

with child’s gender, marginalized ethnic-

ity dummy, and age at baseline (online

Appendix C). Additionally, we used pro-

pensity score matching as a robustness

check for our estimates.

RESULTS

Of the 4166 households assessed for

eligibility at baseline, 1823 were found

eligible, of which 1188 were employed

for the intervention (online Figure A7).

Of these, 5 households witnessed a

death or injury of the child (< 1%) and

202 households (17%) could not be

recontacted for program implementa-

tion through a combination of weak

address systems (typical of informal

urban settlements) and migration out

of the neighborhood. Thus, our pro-

gram implementation sample was 981

households (83% of baseline sample).

Of these, we successfully reinterviewed

790 households at endline (81% of
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implementation sample); 58 house-

holds refused to be reinterviewed (5%),

11 exceeded our interview reschedul-

ing threshold of 3 attempts (1%), 9

were located but were absent despite

multiple attempts (1%), and 113 had

moved out of the community (10%).

Our total available endline sample was

1241 households: 790 households from

the original randomized controlled trial

sample and 451 recruited to serve as

the control. After we matched using

CEM, our final analysis sample was 1046

households. The characteristics of these

2 groups were similar: the control arm

children were 55% male and 45% female

whereas the corresponding numbers in

the treatment arms were 52% male and

48% female. Mother’s literacy rate in this

community was low: 68% of mothers

had not attended at least 1 year of

schooling across the control and

treatment samples. Households in treat-

ment and control were balanced across

all 5 neighborhood categories. In terms

of ethnicity, the proportion of historically

marginalized groups was balanced

across the control and treatments at

25% and 24%, respectively. Detailed

descriptive statistics for the study sam-

ple are given in Table 1.

Our first set of results compared the

matched control with any treatment

TABLE 1— Demographic Characteristics of the Matched Sample: Pakistan, September–October 2021

Control Group, Mean 6SD
or No. (%)

Treatment Group, Mean 6SD or No. (%)

T1 T2 T3 All Treatments

Household size, no. 7.84 64.32 8.73 64.44 9.09 64.55 8.50 64.15 8.77 64.38

Child’s age, y 25.70 66.80 26.11 65.73 25.48 65.68 25.53 65.81 25.69 65.74

Father’s education

Not literatea 223 (54.52) 91 (46.19) 104 (50.24) 101 (44.10) 296 (46.76)

Literate 186 (45.48) 106 (53.81) 103 (49.76) 128 (55.90) 337 (53.24)

Mother’s education

Not literatea 278 (67.80) 135 (68.18) 144 (69.23) 152 (66.09) 431 (67.77)

Literate 132 (32.20) 63 (31.82) 64 (30.77) 78 (33.91) 205 (32.23)

Neighborhood

Neighborhood 1 158 (38.73) 70 (35.35) 77 (37.02) 73 (31.74) 220 (34.59)

Neighborhood 2 66 (16.18) 31 (15.66) 42 (20.19) 55 (23.91) 128 (20.13)

Neighborhood 3 32 (7.84) 25 (12.63) 19 (9.14) 23 (10.00) 67 (10.53)

Neighborhood 4 77 (18.87) 36 (18.18) 40 (19.23) 43 (18.70) 119 (18.71)

Neighborhood 5 75 (18.38) 36 (18.18) 30 (14.42) 36 (15.65) 102 (16.04)

Language

Urdu 3 (0.73) 2 (1.01) 2 (0.96) 2 (0.87) 6 (0.94)

Sindhi 6 (1.46) 3 (1.52) 2 (0.96) 1 (0.44) 6 (0.94)

Punjabi 56 (13.66) 16 (8.08) 19 (9.14) 18 (7.83) 53 (8.33)

Pashto 278 (67.80) 146 (73.74) 166 (79.81) 179 (77.83) 491 (77.20)

Saraiki 64 (15.61) 30 (15.15) 19 (9.14) 29 (12.61) 78 (12.26)

Other 3 (0.73) 1 (0.51) 0 (0.0) 1 (0.44) 2 (0.31)

Child’s gender

Female 184 (44.88) 104 (52.53) 87 (41.83) 112 (48.70) 303 (47.64)

Male 226 (55.12) 94 (47.47) 121 (58.17) 118 (51.30) 333 (52.36)

Marginalized ethnicity

Other 307 (74.88) 146 (73.74) 162 (77.88) 170 (73.91) 478 (75.16)

Marginalized 103 (25.12) 52 (26.26) 46 (22.12) 60 (26.09) 158 (24.84)

Total sample 410 198 208 230 636

Note. T15monthly in-home growth monitoring with counseling (IHGMC); T25 IHGMC with a poster-sized HAZ (height-for-age z-score)–based growth
monitoring interactive chart; T35 IHGMC plus growth charts (as in T2) complemented with a monthly unconditional cash transfer.

a“Not Literate” is a category for no schooling or incomplete schooling: the parent had not completed at least 1 year of schooling (i.e., was illiterate) or
had not completed grade 1 or attended vocational training or madrasa education.
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to quantify the impact of treatment at

the time of the COVID-19 pandemic

(Figure 1). Aggregate treatment esti-

mates showed an increase in HAZ by

0.42 SD (95% CI50.23, 0.61; P< .001)

compared with the control mean of

21.86 SD. The prevalence of stunting

was reduced by 10 percentage points

(95% CI520.17,20.03; P< .001), and

the prevalence of severe stunting was

reduced by 5 percentage points (95%

CI520.10, 0.00; P5 .04) in the treated

group compared with the control. We

also found improvements in weight-

related measures: a 0.25 SD increase

in WAZ (95% CI50.07, 0.44; P5 .01), a

6-percentage-point reduction in cases

of underweight (95% CI520.12, 0.01;

P5 .07), and a 5-percentage-point

reduction in cases of severely under-

weight (95% CI520.10,20.01; P5

.02). These estimates are robust to

alternative matching (i.e., propensity

score matching as reported in Table A14

of online Appendix A).

Next, as shown in Figure 2, we

observed that T1 showed the largest

improvements, with a statistically signifi-

cant gain in HAZ of 0.58 SD (95% CI5

0.33, 0.83; P< .001), and reductions in

stunting (210 percentage points; 95%

CI520.19,20.01; P5 .02) and severe

stunting (27 percentage points; 95%

CI520.13,20.01; P5 .03). We also saw

gains in WAZ (0.43 SD; 95% CI50.20,

0.67; P< .001), and reductions in under-

weight (29 percentage points; 95%

CI520.16,20.01; P5 .03) and severely

underweight (27 percentage points;

95% CI520.12,20.02; P5 .01). Com-

pared with the control, T2 and T3 also

largely followed the same direction as T1,

although the magnitude of gains in HAZ

andWAZ, and the reductions in stunting,

severe stunting, underweight, and severe

underweight, were not as large as in T1.

None of our treatments had a statistically

discernible impact at the conventional

level on WHZ, wasted, and severely

wasted compared with the control. Fur-

thermore, as shown in Figure A1 and

Table A3 of online Appendix A, reclassi-

fied treatment component–specific esti-

mates demonstrate similar conclusions

as estimated before.

Next, we estimated 2-way interac-

tions (Figure 3) to understand if the
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FIGURE 1— Aggregated Treatment Effect of Intervention on Primary and Secondary Outcomes: Pakistan,
September–October 2021

Note. CI5confidence interval; T15monthly in-home growth monitoring with counseling (IHGMC); T25 IHGMC with a poster-sized HAZ (height-for-age
z-score)–based growth monitoring interactive chart; T35 IHGMC plus growth charts (as in T2) complemented with a monthly unconditional cash transfer.
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effect of the treatments was different

among girls and boys. The results

showed that relative to girls, boys in T3

tended to have a higher HAZ (0.46 SD;

95% CI520.01, 0.94; P5 .05) with an

associated reduction in severe stunting

(213 percentage points; 95% CI5

20.25,20.02; P5 .03). Additionally,

male children in T3 saw increased WAZ

(0.63 SD; 95% CI50.17, 1.09; P5 .01),

and reduced cases of being under-

weight (214 percentage points; 95%

CI520.30, 0.02; P5 .08) and severely

underweight (219 percentage points;

95% CI520.29,20.08; P< .001).

Finally, boys in T3 also saw increased

WHZ (0.60 SD; 95% CI50.10, 1.11;

P5 .02) and a reduction in cases of

severe wasting (214 percentage points;

95% CI520.23,20.04; P< .001). We

found broadly similar results in reclassi-

fied treatment component estimates

(Figure A2 and Table A5 of online

Appendix A): male children in house-

holds that received a cash transfer had

higher WAZ (0.61 SD; 95% CI50.12,

1.09; P5 .01) along with a lower proba-

bility of being severely underweight

(216 percentage points; 95% CI520.26,

20.05; P< .001), and higher WHZ (0.61

SD; 95% CI50.04, 1.19; P5 .04) along

with a lower probability of being severely

wasted (213 percentage points; 95%

CI520.23,20.03; P5 .01). We did not

see a statistically significant increase in

HAZ and related decreases in the proba-

bility of stunting. The other program com-

ponents (IHGMC and growth chart) did

not suggest any statistically significant dif-

ference by gender. Heterogeneity effects

by child age and caste were inconclusive

(Figures A3–A6 and Tables A6–A9 of

online Appendix A).

Finally, we investigated the measures

of caregiver knowledge, quality of diet,

and the home environment that might

have contributed to our findings (Table

B2 of online Appendix B). There were 2

results of note. First, we found that chil-

dren in T1 were given a 0.09 SD (95%

CI50.01, 0.18; P5 .04) larger quantity

of dairy products compared with the

control, measured as a standardized

difference of an index for consuming

multiple dairy food (index creation pro-

cess detailed in online Appendix F). Sec-

ond, we found that caregivers in T2
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FIGURE 2— Disaggregated Treatment Effect of Intervention on Primary and Secondary Outcomes: Pakistan,
September–October 2021

Note. CI5confidence interval; T15monthly in-home growth monitoring with counseling (IHGMC); T25 IHGMC with a poster-sized HAZ (height-for-age
z-score)–based growth monitoring interactive chart; T35 IHGMC plus growth charts (as in T2) complemented with a monthly unconditional cash transfer.
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reported improved gender-related atti-

tudes toward care, an increase of 0.17

SD (95% CI50.01, 0.32; P5 .04) in a

standardized index for multiple catego-

ries of child care–related questions, a

larger quantity of fish and meat (0.10 SD;

95% CI5 0.02, 0.19; P5 .02), and a

greater dietary diversity score (0.35 SD;

95% CI520.01, 0.72; P5 .06). However,

we note that caregivers in this arm also

demonstrated a 0.22 SD decrease (95%

CI520.38,20.05; P5 .01) in general

health care knowledge.

DISCUSSION

Our study has 3 major results. First, ours

is one of the first studies demonstrating

the impact of regular IHGMC by CHWs

on young children, and we found a 0.42

SD gain in HAZ. To put this estimate

into perspective, a range of comparable

studies found increases in HAZ that

did not exceed 0.25 SD, with time hori-

zons ranging from a few months to 2

years.20,26–28 This is an important find-

ing because gains in height are harder

to achieve and represent a relatively

permanent positive change in health,

unlike weight, which tends to respond

quicker to a range of inputs. The gains

in height that we documented are espe-

cially significant because these were

realized during the COVID-19 pandemic,

when income shocks resulted in severe

nutritional deficiency in poor countries.4

Our sample suffered aggregate welfare

and health shocks; 75% of our sample

reported that a member of the house-

hold lost work and 76% reported a loss

in income due to the pandemic.

Second, we found that the simple

IHGMC intervention contributed the

most to child anthropometric outcomes.

Specifically, we found that having IHGMC

alone (T1) resulted in a 0.58 SD gain in

HAZ, but layering a growth chart and

unconditional cash transfer on top of

IHGMC yielded positive albeit lower

gains in child health. This suggests that

the growth charts added complexity that

resulted in these relatively lower gains.

In our endline survey—7 months after

the intervention—we specifically asked
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whether the growth chart was still in

use and its primary function was under-

stood. Use of the growth chart was not

universal in the treatment groups;

households reported limited use (14%)

of the growth chart in the postinterven-

tion period. Moreover, they had ques-

tionable understanding of the chart;

60% failed to explain how the chart

worked. These facts suggest that more

effort may be needed from CHWs in

explaining the growth charts to primary

caregivers for greater understanding

and usability.

Third, we found that the cash arm (T3)

had a gendered effect: male children

in the cash transfer arm differentially

benefited on almost all anthropometric

measures. Male children in T3 had

higher HAZ, WAZ, and WHZ scores and

lower probability of being severely

stunted, severely wasted, underweight,

or severely underweight. The simple

IHGMC and the IHGMC with growth

chart, however, did not show a gendered

effect. These facts suggest that the sim-

plest intervention of IHGMC tends to

work equally well for children, irrespec-

tive of gender. Moreover, any program

that chooses to add cash transfers must

carefully consider gender dynamics in

their respective settings. Our study

showed that the cash transfer differen-

tially benefited male children; this may be

a consequence of local cultural preferen-

ces, including son bias.29 Additional pro-

gramming and counseling are needed to

encourage more gender-equal allocation

of resources.

Our results have several implications.

First, we have demonstrated the effec-

tiveness of a relatively simple interven-

tion to induce gains in child height and

weight by providing monthly nutrition

counseling and in-home growth monitor-

ing through direct engagement of care-

givers by CHWs. Second, we effectively

served households in an informal urban

settlement. These communities are typi-

cally underserved, having few formal

high-quality health facilities—which was

exacerbated during the COVID-19 pan-

demic. Third, our program has the

potential for scale in dense urban set-

tings where homes are close to each

other and CHWs do not need to carry

equipment for long distances. We fol-

lowed the established CHWmodel that

orients the IHGMC intervention for the

possibility of scaling-up with other CHW

programs, which abound across the

developing world. Our program is cost-

effective: the total monthly cost of imple-

mentation per child in the IHGMC arm

(T1) was $18 (including intervention,

implementation, and administrative

costs); the cost per case of stunting

averted by the intervention was $360

(total implementation cost divided by

additional cases of stunting averted in T1

compared with the control), which is on

the lower end of the range for similar

interventions in Pakistan and globally

($202–$1107).

Our study has 3 limitations. First, we

noticed sizable attrition of our sample

with unequal survey retention propensity

across the treatment groups (Table A13

of online Appendix A). This is a conse-

quence of working in informal settlement

areas, which challenged our logistical

capability. Working in an urban informal

settlement is difficult28,30 because there

are no formal addresses and many

dwellers tend to out-migrate (average

annual turnovers of 25% have been

documented). On the basis of informa-

tion from key informants, we understood

that this high rate of out-migration is rea-

sonable, as the community is predomi-

nantly Pashtun immigrants who are

highly mobile and frequently change

address. Second, this reduced sample

likely affected our ability to detect

statistically significant differences in sub-

group analysis. Finally, our treatment

assignment was at the household level.

Despite the highly idiosyncratic nature

of our program, which delivered

household-specific counseling and made

child-specificmeasurements, households

in our treatment group may have shared

some insights from their experiences

with households in their network. This

has the potential to produce a positive

spillover effect by contaminating the

treatment and control groups, making

the impact estimates lower bounds.

Taken together, we have demon-

strated that a simple, low-cost, scalable

intervention—regular home-based

growth monitoring and nutrition

counseling by CHWs—has a sizable

impact on child HAZ and associated

reduction in severe stunting, measured

during the COVID-19 pandemic. Our

findings suggest that regular IHGMC can

increase resilience to malnutrition.

These are compelling findings, in terms

of tackling both the long-term challenge

of child stunting and the short-term

impact during this global pandemic, and

they provide an important policy tool for

low- and middle-income countries.
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Trends in Degree Conferrals,
Degree-Associated Debt, and
Employment Outcomes Among
Undergraduate Public Health Degree
Graduates, 2001–2020
Jonathon P. Leider, PhD, Emily Burke, EdD, MPH, CPH, Ruby H. N. Nguyen, PhD, MHS, Christine Plepys, MS,
Chelsey Kirkland, PhD, MPH, CHW, Beth Resnick, DrPH, MPH, and Laura Maga~na, PhD, MS

See also Riegelman, p. 9.

Objectives. To characterize the trends in degree conferrals, degree-associated debt, and employment

outcomes among undergraduate public health degree (UGPHD) graduates.

Methods.We reported administrative data on degree conferrals from 2001 to 2020 from the National

Center for Education Statistics (NCES). For alumni graduating from 2015 to 2019, we also reported

degree-associated debt and earnings 1 year after graduation compiled by NCES. Finally, we utilized a

data set on 1-year postgraduation employment outcomes for graduates from 2015 to 2020 from the

Association of Schools and Programs of Public Health.

Results. As of 2020, more than 18000 UGPHDs were awarded each year, more than 140000 in total over

the past 20 years. UGPHD graduates are highly diverse, with more than 80% being women and 55% being

individuals from communities of color. We find alumni worked mostly in for-profit organizations (34%),

health care (28%), nonprofits (11%), academic organizations (10%), government (10%), and other (6%).

Degree-associated debt was $24000, and the median first-year earnings were $34000.

Conclusions.While growth in UGPHD conferrals has slowed, it remains among the fastest-growing

degree in the nation. However, the limited pathways into government remains a significant challenge.

(Am J Public Health. 2023;113(1):115–123. https://doi.org/10.2105/AJPH.2022.307113)

The undergraduate public health

degree (UGPHD) surpassed the

master’s degree in 2020 as the most

conferred public health degree in the

United States.1 This rapid growth began

in 2004, fueled in part by the rise in

bioterrorism concerns and interest in

strengthening the nation’s public health

system in the aftermath of 9/11 and

the 2001 anthrax attacks.2 The growth

was also fueled by the seminal work

published in the 2003 Institute of

Medicine report recommending that all

undergraduates have access to educa-

tion in public health and the prolifera-

tion of accredited graduate schools

and programs of public health.3 More

than twice the number of undergradu-

ate students graduated with public

health degrees from 2008 to 2012 than

from 1992 to 2008, and the majority

of students graduated with UGPHDs in

general public health and health educa-

tion or behavioral sciences.4,5 It is also

a degree whose recipients are far more

racially and ethnically diverse than

recipients of graduate degrees in gen-

eral.5 Yet, despite this marked growth,

the UGPHD is once again in transition.

Degree conferrals have been driven

both by growth within existing programs

and by new entrants to the market-

place.4,5 About 271 institutions offered

UGPHDs in 2016 compared with 179

in 2012, with about 50% coming from

institutions with public health degree
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programs that were accredited by the

Council on Education for Public Health

(CEPH).5,6 CEPH was established in

1974 to serve as the independent

accreditation body for graduate schools

and programs of public health.7 CEPH’s

standalone baccalaureate accreditation

was introduced in 2016; there are cur-

rently 25 standalone CEPH-accredited

baccalaureate programs.8 The expan-

sion of standalone programs is indicative

of an expanded breadth of programs

without other master’s-level public

health training.6 Furthermore, this new

accreditation offers the opportunity to

greatly expand the reach of public

health education to other institutions

across the country and to increase

diversity both in student populations

and geographic regions.6

Before this effort, UGPHD programs

were only accredited if they were con-

ferred by a CEPH-accredited graduate

school of public health. However, now,

with the drastic increase in undergrad-

uate public health program offerings

and with the number of UGPHDs con-

ferred, several key questions have arisen

regarding the UGPHD. Questions include

the potential role of the UGPHD on the

field’s ability to diversify the public health

workforce, establish pathways for train-

ing, reduce overlap with the graduate-

level curriculum, and ultimately rebuild

the governmental public health work-

force with new UGPHD graduates.1

Especially of note are the employ-

ment outcomes for bachelor’s stu-

dents, including both what types of

jobs they would get in general and, spe-

cifically, whether those jobs would sub-

stitute for master’s-trained alumni, as

had happened in other fields in previ-

ous decades.1,3,9,10 For example, there

is a current debate about whether hos-

pitals should hire a certified registered

nurse anesthetist or an anesthesiologist,

with the former being less expensive, yet

debate on cost-effectiveness and ulti-

mate practice models remains.11,12

Given these questions, as well as

the recent increased limelight on public

health as a result of the COVID-19 pan-

demic, in this study, we explored recent

trends in public health undergraduate

educationwith a focus on first-destination

outcomes, including employment or

further higher education, of UGPHD

recipients.

METHODS

We used 3 data sets to characterize

the UGPHD trends in the United States:

the Integrated Postsecondary Educa-

tion Data System (IPEDS),13 the College

Scorecard from the National Center for

Education Statistics (NCES), and first-

destination outcomes from the Associ-

ation of Schools and Programs of Public

Health (ASPPH).14

Our research utilized IPEDS data

that catalogued degree conferrals for

UGPHD programs in the United States

that were reported from 2001 through

2020. IPEDS data are reported annually

by all public and private postsecondary

institutions that receive federal support,

including federally backed financial aid.

Degree conferral data are one of sev-

eral required reporting areas, which

also include enrollments, admissions,

academic offerings, salary spending

on faculty and staff, and staff composi-

tion, among other organizational

characteristics.

IPEDS maintains data on institutional

characteristics for each college or

university in its data set; of primary

interest are institutional (Carnegie)

classification, control institution (public,

private not-for-profit, private for-

profit), and geographic region. UGPHD

programs were identified with

Classification of Instructional Program

(CIP) codes (National Center for Educa-

tion Statistics, https://bit.ly/3gCEbHC),

including for public health (CIP 51.22XX),

as well as for health policy analysis

(44.0503), epidemiology (26.1309), and

biostatistics (26.1102), which IPEDS clas-

sifies outside of public health (Table A,

available as a supplement to the online

version of this article at https://ajph.org).

While NCES does not include biostatis-

tics, epidemiology, or health policy, they

have long been included as core

degrees or program offers in public

health institutions. IPEDS data before

2010 are crosswalked to the 2020 CIP

code standards.

NCES constructs estimates of earn-

ings and degree-associated debt using

federal administrative data and pub-

lishes these data annually via the Col-

lege Scorecard. These estimates are

reported by institution, degree, degree

level, and 4-digit CIP code family. NCES

constructs these estimates by 2-year

cohorts, with earnings information

drawn from Internal Revenue Service

filings of graduates 1 year after gradua-

tion and degree-associated debt from

Free Application for Federal Student

Aid filings. Data were available on stu-

dents graduating in 2015 through 2019

at the time of this analysis, in spring

2022. NCES notes that institution-level

data may be censored if there are

insufficient student record matches or

number of graduates. NCES data are

thought to constitute the universe of

public health degree conferrals in the

United States but do not include first-

destination outcomes.

The third data set was provided by

ASPPH. Since 2016, ASPPH has col-

lected first-destination outcomes data

through its membership, CEPH-

accredited schools and programs of

public health in the United States and
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abroad (only domestic data were used

in this analysis). Students who are grad-

uating, and up to 1 year after gradua-

tion, report first-destination outcomes

to their schools and programs of public

health. These data are de-identified

and reported to ASPPH. Among those

reporting employment outcomes, both

broad employment sector and detailed

sector are reported. The most recent

available data are from graduating

years 2015 through 2020 (collected up

to 1 year later) and are included in this

assessment.

ASPPH data include graduates of

UGPHD programs at accredited schools

and programs of public health, which

represent approximately 48% of gradu-

ates from UGPHD programs in the

United States captured in IPEDS data.

Please see Figure A (available as a sup-

plement to the online version of this

article at https://ajph.org) for the num-

ber of applicants to MPH programs in

Schools of Public Health Application

Service, the centralized application ser-

vice, by major or concentration in

undergraduate degrees.

We calculated descriptive statistics to

report findings from the administrative

data sources. We used Stata version

17.1 (StataCorp LLC, College Station,

TX) and Tableau Desktop (Tableau Soft-

ware, Mountain View, CA) for analysis.

RESULTS

In 2001, colleges and universities

across the United States reported

awarding 1480 UGPHDs, compared

with 5576 graduate public health

degrees. By 2020, 18289 UGPHDs and

19641 graduate public health degrees

(18044 and 1597 master’s and doctorate

degrees, respectively) had been awarded

(Figure 1). The UGPHD grew an average

13.4% each year over the past 2

decades, eventually eclipsing the mas-

ter’s degree as the most conferred public

health degree type in the United States

in 2020.

Demographics of Degree
Grantors and Recipients

The number of institutions awarding

solely UGPHDs with no graduate public

health degrees has also grown sub-

stantially, from 44 in 2001 to 183 in

2020. As of 2020, more than 550

institutions awarded either a UGPHD

or graduate public health degrees, with

392 awarding at least 1 UGPHD and

265 institutions awarding at least 10

UGPHDs. In terms of the size of gradu-

ating classes by institution, the median

was 20 degrees conferred in 2020, with

the 25th percentile at 7 degrees and the

75th percentile at 55 degrees. Between

2001 and 2020, 143000 UGPHD con-

ferrals were captured by NCES,

of which about 24000 were conferred

between 2001 and 2010, 35000
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between 2011 and 2015, and 79000

between 2016 and 2020.

Data from NCES show wide racial

and ethnic diversity of UGPHD gradu-

ates. In 2020, 45% were White. Hispanic/

Latino students constituted the second-

largest group of graduates (17%), fol-

lowed by Black/African American (15%),

Asian (13%), 2 or more race (4%), and

American Indian/Alaska Native (1%)

students. International students repre-

sented 2.5% of UGPHD conferrals, and

another 2.5% of graduates had unknown

race/ethnicity status. Women constituted

80% of conferrals in 2020, an increase

from 69% in 2001.

Compared with graduate public

health degree conferrals, during the

past 2 decades, a smaller percentage

of undergraduates received their

UGPHD from a CEPH-accredited school

or program of public health (Figure 2).

Coincident with CEPH instituting a

standalone undergraduate accredita-

tion standard in 2016 (and therefore

affording accreditation to students

graduating up to 3 years before15), the

majority of UGPHDs were conferred by

a CEPH-accredited school or program

of public health or a standalone bacca-

laureate program. In 2020, 57% of

UGPHDs came from CEPH-accredited

institutions and programs, compared

with 82% of master’s degrees and 89%

of doctoral degrees. We observed dif-

ferences by race/ethnicity; 74% of Asian

students received a UGPHD in 2020

from a CEPH-accredited institution and

programs, compared with 56% of Black

students, 53% of Hispanic/Latino stu-

dents, and 55% of White students. We

similarly observed differences in gradu-

ation by control of institution (public,

private not-for-profit, or private for-

profit) by race/ethnicity.

Conferrals by type of institution

changed substantially since 2001, when

88% of UGPHDs came from public insti-

tutions, 11% from private not-for-profit,

and less than 1% from private for-

profit. In 2020, 75% of UGPHD confer-

rals came from public institutions, 22%

from private not-for-profit, and 3%

from for-profit institutions. In 2020,

among Asian students, less than 1%

of UGPHDs came from for-profit

institutions, as did 9% of UGPHDs

earned by Black students, 4% earned

by Hispanic/Latino students, and 2%

earned by White students.

First-Destination Outcomes

Among 23810 UGPHD graduates

between 2015 and 2020 with first-

destination outcomes reported to

ASPPH, 7% reported seeking employ-

ment, 31% reported enrollment in

further study, and 62% reported

having employment, a fellowship, or

a volunteer position. Among the

8724 UGPHD graduates with full-time

employment outcomes reported,

34% reported working within for-profit

organizations, 28% in health care
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organizations, 11% in nonprofit organ-

izations, 10% in academic institutions,

10% in government, and 6% in “other”

(Figure 3).

Detailed employment-sector informa-

tion was provided by 10939 UGPHD

graduates. Of those working in aca-

demic institutions, two thirds worked

in postsecondary education and one

quarter in K–12 education. Among

those working in for-profit organiza-

tions, 13% worked in consulting; 16%

in marketing, public relations, commu-

nications, and pharmaceuticals; and

8% in health insurance and information

technology. Among those in govern-

ment positions, 24% worked in federal,

26% in state, 38% in local, 9% in military,

and 3% in “other types.” Of those work-

ing in the health care sector, 36%

reported being within hospital and

health systems and 6% in managed

care.

Lastly, for UGPHD graduates who

reported pursuing further study, 36%

were pursuing a graduate public health

degree, 27% were pursuing a medical or

clinical degree, and 37% were pursuing

another or unknown degree.

NCESpublishes degree-associated debt

andpostgraduation earnings through

their College Scorecard (Figure 4).Median

degree-associated debt for students

graduating in 2014 to 2019was highest

among for-profit institutions awarding

UGPHDs (median5$39800; interquar-

tile range [IQR]5 $39000–$42000),

comparedwith not-for-profit institutions

(median5$26000; IQR5$23000–

$27000) and public institutions

(median5$22000; IQR5$19000–

$25000). One-year postgraduation

earnings data were comparable across all

institution types (median5 approximately

$34000). Median degree-associated

debt and earnings varied widely for

UGPHDs by geographic region, with

degree-associated debt being highest

in the mid-east and New England

regions, and lowest in Rocky Mountain

and far-west regions. Median 1-year

postgraduation earnings ranged from

$31 000 to $38 000 with the lowest

being from the southeast region and

highest from New England.

DISCUSSION

In 2020, nearly 20000 UGPHDs were

conferred. While UGPHDs have over-

taken master’s degrees as the most-

awarded public health degrees in the

United States, accredited master’s

degree conferrals still substantially

outnumber accredited undergraduate

degrees. This is not surprising given

IPEDS reporting indicates that 89% of

doctoral and 82% of master’s degrees

were conferred by universities with a
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CEPH-accredited schools and programs

of public health while only 57% of

UGPHDs were conferred by a university

with a CEPH-accredited public health

school, program, or standalone bacca-

laureate program.

UGPHD graduates secure employ-

ment in multiple industries upon grad-

uation, and many pursue further higher

education, including graduate studies

in public health. Of those graduates

securing employment, relatively few

have pursued a job in governmental

public health (10%), while the majority

(62%) enter the workforce in the for-

profit sector or in the health care

sector. This differs somewhat from

graduate program alumni, where 17%

have pursued jobs in governmental

public health and 41% landed in the

for-profit or health care sector. Fur-

ther more, the percentage of graduate

program alumni working in govern-

mental public health has increased each

year since ASPPH began collecting first

destinations outcomes data, with 21% of

master’s and doctoral graduates enter-

ing the governmental public health

workforce in 2020.16 Thismight suggest

that UGPHD and graduate alumni are

not competing for the same jobs as

has been previously hypothesized.

However, it is reasonable, if not pru-

dent, for public health practitioners to

concretely distinguish job tasks and

desired skills of undergraduates from
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graduates in the workplace while aca-

demic public health better communi-

cates the continuum and progressive

nature of the competencies that gradu-

ates demonstrate at the undergradu-

ate, master’s, and doctoral level.9,17

These distinctions would ensure under-

graduates and graduates do not com-

pete for the same position and limit the

ongoing concern about the threat of a

“substitution effect,” in which baccalau-

reate degree holders are preferentially

hired at lower wages for the same jobs

that graduate degree-holders had been

previously recruited, in the government

sector (or elsewhere). The concern

arises from a history in other fields.4,5,9,17

The best way to ensure a substitution

effect does not occur is through task

and skill differentiation for different levels

of academic achievement.

We show that undergraduate public

health is continuing to grow, that sev-

eral hundred institutions are now offer-

ing these degrees, that graduates are

pursuing a variety of jobs and sectors

as employment outcomes, and that

there is a wide range of earnings and

debt loads associated with UGPHDs

across the United States. Heterogeneity

in UGPHDs, and education more broadly,

is to be expected, even in an accredited

field. In some respects, education is a

marketplace, not just of ideas, but also

one based on consumer and employer

interests and needs, as well as one in

which competition rewards positive pro-

gram outcomes. A breadth of public

health offerings should be encouraged,

if they are indeed identifiable as public

health programs.17

Institutions of higher education, in

our view, should hold to core tenets

of academic rigor and integrity and the

pursuit of knowledge. At the same time,

public health degrees are traditionally

viewed in the vein of a professional

degree, even at the undergraduate

level, even where it is offered in the

context of more general humanities or

liberal arts programs. Fundamentally,

after all, UGPHDs must be competency-

and skill-based to be accreditable. There

remains an open question about market

saturation, especially considering contin-

ued and sustained growth, as well as

broader opportunities for undergradu-

ate public health–trained professionals

to work in nontraditional areas, such as

in public education, urban development,

and political science. These remain sub-

stantive points for future discussion and

research.

Reflections in Light of the
Great Resignation

As we reflect on the future of undergrad-

uate public health and its relationship to

governmental public health, data pre-

sented in this article suggest that the

United States may be approaching a

point of opportunity. The governmental

public health workforce is substantially

depleted, generally since the Great

Recession and specifically because of

COVID-19 response (and the conse-

quent Great Resignation/Reshuffling/

Renegotiation).18,19 Data recently

released from the 2021 Public Health

Workforce Interests and Needs Survey

show 44% of staff are considering leaving

their job or planning to retire within the

next 5 years20; this represents more than

80000 staff nationwide. Are public health

graduates filling this gap? If not, who will?

Governmental public health has tra-

ditionally hired baccalaureate degree

holders from other fields and some

master’s degree holders, the latter

of whom sometimes have a UGPHD.

Might this change with concerted

efforts to create practice-based training

programs and improve pathway

development from the schools and pro-

grams of public health into government?

Federal public health agencies have

recognized the potential future gaps in

the public health workforce and have

established mechanisms to increase

pipelines into governmental public

health careers.1,21–23

These data suggest that now is a

critical time for the initiation of partner-

ships between educational institutions

and governmental public health

agencies to better examine undergrad-

uate public health education and to

determine whether specific pathways

to government are a priority and, if so,

how then to implement them in ways

that accomplish the desired aims.

UGPHD recipients may serve health

departments in key entry-level public

health science and data-oriented posi-

tions. Yet, to attract these students

away from health care, pharma, and

for-profit firms, health departments

must offer more efficient hiring pro-

cesses, competitive wages and benefits,

and clear opportunities for advance-

ment, and seek to maximize engage-

ment and perceptions of employee

support within one’s organization, as

these factors are all key to recruitment

and retention.24,25

A Matter of Demographics

A particular challenge undergraduate

education faces broadly in the United

States is the upcoming demographic

cliff and the “Great Interruption” associ-

ated with COVID-19. As a result, in

2025 and beyond, fewer students are

expected to graduate high school and

enter college than in years past, though

this has already begun in some regions.26

There are simply fewer younger people

seeking traditional bachelor’s degrees

(and, in turn, traditional master’s),
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although there may be more midcareer

professionals seeking further education.

Further exacerbating this issue is the

Great Interruption of COVID-19 whereby

21% fewer direct high school to college

students enrolled in fall of 2020 when

compared with 2019, and 1 in 4 college

students failed to re-enroll in the fall of

2020.27,28 In addition, uncertain macro-

economic conditions along with low

unemployment rates may make college

or graduate school less appealing.29

These uncertain conditions will likely

continue to be a concern for some

time among institutions of higher

education.

It is not clear to us what a broad

decline in undergraduate enrollment

might mean for a specific field such as

public health. It may well be that in a

postpandemic environment, public

memory and interest in public health

fade, and fewer undergraduates are

aware of the public health degree. Con-

versely, because the next several years

have dedicated federal public health

infrastructure funding to grow pathways

into governmental practice, schools and

programs of public health may outcom-

pete other resource-poor or otherwise

flagging program areas for paid intern-

ships and better placement prospects

out of school.

Even if undergraduate overall enroll-

ment is down, public health enrollment

could grow with appropriate strategy

and investment such as using online

education30 and building and imple-

menting an enrollment management

plan.31 This could be critical to rebuild-

ing the governmental public health

workforce and is especially relevant

as enrollment in master’s education

in public health similarly in 2022 has

begun again to slow down, likely attri-

butable to degree-offering institution

saturation, as had been projected for

some time before the COVID-19–

associated bump in admission.32

Limitations

When interpreting these trends, the

following limitations should be consid-

ered. First, while the NCES is widely

regarded as a reliable source of degree-

conferral data,32 misclassification may

occur. Sensitivity analyses show that if

institutions are excluded that conferred

fewer than 10 undergraduate public

health degrees in 2020, 265 of 392

institutions remain (data not shown).

It is not clear whether the differences

represent true, small programs or

reporting errors; these affect institution

totals but do not materially affect con-

ferral totals (these institutions repre-

sented 3.1% of conferrals in 2020).

Second, UGPHD majors are reported;

public health minors are not included,

thus excluding from our analysis a

potentially important indicator of inter-

est in and exposure to public health at

the undergraduate level. Third, ASPPH

member programs that report gradu-

ate outcomes use myriad approaches

in data collection. Some augment with

administrative data or publicly available

data (e.g., LinkedIn scraping). As such,

especially in early years of reporting,

there are relatively high proportions

of unknown employment sectors for

employed graduates.

Lastly, a final set of limitations relate

to College Scorecard debt data. NCES

censors institutions when there are

too few records either on salaries or

on debt to ensure confidentiality of

responses. As such, some institutions

are not represented in this data set.

Debt data include Parent Plus loans

and federal direct subsidized and

unsubsidized loans (Stafford loans), but

do not include Perkins loans.33 As such,

data may be limited with respect to

parental loan reporting around private-

backed loans, which are again becom-

ing more common in recent years.

Conclusions

Throughout the past 2 decades, there

have been calls for undergraduate pub-

lic health education to create a greater

population-based understanding for,

and higher value of, the field of public

health.6,17,34 Thoughtfully developed

undergraduate programs have pro-

vided, and will continue to provide, a

public health foundation to all profes-

sions, regardless of the graduate’s

immediate employment sector. Our

data show undergraduate public health

graduates have most often entered

either the health care or for-profit sec-

tors, and relatively less into governmen-

tal public health. The nation relies on

the vital roles that governmental public

health agencies provide, but a post–

COVID-19 world, one with a depleted

governmental public health work-

force,18,35 presents grand challenges to

protecting the public’s health. However,

our data show that the nation also has

more than 18000 undergraduate pub-

lic health graduates each year, which

highlights the potential role of under-

graduate education in addressing the

near-future governmental public health

gaps as well as an opportunity to recruit

a more diverse and representative

workforce.
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