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in Action: State Outbreak Response, New Forecasting Tools, and Practical
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Agenda

 Special Announcements
« Comparative Guide to Measles Analytic & Modeling Tools
» Nowcasting During a Measles Outbreak

« spatiAlert: A Shiny Application for Hotspot Analysis of Vaccination
Coverage

 Performance Improvement in Public Health: High Reliability
Principles



Logistics

Please enter any
questions in the chat for
the duration of the

meeting

If, during the discussion,
you would like to speak
you have the option to

raise your hand to do so
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Announcements

i%NE W: Peer Technical Assistance Requesti%

Seeking CoP members that may have experience responding to
measles outbreaks in Amish or Plain Communities.

« One of the CORI CoP members is looking to connect with other CoP members
that may have experience responding to measles outbreaks in Amish or
Plain Communities.

 Questions primarily focus on the best ways to communicate regarding vaccine
hesitancy and operational planning for vaccine clinics

« Email hfarriel @jh.edu and ssonejal@jh.edu if you would like to be connected
and offer insight.



mailto:hfarrie1@jh.edu
mailto:ssoneja1@jh.edu

Announcements

Recruiting partner enrollment for the Outbreak Response
Innovation Network (ORI-Net)!- Seeking New Partners

* ORI-Net aims to strengthen the evidence base for public health
outbreak response.

* Benefits include access to the latest modeling, analytic, and outbreak
response tools, opportunities to conduct cutting-edge research and
collaborate with peer health departments, travel to the annual
InsightNet conference, and much more!

* |f you would like to be part of the network and provide early feedback

on the initial partnership agreement, reach out! Slcj)%n;_llt\lgt]e
e Contact hfarriel@jh.edu or complete our interest form if you would Interest Form

like to learn more


mailto:hfarrie1@jh.edu

Announcements

2026 Summer Series comes to a close... but there is more to come!

e Future Sessions

* Fall-Spring expect ad hoc sessions on emerging topics or late-breaking
outbreaks

* Share your feedback!

* Contact Hfarriel@jh.edu to if you would like to present on any projects that
align with this topic of if you would like to recommend topics for future
sessions



mailto:Hfarrie1@jhu.edu

Comparative Guide to Measles Analytic
Tools
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Midwest Analytics and Disease Modeling Center
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Mission

e Ensure decision makers have the information and tools they need to make
informed policy decisions during public health emergencies




Motivation & Goals

e Challenge: “There is so much out there... and it's
complicated...where do | even start? What tools should | use?”

e Goal: To create a high-level guide to help people begin to
understand and access existing analytic tools for measles

e Target Audience: Primarily state & local public health

o Also: healthcare systems, academic research teams, and anyone new
to analytic tools related to measles




Walkthrough: Guide to Measles Analytic Tools

Comparative Guide to Measles Analytic & Modeling Tools

There are several tools available for understanding measles outbreaks, each with different features,
purposes, and audiences. This guide is intended to help public health officials understand the differences
among these tools to determine which tool(s) best fit their needs.

Types of Analytic Tools for Measles

Skill Level

Type of Tool General Description Main Purpose Required
Show real-time measles data like . .
Data ; .
case counts and vaccine rates in Tracking nz;br;:ksénr vaccine Low
Dashboards tables, figures, and/or maps vErag
Demonstrate basic scenarios (e.g., Estimating expected number of
Simulat outbreaks in low vs. high vaccination measles cases under basic Low -
muiators settings) in user-interactive tools or scenarios and simple settings moderate
websites (e.g., schools)
Advanced Complex infectious disease models Estimating expected number of
Models & or tools that use detailed data and messies cases whie Incorparating High
oS as:um liml'is uncertainty & complex factors, g
Other Tools P typically over a long time horizon

z.umn.edu/measles-tool-quide



http://z.umn.edu/measles-tool-guide
http://z.umn.edu/measles-tool-guide
http://z.umn.edu/measles-tool-guide
http://z.umn.edu/measles-tool-guide
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Collaborative Development Process

-

) 4

01. INITIATION

|dentify a topic based on =)

projects or needs

02. PREPARATION
Research & compile tools

) 4

03. DRAFTING

Write first draft and edit
within MADMC team

—

J -

04. TECHNICAL REVIEW

Request feedback from analytic experts
(CDC, Insight Net) on technical content

) 4

e

S

06. DISSEMINATION

Finalize the guide and share with
partners

05. STLT PARTNER FEEDBACK

Request feedback from public health
partners on content, usefulness, etc.

p
07. MAINTENANCE
Maintain the guide: review and update

=

L annually




Design Considerations
e Aim to be brief and approachable for new users

e Start with an overview: What and how it can be used in practice

Approach General Description Main Purpose
Forecastin Predict health outcomes for the near future Inform public health and health care
Models € (e.g., 1to 4 weeks) based on available and |situational awareness, planning, messaging,
historical data and/or operational decision-making
Scenario Predict health outcomes further into the | Inform policy-level decisions and assist with
Models future (e.g., months to years) under various broader planning and preparedness
hypothetical “what-if” situations strategies for upcoming respiratory seasons
Nowcastin Predict current (e.g., today or this week) Inform day-to-day situational awareness
Models 6 health outcomes using available but and/or operational decision-making and
incomplete or lagged data minimize the impact of reporting delays

More detalled Inftormation on each dpproachn

(¢}

(¢}

Provide links to tools, data sources, and other resources

Highlight key features of each and how they differ




Challenges

Content

e What s the right technical level and type of information?
e Should all tools be included or only a recommended few?
Design

e Fitting content onto 1-3 pages & level of detail to include

Evaluation & Impact

e How to track reach, usefulness, and impact of resources like this?




Guide to Flu Modeling Tools

Comparative Guide to Seasonal Influenza Modeling Tools

There are several modeling approaches and tools available to support planning and responding to

seasonal influenza (flu). This guide is intended to help public health professionals understand the

differences among these modeling approaches and to determine which tool(s) best fit their needs.

Approach General Description Main Purpose
. Predict health outcomes for the near future Inform public health and health care
Forecasting . . . . .
(e.g., 1to 4 weeks) based on available and |situational awareness, planning, messaging,
Models L i . )
historical data and/or operational decision-making
. Predict health outcomes further into the | Inform policy-level decisions and assist with
Scenario . .
Models future (e.g., months to years) under various broader planning and preparedness
hypothetical “what-if” situations strategies for upcoming respiratory seasons
Nowcasti Predict current (e.g., today or this week) Inform day-to-day situational awareness
Models ng health outcomes using available but and/or operational decision-making and

incomplete or lagged data

minimize the impact of reporting delays

z.umn.edu/flu-model-guide
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Links to Comparative Guides

Contact z.umn.edu/ z.umn.edu/
|nf0 'm ation - measles-tool-guide flu-model-guide

Margo Wheatley @ jaco2580@umn.edu
MADMC | madmc@umn.edu
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Nowcasting During a Measles Outbreak
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What is nowcasting?

Access to accurate data in real-time facilitates rapid, evidence-based
decision-making. However, disease surveillance systems are subject to

delays. Nowcasting is an approach to account for reporting delays to
produce more accurate estimates of real-time data.



Agenda

* Nowcasting as a tool for real-time monitoring of measles outbreaks
* Nowcasting during 2025-2026 measles outbreak in South Carolina
e Summary and GitHub repository tour



Nowcasting as a tool for real-time
monitoring of measles outbreaks



Disease surveillance data supports real time monitoring
and epidemiological analysis, but are subject to limitations

Real-time monitoring Epidemiological assessment

Focus is on timeliness Focus is on data quality and detail

 What is the burden of severe disease * Who is most at risk from severe disease?
in my area right now?  How fast do people progress through

» |s the epidemic increasing, decreasing, infection

or not changing? * What treatments or interventions are

effective?
 What changes should | expect in the

£ 5 * Has disease severity changed?
near future:

Reporting delays and data revision are inevitable. Nowcasting and
other modeling tools can support real-time situational awareness.



Reporting lags can make real-time data appear misleadingly
low

ED visits

_T
alllll

Date of ED visit

First data batch

Date of ED visit

Second data batch

Date of ED visit

Third data batch




Nowcasts adjust for delays to estimate current burden

What are they? Nowecasts estimate current disease burden

Why are they Nowcasts adjust for delays, such as in disease reporting, to improve
useful? situational awareness

Example inputs Surveillance data, disease reporting delays

 Nowecasts are most accurate for signals with stable, predictable reporting delays.
 Reporting delays often are less stable and predictable early in a novel outbreak, when
data collection systems are still being established. This poses challenges

for nowcasting.



Nowcasts adjust for delays to estimate current burden

Reported Emergency Department Visits for COVID-19, New Mexico

Comparing two report dates: 100 . |
* Recent days show what S 'S
appears to be a decline,dueto £ A
reporting delay 5 N L
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Richard et al. 2024, http://dx.doi.org/10.15585/mmwr.mm7346a3
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Nowcasts adjust for delays to estimate current burden

Comparing two report dates:

 Recent days show what
appears to be a decline, due to
reporting delay

* |t takes several weeks for full
backfill to be completed

A nowcast can correct the
reporting delay to estimate
current counts

Reported Emergency Department Visits for COVID-19, New Mexico
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Nowcasting allows real-time estimation of R,

R, <1 = each infectious person transmits to less than one other person
R, >1 -> each infectious person transmits to more than one other person

R, =1 -> each infectious person transmits to approximately one other person

f

 pa—




Nowcasting allows real-time estimation of R,

R, <1 = each infectious person transmits to less than one other person
R, >1 -> each infectious person transmits to more than one other person
R, =1 -> each infectious person transmits to approximately one other person

Epidemic trend category reflects the probability that R, >1

Epidemic Trends Probability R, > 1

’ Rt @ Growing >90%

® Likely Growing  >75% to <90%

Transmission Risk
' T ] ] Not Changing  >25% to <75%

Ri<1 Ri=1 Ri>1

Epidemic Epidemic Epidemic . leely DEC"ning leCVo to 3250/0
R Shrinking Stable Growing
’ @ |:| N, 7 |:| @ Declining <10%
5 ol

Not Estimated




By correcting for reporting delays, nowcasts allow us to
estimate number of cases and trends in R, before final data
are available

Predicted final
(nowcast, forecast)

Real-time data Rt

Cases (training)

Date

Rash onset date




With enough time, nowcasts can be evaluated against the

final data

Used weighted interval score (WIS) and
prediction interval coverage

[ )
WIS can be decomposed into penalties
for overprediction, underprediction,
dispersion
For WIS, lower is better
For prediction interval coverage, best to Date of ED visit

be close to the prediction interval used.
E.g. 50% of values within 50% prediction
interval

Final data

Predicted final
(nowcast, forecast)

Real-time data
(training)




Nowcasting during 2025-2026 measles
outbreak in South Carolina



Large measles outbreaks are increasingly common in
communities with low vaccination rates in the U.S.

350 measles cases
300
250
200
150
100
50

0 e O e O e e O e _ — —
Mov. 2024 Apr. 2025 Aug. Jan. 2026 Jun.

Week of rash onset

 As oflJune 25, 2026, 2,134 confirmed measles cases were reported in the United States
in 2026.

 There have been 30 new outbreaks reported in 2026, and 93% of confirmed cases
(1,982 of 2,134) are outbreak-associated.

e Between 2015 and 2024, the mean number of annual measles cases was 258.



In 2025/2026, South Carolina experienced a large measles
outbreak

Measles Cases, by Confirmation Week Measles Cases, by County

Number of confirmed cases
1000

200

100

Number of Confirmed Cases
ning Total of Confirmed Cases

Run

500

Nov 2025 Jan 2026 Mar 2026
Week of Confirmation Date



https://dph.sc.gov/diseases-conditions/infectious-diseases/measles-rubeola/measles-dashboard
https://dph.sc.gov/diseases-conditions/infectious-diseases/measles-rubeola/measles-dashboard

As expected, preliminary data appear to show declines in case
counts. Nowcasts correct for this limitation to estimate more

accurate real-time case counts.
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A renewal model was used to jointly nowcast infections
and estimate R,

« Used EpiNow2 R package which jointly estimates infections and R,

 Assumes that new infections will occur at rates determined by incubation
period and generation interval

 Assumes ascertainment doesn’t change over time (reports sampled from
negative binomial observation model of infections)

* Changes in R, modeled with a daily random walk, allowing for rapid
changes in behavior to be captured with the model




A renewal model was used to jointly nowcast infections
and estimate R,

ent Veg
bsewed eV Vent
uno \‘ Incubation perio_c.! / Reporting delay
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Person 1 ﬁ » Time
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Nowcasts outperformed provisional cumulative case counts

2026-02-06

Solid black line: cumulative 900
case counts based on final
reported data (3/17)

800 1

Solid colored line:
cumulative case counts
based on provisional data
available at the time of
nowcasting 500
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with fash onset
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o
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& ¥ N3 &

Date of rash onset




Nowcasts outperformed provisional cumulative case counts

2026-02-06
1000 4

Dashed colored line
,— - [~ and shaded area:

nowcast

(median cumulative

predicted cases + 50%
predictive interval)

Solid black line: cumulative
case counts based on final
reported data (3/17)

800 1

Solid colored line:
cumulative case counts
based on provisional data
available at the time of
nowcasting

Cumulative measles cases
withjrash onset
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Nowcasts outperformed provisional case counts, but
underestimated during high growth period

Nowcasts compared to preliminary data and final data

2026-01-16 2026-02-06

1000

Vintage Date

— 2026-01-16
— 2026-02-06

750 -

Data type

o))
o
o

— Final observed

Cumulative measles cases
with rash onset

- - Nowcasted
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Date of rash onset




Nowcasts performed well, but underestimated during high growth
period

Nowcast: Current case Coverage of wis
Reported cases estimated count with rash 90% prediction
Line list (LL) in LL with rash case count as of LL onset interval for daily Under- Over-
date onset* date (3/17 LL) incidence Overall prediction prediction Dispersion
12/23 153 168 (149-189) 185 100% 1.206 0.371 0.157 0.677
11.606 9.736 0.043 1.827
1/13 383 432 (389-477) 611 57.1%
2/10 905 939 (882 - 1003) 945 100% 1.159 0.229 0.214 0.716
2/17 936 962 (902 - 1022) 975 92.9% 1019 0.286 0.2 0.533
[0)
2/24 960 989 (932 - 1054) 966 100% 1.101 0.114 0.386 0.601
100%
3/10 981 984 (925 -1048) 985 0.244 0.057 0.014 0.173

*Number of cases in each line list that had non-missing rash onset date, were linked to current outbreak, and had rash onset date in September 2025 or after



Epidemic trend assessments from nowcasted data were
accurate through the peak
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Epidemic trend assessments from nowcasted data were
accurate through the peak, but were slow to detect a decline

Confirmed Cases

Rash Onset Date

Likely increasing I |ncreasing
Likely decreasing mmm Decreasing

I Cases w/o missing rash onset date as of 3/17/26 === |nitial Nowcast Date: 12/19/25




Automated reports helped streamline updates

Key components included: South Carolina Measles Nowcasting Report

Date of line list data: 2026-02-06

) Outbreak Status Summary

 Banner with key metrics

Models suggest the outbreak in South Carolina is Likely decreasing (R=0.25 (0.053 - 1.1)) and has dropped

from the peak in late December (R=4.8 (2.7-8.8)). The model estimates 2 (0 - 14) new infections per day.

® Ti m e S e ri e S Of ra S h O n S ets When reporting is complete, we expect there will be 240 cumulative cases with rash onset dates through

2026-02-06. Models do not yet account for cases with missing rash onset dates.

Measles cases by rash onset date

South Carolina Measles Cases by Rash Onset Date

_‘ Analysis as of 2026-02.08
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Cases by rash onset date. Cases with missing rash onset are not included in this analysis.




Automated reports helped streamline updates

Cases by rash onset date. Cases with missing rash onset are not included in this analysis.

Key com po nents i n Cl.u ded . Nowecasted cases and R; estimates

Model description

We use the R package EpiMow? to estimate the time-varying effective reproduction number ( R,) and nowcast infections from
reported cases, adjusting for reporting delays. Reporting delays are calculated based on the distribution of days from rash onset
toevent {report) date. We fit 2 nonparametric distribution to these delays and then assume a generation interval and incubation
period based onvalues from the literature. Specifically we use gamma distributions for the generation interval with 2 mode of
11.7 days and incubation period with a mode of 10 days. The model assumes 70% case ascertainment to calculate infections
from reported cases but estimates of R, are not sensitive to assumed values of case ascertainment (infections are simply scaled

[ ] based on case ascertainment). R, estimates are sampled from a daily random wzlk process.
Model fit
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Automated reports helped streamline updates

Model validation

Cumulative cases

Key components included:

Mowcasts (dashed) with 50% range vs vintaged data (color) and most recent data (black)
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Automated reports helped streamline updates

Key components included:

 Summaries of data quality

Data quality
Negative reporting delays

Delays between rash onset and report date, South Carclina
Analysis as of 2026-02-06
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Count

Cases with missing rash onset date

Count of reports with rash onset missing by date of report
60

* Model configuration details for
reproducibility
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Event date

Percentage of cases with missing rash onset date by event date. For this analysis, we exclude cases with missing rash
onset date as this is required input for nowcasting models.




Perspectives from collaborators



Summary

 Nowcasting improved real-time situational awareness during an active
measles outbreak response.

e Stability and completeness of reporting determined accuracy
- Nowcasts were highly accurate when reporting delays were consistent and
rash-onset data were complete.

- Accuracy dropped temporarily in January when case counts surged and
provisional data were less complete but still outperformed provisional

counts alone.




Want to stay connected with CFA?

Subscribe to our quarterly
newsletter, the Forecast Broadcast, for

forecasting and modeling updates.




Questions / Discussion

contact.cfa@cdc.gov

For more information, contact CDC
1-800-CDC-INFO (232-4636)
TTY: 1-888-232-6348 www.cdc.gov

The findings and conclusions in this report are those of the authors and do not necessarily represent the official position
of the Centers for Disease Control and Prevention.




spatiAlert: A Shiny Application for
Hotspot Analysis of Vaccination

Coverage




DMA-PRIME | SOUTH CAROLINA

spatiAlert

A Shiny Application for Hotspot Analysis of Vaccination Coverage

Emily Serman, Ph.D e Brian Witrick, Ph.D e Lior Rennert, Ph.D

eserman@clemson.edu
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South Carolina Measle Outbreak 2025-26

Total Cases

997

Measles Cases, by Confirmation Week Measles Cases, by County
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South Carolina Measle Outbreak 2025-26

Measles Cases, by Vaccination Status

932

Unvaccinated

93.5% of cases
were unvaccinated

25 21 19
| | I
Fully Partially Unknown
Vaccinated Vaccinated

Measles Cases, by Age Group

253

460

90.2% of cases
were in children
<18
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Vaccination Rates & Exposure Status in Upstate Schools

Triangles indicate schools with exposures as of February 13, 2026

35.0°N

34.5°N

34.0°N

Data: SC DPH 45-Day Report of Schools
with Required Immunization Certification,
2025-2026 School Year

Authors: DMA-PRIME & CPHMR
Clemson University

Vaccination Rate
<85%

85-89.9%
90-94.9%

>95%

®@ O 0 o

Exposure Status

O Not Exposed
A Exposed

83.0°W 82.5°W 82.0°W 81.5°W
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Getis-Ord Gi* Hotspot Analysis

A local spatial statistic for detecting statistically significant clusters of undervaccination

What It Identifies
Flags census tracts where the number of
undervaccinated students is statistically
significantly higher than would be expected
compared to the rest of the state

55%

of the state's hotspot tracts (69 of 126 hotspot
tracts) are in the Upstate. With the largest
concentration in Spartanburg County (35
hotspot tracts)

. Undervaccination Hotspot Tract
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Published in NEJM: A Spatial Link Between Hotspots and Exposure

Undervaccination Hotspots & Measles-Exposed Schools, Upstate South Carolina (2025-26)

CURRENT ISSUE SPECIALTIES v TOPICS

@ me NEW ENGLAND
7% JOURNAL of MEDICINE

CORRESPONDENCE f X in @B W

Clusters of Concern — Spatial Link between
Childhood Undervaccination and Measles Outbreaks

. Undervaccination Hotspot Tract

O Measles-Exposed School

Reported Measles Cases by County

in South Carolina (Counties in category)

Published May 20, 2026 | N Engl | Med 2026;394:2479-2481 | DOI: 10.1056 /NE|Mc2604004 | VOL. 394 NO. 24
Copyright © 2026

0
1-9 (Anderson, Pickens,
Cherokee, Lancaster, Sumter)

10-39 (Greenville)

Read the full paper: nejm.org/doi/full/10.1056/NEJMc2604004

29 of 30

publicly reported measles-exposed schools
were located in or neighbored an undervaccination
hotspot census tract (96.7%)

. 940 (Spartanburg)

TAKEAWAY
Identified hotspot census tracts lined up with

where exposures actually happened — turning a
sprawling problem into a short, targeted list of
areas for intervention.
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What’s inside spatiAlert

GitHub: https://github.com/DMA-PRIME/spatiAlert

Getting Started Guide R Script App Code Folder

Step-by-step instructions for setting A single script that launches the app All the code that powers spatiAlert,
up and running the app — no coding required ready to run as-is

Runs entirely on your machine

Download and run spatiAlert locally — your data is never uploaded to an external server
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App Demo

spatiAlert



Performance Improvement in Public
Health







The Center for Outbreak Response Innovation is supported through Cooperative
Agreement NU38FTO00004 between CDC's Center for Forecasting and Outbreak
Analytics and Johns Hopkins University's Bloomberg School of Public Health.

Performance Improvement
In Public Health

Part 2: High Reliability Principles — Reluctance to
Simplify through Systematic Learning

A Community of Practice mini-series (cont.)

Fatima Ameaka, PharmD, MPH -
Senior Analyst, COR/



What does it take to make
outhreak response

more effective and
efficient?




Study Framework

Leadership
commitment

* The Russian Doll
Framework HRO

principles




Study Framework

* The Russian Doll
Framework nc

principles

1. System-
5. Deference to Level

expertise Perspective

4. Commitment to
Resilience

2. Reluctance to
Simplify

3. Sensitivity to
Operations



Study Framework

 The Russian Doll
Framework Continuous improvement,

Systematic learning,
Operational discipline,
Risk communication

Organizational Change management

capacities

Public
Health
adaptation



Principle: Reluctance to Simplify

HRO Public Health Example

* Resist easy explanations Measles outbreaks require

. Look beyond surface causes understanding:

» Seek multiple perspectives * Vaccination coverage

- Respect system complexity Geographic clustering

Reporting patterns

Community characteristics

Health system factors

No single dashboard or model tells the



Principle: Sensitivity to Operations

HRO SpartiAlert Example

 Maintain awareness of Measles outbreaks require
frontline realities understanding:

« Detect weak signals early « Vaccination coverage

 Monitor operations
continuously

Geographic clustering

Reporting patterns
« Pay attention to what is
happening now

Community characteristics

Health system factors

Transforms data into operational a



Organizational Capacity: Systematic Learning

HRO Today’s Examples
« Comparative modeling guide
Instead - * Multiple analytic approaches
of Asking * Cross-jurisdictional learning
» Which « Which * Use of hotspot analysis
tool is tool
best?" supports
this
decision?
\ J \ J

Complex outbreaks require multiple anal



Applications to Today’s Sessions

Comparative Guide to spatiAlert Hotspot .
Measles Analytic Tools Analysis Nowecasting

. Comparing tools, not . Looking beyond state Nowcasting helps
defaulting to one averages restore situational

. Matching methods to . Identifying localized awareness when:
specific questions vulnerability . Reports are

. Understanding . Understanding that delayed
strengths and risk is not evenly . Outbreak
limitations distributed conditions are

changing

. Decision-makers
need information
today




Opportunities for Public Health

* Shared evaluation of analytic tools
* Cross-jurisdictional learning

* Learning from routine surveillance, not only outbreaks, through Routine
operational reviews

* Decision vs. information-focused dashboards
* Surveillance performance metrics
* 7-1-7 outbreak response performance improvement




HRO Capacities at Each 7-1-7 Phase

7-1-7 Interval HRO Principle Organizational Capacity | What it looks like in
Practice
Detect within 7 Days Sensitivity to Operations Systematic learning/ Hotspot analysis and
Operational Dscipline monitoring clusters of
(Understanding the system concern
currently) .
(Spartialert

Notify within 1 day




HRO Capacities at Each 7-1-7 Phase

7-1-7 Interval HRO Principle Organizational Capacity | What it looks like in
Practice

Respond within 7 Days Reluctance to Simplify Systematic learning Nowcasting for situational

awareness,
(Understanding the system

correctly.) Choosing the right tools *

Long-term response &
Preparedness




Key Message

Learn more

Learning +Measurement+Action High reliability = Having More
= performance improvement Data
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Lessons Learned & Best Practices
Study Report

Johns Hopkins Center for Outbreak Response Innovation H I G H
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Learn more




Contact:
Fatima Ameaka
fameakal@jh.edu

Thanks to:

Denise Cardo

lvy Marilyn Acquaye
Sarah Firestone
Dani Kilani

Caitlin Rivers

cori.centerforhealthsecurity.org/

If you are a member
of

have
worked with .
or are interested in
measuring an
improvement project
through Orinet, we
would love to talk to
you!




Thank you.

Sign up here for
updates and

: ?;'SEIS from cori.centerforhealthsecurity.org/
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