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Recording Reminder

This session will be recorded for
educational purposes and made
available following the meeting via
email to participants and on our new
CoP website

Access our
Community of
Practice website
here.




CORI Community of Practice November Special Session: Trends and Tools
for the 2025-2026 Respiratory Season

A Collaborative Partnership between the Center for Outbreak Response Innovation
(CORI), State and Local Health Departments, and InsightNet
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Presenters
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Logistics

* Please enter any question 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

* This session will be recorded for educational
purposes and made available following the

meeting via email to participants and on our
CoP website

Provide feedback on the session



A National Lens on Respiratory
Iliness Trends




A National Lens on Respiratory Illlness Activity

The Center for Outbreak Response Innovation is
[ / supported through Cooperative Agreement
Sarah GI//OI’)I, MPH NU38FT000004 between CDC'’s Center for
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State of Respiratory lliness Surveillance

CDC Reporting



Federal Shutdown Impact on CDC Surveillance

A\ Critical Surveillance Systems Offline

As of October 1%, the federal shutdown suspended CDC’s disease monitoring systems and products:
NSSP, NREVSS, Respiratory lliness Activity Levels and Data Channel, FluView, Respiratory Disease Season Outlook, etc.

> Key Impacts v/ CORI's Response
* Lack of unified national-level respiratory illness  Continuing to share updates via partnership with
situational awareness local TV stations
 Lost benchmarking of local vs national trends » CoP Special Session
* Reduces visibility into regional spread * Building interim national surveillance from state
and seasonal timing data sources

* Increased uncertainty for planning



Alternative Data Sources

State and local health department surveillance
o Limitations: data reporting and availability varies, impacting comparability

o Round-up available at Force of Infection (FOI), which provides national and state-level overview of respiratory illness
activity looking at available indicators. COI: run by CORI's Caitlin Rivers

» Epic Cosmos Respiratory Iliness Tracker: Uses EHR to track state-level emergency department
visits

« POPhive: Uses multiple data sources to visualize current respiratory iliness trends

- Walgreens Respiratory Index Map: Maps state-level ARI scores, COVID activity, and flu activity

* Delphi Epi Data: Repository of multiple data respiratory illness indicators

» Biobot Analytics or WastewaterSCAN's Wastewater Surveillance Network: Shares
national and regional wastewater trends



What Health Departments Can Do to Keep Surveillance Strong

- = Create public-facing dashboard
— Establish Data Sharing jeate prbicTiacing Gasinoales
aaat Publish in downloadable or machine-readable formats
- I nfl'a Stl"u Ctu I'e Implement APls

Report common, standardized metrics publicly

I Include metadata (reporting period, sources,
Define Data Standards darnitions, caveats) |

Document limitations and lag times transparently

[ur

Maintain consistent reporting schedule (weekly)

U pdate Freq uency Communicate schedule and data availability clearly

Include historical data for trend analysis



Respiratory Disease Outlook and National Overview

2025-2026 Respiratory Disease Season Outlook



2025-2026 Respiratory Disease Season Outlook

Projections for this season to inform public health Upcoming 2025-26 combined respiratory disease peak hospitalization rates will likely be
preparedness and decision-making et Yoo

Combined peak hospitalization rates of COVID-19, influenza, and RSV

2022-23 We expect that the
season 2023-24 combined peak
=0 season hospitalization rate

will be similar (within
20%) to that of last
season’s peak

Overall Season

2024-25

season

Peak combined hospitalization rate
likely similar to last season

rate (per 100,000)

Factors that could influence a higher peak:
o COVID-19 summer activity

o COVID-19 variant with high immune-escape
properties or more severe sl oct Jan Apr sl

More severe influenza s e predominance
e ) u a Ubtyp _p do 2 Based on expert opinion (expertelicitation), historical data, and scenario modeling.
Lower vaccine uptake or effectiveness Accounts for COVID-19 summer activity, influenza past season activity, uptake and
effectiveness of vaccinations, new RSV products, uncertainty in concurrent/discordant timing.

Weekly combined respiratory disease hospitalization

Source: 2025-2026 CDC Respiratory Disease Outlook



COVID Outlook

» Peak hospitalization rate
likely similar to or higher
than last season

oFirst peak in late August/Sept - o
(lower than 2024) B

oSecond peak projected in
oHig her if there's an emergence U M R M SR NE MR Ak SR A3 M M3 M
of a variant with moderate
immune-escape properties (like
last resp. season)

Source: 2025-2026 CDC Respiratory Disease Outlook

Possible scenarios for weekly COVID-19 hospitalizations for 2025-2026 respiratory season

Scenario B - November introduction of moderate variant
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Weekly COVID-19 hospitaliz
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Flu Outlook

Last Season's Weekly Flu-Associated
Hospitalizations

« Season severity based on )
peak week hospitalization
burden likely classified as
moderate

oSevere seasons are less
common than moderate :
seasons and have not :
occurred back-to-back in z
recent years (2024-2025 was :
a severe season) T d Date of Week

Source: 2025-2026 CDC Respiratory Disease Outlook, RESP-Net



RSV OUtIOO k Last Season's Weekly RSV-Associated

Hospitalizations
4%

 Peak hospitalization
burden likely similar
to that of last season

oReduction in RSV
hospitalizations since new
RSV immunization products
for infants and older adults
available became available O e e ey it s N
in2023

Source: 2025-2026 CDC Respiratory Disease Outlook, RESP-Net
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National Overview

Respiratory lllness Activity Levels

nsufficient or Unavailable @ Low @Very Low

« COVID-19: Low activity following late
Grayscale (Ligh summer wave (<1% of ED visits).
+ Expected to rise as winter approaches,
- but starting from a low baseline.

. « Influenza: Low nationwide (1-2% of

¢ outpatient/ED visits) with early upticks in
young children. Additional increases
expected in coming weeks.

« RSV: Most active virus currently. Clear

o increases in children under 5 across
multiple regions. Minimal activity in adults
and general population.

NORTH AMERICA

SOUTH AMERICA

B™ Microsoft Azure ©2025 TomTom Feedback

Source: Force of Infection, State Health Department Websites, CORI




Situational Update Tools

Coming Soon: Respiratory Iliness Dashboard and Risk
Assessment



'
Respiratory lllness Dashboard oming Soon

CORI is launching an interactive dashboard to meet growing

demand for national data, complementing state health
reportina.

I Visualizes respiratory illness activity
® N
A&,

levels and displays % of emergency
w CORI Respiratory Iliness Update: COVID, Flu, RSV department visits
Respiratory lllness Activity Levels

US Respiratory Illness Activity Levels
Insufficient or U OVERALL
® nsufficient or Unavailable @ Low @Very Low sufeEnter U

14%
Grayscale (Lignt) Lo 48% Overall, respiratory illness
+ activity is very low to low
_ very Low 36% across US States.
FLU . .
% of Emergency Depariment (ED) Viits N Updates weekly, serving public health
- State COVID Flu RSV Week End EL ..o .
o || | Aboma 021 023 021 ommees ® Rsv practitioners, healthcare providers,
L~ NORTH AMERICA -
CORI Activity Levels & Force of Infection Report a nd the p u bllc
State Overall CoVID Flu RSV Overview .
Pacific Ocean T e N Activity  Activity  Activity Activity

Alabama  Low Low Low Very low Overall activity is low. COVID-19
Y continues to decline (0.21% ED,
down from 0.28%). Flu steady at
0.23% ED. RSV increasing to 0.21%
ED from 0.15%.

Alata low low  Verylow Veylow COVE19ionandasble (%D, | | ‘3 Promotes national awareness of
SOUTH AMERICA cases low/stable. IL rising to 1.8% W AT o . o o
P S — D L [ —— ® respiratory illness activity and supports

Data Sources: Force of Infection, State Health Department Websites

}.{ informed decision-making and response
efforts




Data Collection

Data Sources: State Health Department Websites

* Reviews respiratory illness data across all 50 states and DC

» Uses publicly available state and territorial health department resources

Mixed Quantitative and Qualitative Assessment
» Evaluates activity levels for COVID-19, influenza, and RSV by state
» Quantitative indicators include, but are not limited to, ED visits, hospitalizations, case counts, test positivity, wastewater surveillance

* Qualitative reviews consider factors such as directions of recent trends, rate of increase or decline, and comparison to historical baselines.

CORI Activity Level Assignment
» Assigns disease-specific and overall activity levels per jurisdiction
» Uses data trends and expert interpretation holistically

» Generally, reflects highest activity level among indicators

Limitations

* Data reporting varies by state (frequency, baselines, definitions)

* Incomplete data requires estimation and expert judgment

» Confidence decreases with limited or inconsistent data




Respiratory lliness Risk Assessment

Risk to
. . . infants, Risk to Risk to
. _c(f)RI prociIDLll_ceﬁ sclalqwarlo-based r|§cIr<1 asstessments to &E@ﬁ%‘éﬁ, unvaccinate ~healthcare
INTOrmM pubIIC NEa response as threats emerge.
Scenario1-
- Key Fegtures | | | e
 QOutlines multiple plausible outbreak scenarios hess Actvity”  Moderate  yy LoW- Lo
 Risk levels for key populations
- Confidence levels ?gt_éﬂ,;ﬁé?é" Respi  MOYSEC Moderate gt
 Actionable, scenario-specific recommendations Scenario 4-
« Reviewed weekly y tness Actity Mogee  Moderate
%Icenarios—
] ik Respi - Moderate-  Moderate-
« These products help STLTs take early, informed ‘.ﬂ‘ﬁ'és'i":&i’fi‘;” Tigh  Hign

action—even when data is limited or evolving

Risk to
the US
general
public

Low

Low

Low-
Moderate

Moderate

Moderate

Please note: We are evaluating the risks to human health should each scenario
occur, not the relative risk of any one scenario occurring. This risk assessment will be

updated regularly.



Thank you!

Sarah Gillani
Sgillan2@jh.edu

Oluremilekun Oyefolu

ooyefoll @jh.edu

Partner Interest

cori.centerforhealthsecurity.org/
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Local forecasting for respiratory
Illness prediction and resource

allocation




Local forecasting and
analytics tools for
respiratory illness
prediction and
resource allocation

Marisa Eisenberg
November 7, 2025




MICOM: Michigan Public Health Integrated Center for
outbreak Analytics and Modeling

« Partnership between the University of Michigan and Michigan
Department of Health and Human Services (MDHHS)

 Building on collaborations since 2016 and through the pandemic

« Work to develop modeling tools and data analytic pipelines,
integrated into operational workflows and decision-making

Build tools that will directly benefit public health—both

in emergencies, and in addressing ongoing critical
infectious disease threats




What we do: analytics and modeling

Evaluate uncertainty

Social distancing begins easing on 5/1 (range of cutcomes)
Social distancing continues indefinitely (range of outcomes)

I Incidence within realm of possibilities for both parameters

Projections used to inform planning: Statewide total
Projected daily new lab confirmed and probable cases, #

All Regions
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What we do: tools and
dashboards

MI Safe Start Map

Track the rak levels of COVID 19 indcators

MI LIGHTHOUSE

CHANCGE RISK LEVEL FRAMEWORS:
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Keep your workplace and community safe

v CDC Community Level Metrics

> Healthcare

LOCAL

Health department: Some pockets of
Northern Michigan still lag in
vaccination rates

Steve Foley
The Petoskey News-Review
Published 3:00 p.m, ET July 20, 2021
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This map and key from the University of Michigan's Lighthouse COVID-19 data map indicate the COVID-19 vaccination
rate by zip code for residents 16 and older within the Health Department of Northwest Michigan's four-county jurisdiction.
Courtesy Graphic/Health Department Of Northwest Michigan



What we do: qualitative and user research

Regular rounds of qualitative research with local
health departments, school administrators, dairy

© O and farm workers, and other groups
o
Understand challenges, data needs, evaluate

o impact of models & tools
o

(o D tm i e e mo | smdm

00 o

Co (o) S

000 O

School administrator interviews



Current respiratory forecasting work

Icons by Freepik

Goal

Build forecasting models for flu
and COVID hospitalizations
and influenza-like illiness (ILI)

Resource considerations

Under-resourced health
systems/hospitals are often
hardest hit by capacity
issues. A warning for large
respiratory illness increases
can enable resources to be
provided beforehand

Why?

Enable planning and
resource dllocation (e.g.
by hospitals/health
systems)

If successful

Will provide an early
warning system—mproved
preparedness leading to
less hospital strain and
better outcomes



Challenges:
Data

Data availability (timeliness, existence at
appropriate granularity)

Examples: google symptoms,
hospitalization reporting changes recent
data availability issues

Understanding model/data assumptions -
model is only as good as the data used to
generate it



Challenges:
Decision-maker
needs

Short horizon windows limit the
applicability of forecasting for decision-
making

- E.g. hiring surge staff and resource
allocation decisions often have to
happen more than 4 weeks out

- Need something sort of in between the
usual forecasting window and a full on
scenario model

Local data is needed for local decisions

- For example, statewide patterns in
Michigan hos_Eltallzatlons mostly just
reflect Detroit! Not so helpful if you're
in Traverse City or the UP



Small populations: many 0’s, highly
stochastic
Local

.fore.castmg Some counties in rural areas have no
brings its own | hospitals
challenges

Hospital catchment areas cross counties




Forecasting from local to nation

Ontonagen | parage

Focus on preparedness regions at first=="

Influenza-like illness (ILI), influenza
hospitalizations, COVID
hospitalizations

National and state level models as
well—contribute to CDC hubs

DIS_MAP - last updated 9/26/2023




Hybrid models blending machine learning and
mechanistic models

Several different approaches models—comparisons, ensembling

SGNN Framework

f \ / \ / A neural network is trained to learn Iatenm
i ' mechanistic patterns from synthetic data |
Observation

© -

Generate Mechanism._| - Effects o

o || synthetic o : : S

T || data o l 7]

© 2 , O

E 3gr055 Mechanism —_ E Simulations ——»  Labeling s ﬂ - E

iverse e ©

" — e

) || models E Simulate real-world -

and .y || observational effects Dsyn = {(2i, %)} %
settings ~ Mechanism such as noise, bias, and

& / @ingness / / \ |

Joint work with Carson Dudley, Reiden Magdaleno, Chris Harding
https://github.com/carsondudley1/SGNNs



https://github.com/carsondudley1/SGNNs

Performance for COVID-19 deaths at the state level
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Local forecasting influenza for last season - SE
Michigan

Note: hospitalization data is normalized to maximum value
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Central & thumb regions
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Northern MI/UP "
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Improvement Over Baseline (%)

Flu Hospitalization Forecasting (Michigan Regions)
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Current work: 2

Developing a n inte rnal Forecasting - Influenza Hospitalizations, Michigan Regions
dashboard for local i i
forecasting cromevemyomerue |
2041200 | w0 | 2scer 3 ,,.""._\_ N

Developing dashboards and ki “‘g ‘\\_
reporting systems for local and o | £ ‘N&
state health departments .
Starting this respiratory -
season,but very much in
beta/testing! : ! *
Results shared with MDHHS
partners, including regional st
epidemiologists i 202%-0*-1% 202#-01-2'7 2025'»02-0-3

go-n | B Jo-s




Lessons learned so far

These models are data hungry, get your pipelines and DUA sorted out
early!

Working with MDHHS avoids federal data issues

Infrastructure for automatically running multiple models from multiple
groups, organizing data pipelines to reporting/dashboards/etc. is
harder than it seems, even if you're used to doing this type of thing!
Everyone has to commit to make it work. (Also consider partnering
with experienced groups e.g. Metrocast Hub)




Concentration Normalzed by PMMaY

Hosptalzaton Rale

Models, analytics, and tools for wastewater

RSV Concantration Normalaed by PMMoV
Ao Arbor, Ypddars| Wastewater Calchmont Aros

RSV in
wastewater

‘ Adenovirus
Hepatitis A

N
Influenza = lin
i F - t,.‘f‘fff' ——
Mpox N A /’ —
P = IR

Norovirus

3 \
Fénton~l N\,

Rotavirus

/. QA& 2
ot oM L . - Tyrone Townahip ST ‘\.\
. ~ v v S . v . v v ] ot - v.:&-mo Township ,/'
e Aoy 3 : T ‘ “ ™ ‘ B RSV | ‘ i:a‘:c :tl, } Rochestde \ f
SN Hartland Townships Lo ~ ""\ Jo ity
! { ~L ot £
S - Lumst of Quarfication ShHowel \ Ny [ |
i ¥ B { West Bloomfield Sterling Heights' |
- T — SARS'COV"z Genoa Towniship Township \ Zieried ‘9 /P
! y
i Wheom o 0 iy
740 | T Farmington. Berkley [ -
Ann Arbor SOLID average weekly samples since 2024-02-01 = 3.2 /S ‘ Hamburg e (gt i A Waorren—|
” 3 \ \ — \ | £
Ypsilanti SOUID average wookly samples since 2024-02-01 = 3.1 il Jomae. e N e

/
[Michigan] Hospitalization Rate by Woek JaCkson

COC - Respieatry Syrcysal Vieus Hospialzation Susveliance Network (RSV-NET {
—_— o
Marshall N v 8

hospitalizations

[ S Raisimalie Frefuniown
Coldwater Towmship  Towding
/] Hibtdale oo I } Wdnebe
et )
I Aen’an Summerfieid Vo /i

Vs (4
Township LaSalie Towrlshig

|

B e R L = S " = https://um.wastewatermonitoring.dataepi.org/



https://um.wastewatermonitoring.dataepi.org/

SEWER Site Subset WVal Calculations - Region Roll-up

WWVal Level
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CityPULSE

Health officials use mapping for
equitable vaccine access

LLLLL

Health department: Some pockets of
Northern Michigan still lag in
vaccination rates

i Steve Foley
_ The Petoskey News-Review

Vaccine data analytics for

L HDs |
MI Lighthouse provides

Michigan LHDs with analytics,
coverage, and line list data at the
state, county and census tract
Ievels for flu, COVID-19 and MMR.
(Plus school bundlngs and districts
launching this month!)

LHDs are using MI Lighthouse to
find hotspots of undervaccination
and inform operations.



Thank you!

Many, many, many colleagues and collaborators and MDHHS and
UM and beyond!

Especially: Carson Dudley, Reiden Magdaleno, Ruipu Li,

Jules Gilbert, Alex Rodriguez, Michelle Ammerman,

Krista Wigginton, Joe Coyle, Ryan Malosh, Emily Martin

Also thank you to the Michigan Department of Health and Human Services and CDC Insight Net for funding!
Disclaimer: These projects were made possible in part by cooperative agreement CDC-RFA-FT-23-0069 from the
CDC'’s Center for Forecasting and Outbreak Analyfics. Their contents are solely the responsibility of the authors
and do not necessarily represent the official views of the Centers for Disease Control and Prevention.



Flu MetroCast Hub




Flu MetroCast

Nov 7, 2025

Dongah Kim (UT Austin)

With: Lauren A. Meyers, Nick Reich, Remy Pasco, Spencer Fox, Kaitlyn Johnson,
Melissa Kerr, Becky Wilson, Katie Clement and epiENGAGE Groug




Flu MetroCast Hub

Local short-term forecasts of influenza activity
Cadence — weekly during influenza season, starting in two weeks
Geographic scale
HSA
Borough
Forecast targets
NSSP influenza ED visits
Delivery
Visualization of individual and ensemble projections on hub website
Jurisdiction-specific reports?

o1


https://www.cdc.gov/respiratory-viruses/data/activity-levels.html
https://www.cdc.gov/respiratory-viruses/data/activity-levels.html

Flu MetroCast - Interactive Visualization

Flu MetroCast Hub (% Introduction |~ Fon s [ Evaluation 8 flu-me

Outcome: Observed counts are aggregated by week and predictions are made for each week. Dates associated with specific data

points reflect the last day (Saturday) of the week.
Percentage of ED visits due to influenza

Location:
_ Forecasts of Percentage of ED visits due to influenza
Austin in Austin as of 2025-03-01
Interval:
95% "

Select Target Data:
Cument (2025-05-03) O
As of 2025-03-01 @

Select Models: Shuffie Colours
epiENGAGE-Copycat @

epiENGAGE-GBOR @
epIENGAGE-INFLAenza @
epiENGAGE-baseline @
epiENGAGE-ensemble_mean

Percentage of ED visits due to influenza
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Initial 2025-2026 Jurisdictions

Jurisdiction Data source | Variable

NYC + NYC ILI % of ED
boroughs DOHMH visits

s CDC.NSSP Flii % of ED
f’M Bergen ﬁ ) [ m\) R \ ’ [ ![ ‘
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Why the local forecast does matter

e National or state-level forecasts mask local variation
o Timing and magnitude differ by local.

e Public health actions are local — decisions (e.g., vaccination clinics, staffing,
messaging) happen at the smaller granularity.

e Resource allocation and hospital preparedness require local situational
awareness.

o4



How Different Are Local and State?
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How much better are local forecasts?

horizon= 3
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Difference in local vs state forecast accuracy
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Local better than state across 173 HSA’s

Horizon 1 2 3 4
Coverage Rate (high is better)
HSA 0.902 (0.297) 0.819 (0.385) 0.767 (0.423) 0.701 (0.458)
State 0.573 (0.495) 0.599 (0.490) 0.591 (0.492) 0.580 (0.494)
MAPE (low is better)
HSA 0.360 (0.540) 0.525 (0.846) 0.709 (1.360) 0.878 (1.850)
State 0.589 (1.010) 0.673 (1.040) 0.795 (1.280) 0.938 (1.670)
WIS (low is better)
HSA 0.324 (0.452) 0.566 (0.834) 0.767 (1.110) 0.929 (1.320)
State 0.621 (1.000) 0.774 (1.170) 0.906 (1.310) 1.02 (1.400)
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Where are local forecasts most beneficial?

Model: Generalized Additive Model

Predictors:

e Population ratio (state vs. HSA)
e Percent urbanization
e Number of HSAs in the state

Goal: predictive model for which jurisdictions would most benefit from local
forecasts (greatest improvement in WIS)
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Ely;] = n; = Bo + B1population ratio, + f,(percent urbanization) + f5(# HSAs)

Where are local forecasts most beneficial?

... In metro areas with high urbanization situation in large states

Target Variable | Forecasting Predictive Variable
Horizon
(weeks) intercept Population ratio | Percent # HSAs R2

Urbanization

A WIS 1 0.360 *** -0.412 *** (s) 6.844 *** (s) 5.582*** 0.513
2 0.243 *** -0.284 * (s) 7.248 *** (s) 5.004*** 0.462
3 0.161 *** -0.183 - (s) 7.289 ** (s)4.594 * 0.324
4 0.101 *** -0.105 (s) 1.376 (s) 4.335 - 0.134
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Where are local forecasts most beneficial?

in metro areas with hiah i1irbanization sitiiation in larae states
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HSA'’s expected to benefit most from local forecasts

e Darker colors indicate
regions where local forecasts
are expected to improve
performance over state-only
forecasts.
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Funding

o« CDC : Modeling toolkit to evaluate multifaceted control strategies for
seasonal and pandemic influenza (U0O11P001136)

e CFA : Public Health Response, Forecasting, and Analytic Capacities
Related to Disease Outbreaks, Epidemics, and Pandemics
(NU38FTO00008)
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Question & Answer




Next Steps




Next Steps

* Three-question Feedback Survey — Please fill it out!

* Exciting new projects on the horizon! o foodvack on the session

* The Outbreak Response Innovation-Network (ORI-Net):
= |fyou are interested in learning more about ORI-Net, complete the
interest form in the QR code below!
* Via ORI-Net, learn more about our upcoming initiatives on
best practices for initiating contact tracing communication
and better defining the measles exposure window.

Complete ORI-NET Interest
Form Above



Thank you.

Sign up here for
updates and

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