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Session Objectives

» Understand the foundational concepts of Al and how it can be
applied to public health.

» Explore real-world applications of GenAl in public health
through case studies.

» Recognize challenges and best practices in implementing
GenAl solutions in public health settings.
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Agenda

1. Understanding Al in Public Health
2. Speaker Introductions

3. PHA Speaker presentations showcasing GenAl being used in Public
Health

4. Q&A
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Key Definitions

Artificial Intelligence (Al) is the development, implementation, and use of computer systems that
can perform tasks that typically require human intelligence. Al describes technology that makes
computers (seem to) act rationally.

Machine learning (ML) allows a computer to analyze data to do a task without being explicitly
programmed. Common functions of machine learning are to (1) find patterns, like groupings of
similar items and (2) to guess or predict an output based on a set of inputs.

Narrow Al also known as “weak” or “traditional” Al, focuses on performing specific tasks within a
limited domain, such as image recognition, speech synthesis, or playing chess. Narrow Al has been
in use for decades (decision support, google searches)

General Al refers to highly autonomous systems that feel like they possess human-level intelligence
and can handle various cognitive tasks across different domains. Large language models (LLMs)
are the major advancement in general Al.

- Generative Al (GenAl) refers to artificial intelligence systems that can create new, original
content, such as text, images, or music, by learning patterns and structures from existing data.
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Key Definitions

Large language models: These are advanced Al models that can understand and generate human-
like text based on the patterns and structures they learn from vast amounts of data

Text chunking and vectorization/vector store: This involves breaking down text into smaller chunks
and converting them into numerical vectors that can be stored and processed by Al models

Retrieval augmented generation (or RAG) approach: This is a method that combines the strengths
of retrieval-based and generation-based models to produce more accurate and contextually relevant
response

Deterministic variables: These are variables in a model that have a fixed value and do not change
based on probability

Probabilistic variables: These are variables that have a range of possible values, each with an
associated probability



PHIG
PARTNERS

A Comparative View of Al, ML, Deep Learning, & GenAl

Artificial Intelligence

Al involves techniques that equip computers to
emulate human behavior, enabling them to learn,
make decisions, recognize patterns, and solve
complex problems in a manner akin to human

Machine Learning
ML is a subset of Al, uses advanced algorithms to

detect patterns in large data sets, allowing
machines to learn and adapt. ML algorithms use

supervised or unsupervised learning methods.

Deep Learning

DL is a subset of ML which uses neural networks
for in-depth data processing and analytical tasks,
DL leverages multiple layers of artificial neural
networks to extract high-level features from raw
input data, simulating the way human brains
perceive and understand the world.

Generative Al

Generative Al is a subset of DL models that
generates content like text, images, or code based
on provided input. Trained on vast data sets, these
models detect patterns and create outputs without
explicit instruction, using a mix of supervised and

Source: The Application of AutoML Techniques in Diabetes Diagnosis: Current Approaches, Performance, and Future Directions - Scientific Figure on ResearchGate. Available from:
https.//www.researchgate.net/figure/A-comparative-view-of-Al-machine-learning-deep-learning-and-generative-Al-source_fig1_ 373797588 [accessed 14 Aug 2025]
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A Comparative View of Al, ML, Deep Learning, & GenAl

Machine Human

Winning the Race

-=r MERICA’S

N / AT ACTION PLAN

C Tester

Turing Test (1950) IBM Watson (2011) OpenAl’s GPT-3 Proliferation of America’s Al Action
Release (2020) genAl (2023) Plan (2025)

A vision of what's to Al defeats humans in Al is capable of GenAl has expanded White House unveiled

come Jeopardy! generating human-like across industries and comprehensive Al

text many people use Al daily Strategy in July of 2025
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Meet the Speakers

Dejan Jovanov Stephanie Meyer, MPH Jim Daniel, MPH
Chief Data & Informatics Officer, Epidemiology & Data Unit Supervisor, Leader of State and Local
Division of Patient Safety & Quality, Emerging Infectious Diseases Public Health at Amazon
Office of Policy Planning & Statistics Epidemiology & Response Section, Web Services (AWS)
lllinois Department of Public Health Infectious Disease Epidemiology,

Prevention, & Control Division
Minnesota Department of Health
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Measles Outbreak Simulator Dashboard

Changing the response from reactive to proactive
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Dejan Jovanov (he/him)

Chief Data and Informatics Officer

lllinois Department of Public
Health
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Setting the Stage:

Purpose:
Projects and estimates the likelihood of measles outbreaks in Illinois schools (PreK—12) using:
* School vaccination rates

s
* Enrollment data ) r
» Additional model parameters | @

« Background:

* Released by the lllinois Department of Public Health (IDPH) in April 2025 due to a
nationwide surge in measles cases

* Inspired by the University of Texas Austin epiEngage Measles Outbreak Simulator
» Part of our initiative to transform the IDPH data ecosystem from reactive to proactive

* Use:
« Supports school administrators and staff in outbreak prevention and control efforts
* Inform the public

J [LLINOIS DEPARTMENT OF PUBLIC HEALTH



Measles Simulator Dashboard J1DPH

Data Components
e

* Measles Vaccination Coverage %

e Enrollment Counts

Likelihood and
Size of a

* The average number of individualsin a susceptible
population that become infected after exposure to
aninfectious individual with measles.

e The number of days a person is infected with measles M ea S I e S
before they become infectious.
Outbreak |
e The average number of days an individual with u re a I n a n
measles can continue to spread or infect others with . o
lllinois School

e The minimum number of new infections needed to
define an outbreak in the selected school.

}}IDPH *School data included in the model and additional information can be found in the lllinois School Vaccination Coverage Dashboard.
S Numbered model components above are preset, but dashboard users have the option of modifying values to alter the simulator mo del.


https://dph.illinois.gov/topics-services/prevention-wellness/immunization/coverage-dashboards/school-vaccination-coverage-dashboard.html

JIDPH

ILLINOIS DEPARTMENT OF PUBLIC HEALTH

SEIR model used for Measles Prediction

S A E o I 8 R
Susceptible Exposed Infected Recovered

* Model Overview:

* SEIR = Susceptible — Exposed — Infected — Removed

* Population moves between compartments based on defined rates.

* Key Parameters:

* A (Exposure Rate): How quickly susceptible individuals become exposed

* o (Latent Rate): How quickly exposed individuals become infected

* y (Removed Rate): How quickly infected individuals recover or are removed

» Also includes: vaccine rate, initial infection, contact rate, basic reproduction number (Ro)

* Defaults follow CDC Measles Clinical Diagnosis Fact Sheet

J [LLINOIS DEPARTMENT OF PUBLIC HEALTH



Measles Simulator Dashboard J1IDPH

Calculation Process

Request
from Infectious Parameters

Dashboard

* Precalculated schools with under 95%
vaccination rate with default
parameters

» Total of 7,374 cached results

» Peak of 2,488 new cached results on
4/9/25 when the dashboard was on
the news

« Other options:

« TabPy

.?I]).Pi—riOWﬂake

ILLINOIS DEPARTMENT OF PUBLIC HEALTH

/ Al : Machine Learning Services \

Hash Infectious Parameters

$ No Call Python (g
Yes

Precalculated Result Populate Cache
Table

Dashboard




Measles Simulator Dashboar
Dashboard Parameters

1.Choose Enrollment & Vaccination
Rates

*Select manually or pick a specific
school.

2. Filter Schools

*Use County, Funding Type, and
School District filters.

*If the county is changed, adjust the
School District drop-down or set to
(All).

3. Update & Select

*The table updates based on your
selections.

*Click a school to use its enrollment
and vaccination rate.

*Values can also be adjusted manually e
to model changes.

4. Adjust Epidemic Parameters
*Modify the minimum outbreak size to
change the threshold for potential
outbreaks.

*Other epidemic parameters can be

updated for custom scenarios.

Measles Outbreak Projections in lllinois Schools

Select the county, type of school funding and school districty

if o rasy b , ned confirm that the scl I districe &l
If no results are returned, confirm that the school district filter

Want to see data for.

T iavant scl T Aigtrict in tha salactad coonivesehand f
ar=zet to (All), or to 2 relevant schoo! district in the selected county-schood fund

fimg combination.
Funding Type

County
- Publiz

City of Chicaga v

Select a school from the list of relevant schools below to generate a simulation.

JIDPH

ILLINOIS DEPARTMENT OF PUBLIC HEALTH

School District

School District Facility Name Enrollment Prak-12 School Vaccination Rate
Burnham SD 154-5 Burnham Elem Schoo 145 =
Calumet Public 5D 132 Burr Oak Acade 318 95 3%
Ifyou are a keyboard user, or if your schoal of interest is not present in the list above, you can type in the school model inputs below.

School Enrcliment School Vaccination Rate (2)
00 85.0%

‘You can change the default epidemic parameters using the sliders below to generate a more customized projection. o

Please note that the four parameters below are for use of local health departments and epidemiclogists.
Imterpretation of the information based on any adjustments to the epidemic parameters below is extremely nuanced and subject to misinterpretation.

Basic Reproduction Number (RO Average Latent Peried (days) Average Infectious Period (days)

15 105 5

o <> o <> o

Students Initially Infected

Minimum Outbreak Size [naw infections)

<l o

Chance of exceeding 10 new infections

58%

with selected model inputs and epidemic parameters

Likely outbreak size

45 - 72 cases

if there are over 10 new infections




Measles Simulator Dashboard J1IDPH
Dashboard Results

Chance of exceeding 10 new infections Likely outbreak size

58% 45 -72 cases

with selected model inputs and epidemic parameters if there are over 10 new infections

The results are calculated by running 200
. . . . Projections and estimates for cutbreaks provided below, are specific to the school population selected and incorporate the selected school
Stochast| c SImu | a‘t 10ONS USI ng ‘the entered waccination coverage, enrollment, and additional model parameter values.

The calculation of the proportien of the schoel population susceptible to measles does not account for community immunity outside schoals,
pa ra m ete rs interventions, or breakthrough infections amengst vaccinated students.

" . Simulated Projections
1. The "Chance of exceeding X new

infections” is the percentage of
simulations that had more infections
than the selected minimum (10 by
default).

2. Likely outbreak size uses the middle
95% of the outbreaks that are larger
than the selected minimum (10 by
default).

3. The simulated projections show a
random selection of 20 outbreak
projections. The highlighted line is
the projection with the outbreak size
nearest to the median.
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Simulation Color Legend
B Frojection dossst tothe madizn All other projections
TLLINOIS DEPARTMENT OF PUBLIC HEALTH Use the highlighter dropdown below to highlight any ene particular projection above.



What's Next J1DPH

ILLINOIS DEPARTMENT OF PUBLIC HEALTH

PUBLIC HEALTH INFRASTRUCTURE

! : MENTAL RACISW™M
CHRONIC EMERGING MA:ENRDNAL HEALTH AND AS A
DISEASE DISEASES INFANT HEALTH SUBSTANCE USE PUBLIC HEALTH
DISORDER CRISIS

« Adapt the SEIR model (adding compartments, age groups,
vaccination status, seasonality) to fit the specific disease.

» Expand the use of the model on diseases with a clear incubation
period (e.g., measles, COVID-19, influenza).
 Build additional dashboards

J [LLINOIS DEPARTMENT OF PUBLIC HEALTH



Questions?

Contact:
Dejan Jovanov: Dejan.Jovanov@lllinois.gov

J [LLINOIS DEPARTMENT OF PUBLIC HEALTH


mailto:Dejan.Jovanov@Illinois.gov

Project CLAIRE: Comprehensive Language Model Artificial
Intelligence for Record Evaluation - Assessing the use of
Artificial Intelligence for Infectious Disease Surveillance

Stephanie Meyer, MPH
Epidemiology Supervisor | Infectious Disease Epidemiology, Prevention, and Control Division
Minnesota Department of Health



Background

* COVID-19 is one of many reportable diseases in

Minnesota

* Minnesota is part of the CDC Emerging Infections

Program

* Medical chart abstractions are often necessary

e COVID-NET monitors laboratory-confirmed, COVID-19-
associated hospitalizations among children and adults

Diseases Rep

ortable to the
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What is a Medical Chart Review?

ED Vitals:
Patient Vitals for the past 24 hrs:
BP Temp Pulse Resp Sp0O2 Height Weight .
09/02/23 0202 127/85 (939? ;CJ 97 22 04 % — — Medical charts are read and
09/02/23 0000 (" 115/91 — (110 () 34 a5 % — — : H .
09/01/23 2345 128/78 — (") 103 () 32 a5 % — — rEVIewed to determlne'
09/01/23 2330 — — () 103 () 26 a5 % — —
A ey 1 .
09/01/23 2315 ( — () 108 (1) 32 94 % — —
128/116 1
ST T - Course of illness
101/23 2306 i - ! a7 % P .
09/01/23 2306 136/88 (37.5°C) () 107 20 97 % (1.626 m) 84.8 kg

MDM: Course of hospitalization

is a 76 y.o. female who presents for the above. The differential includes pneumaonia, sepsis,
viral syndrome, antibiotic reaction. The patient has generalized weakness here and recent diagnosis of pneumonia.
Patient is given albuterol treatment. Sepsis protocol was started and she is given some lactated Ringer's. Patient is _ Tre at me nts
given levofloxacin after extensive conversation with her about her allergies and given the pneumonia. Chest x-ray
does show significant left-sided infiltrate. She has significant hyponatremia as well. | did discuss the case with renal
on-call who recommended fluid resuscitation and recheck of sodium. Patient is transferred to hospitalist service for
further work-up and care.

Underlying Conditions

DIAGNOSIS:
ICD-10-
CM
1. Pneumonia of left lung due to infectious J18.9
organism, unspecified part of lung

2. Hyponatremia E&7 1



10/01/2022 - ED to Hosp-Admission (Discharged) in W3 (continued)
| Notes (group 1 of 2) (continued)

g: Take 25 mg by mouth once daily.

1wolecalciferol, vitamin D3, 25 mcg, 1000 9/29/2022 Patient Yes Yes
1it, 25 meg (1,000 unit) oral tablet

g- Take 25 mcg by mouth once daily.

Medical Chart Layout

iclobenzaprine (FLEXERIL) 10 mg oral 9/29/2022 Patient Yes Yes

blet

g: Take 10 mg by mouth every evening.

ilaglutide (TRULICITY) 1.5 mg/0.5 mL SubQ 9/23/2022 Patient Yes Yes : :

aglutide | /1.5 mg * Medications or treatments may be
g: Inject 1.5 mg under the skin every 7 (seven) days. . .

ibapentin (NEURONTIN) 300 mg oral 9/29/2022  Patient  Yes Yes listed over multi pIe pages or

psule .

g: Take 300 mg by mouth three times a day. mu |t| ple d ays

ipiZIDE (GLUCOTROL XL) 5 mg oral 9/29/2022 Patient Yes Yes

tended release tablet 24 HR
g: Take 5 mg by mouth twice a day.

ultivit-minsfiron/folic/lycop (CENTRUM 9/29/2022 Patient Yes Yes i Ea C h tre atm e nt m ay h ave be en
EN ORAL)
g: Take 1 capsule by mouth once daily. administered already or somethin
loxone (NARCAN) 4 mg/actuation Nasal FPRN Patient Yes Yes y g
ray 1 1
g: Instill 4 mg into one nostril as needed. Seek emergency care immediately after use. th at th e patle nt WI II ta ke hO me
(yCODONE (OXYCONTIN) 20 mg oral 9/29/2022 Patient Yes Yes
itended release tablet 12 HR | d b d
g: Take 20 mg by mouth twice a day. ° I
(yCODOME, immediate release, 9/29/2022 Patient Yes Yes Detal Sandnuance a OUt Osage
OXICODONE) 15 mg oral tablet . . H
g: Take 15 mg by mouth every 4 (four) hours as needed. an d tlm I ng can be Very Im porta nt
intoprazole (FROTONIX) 40 mg oral 9/29/2022 Patient Yes Yes . . . .
Iaved release tablet in relation to an infection
g: Take 40 mg by mouth once daily.
raroxaban (XARELTO) 20 mg oral tablet 9/30/2022 Patient Yes Yes
@0200
g: Take 20 mg by mouth once daily.
msulosin (FLOMAX) 0.4 mg oral capsule  9/29/2022 Patient Yes Yes
g: Take 0.4 mg by mouth at bedtime.
aZO0Done (DESYREL) 100 mg oral tablet 9/29/2022 Patient Yes Yes

a: Take 100 ma by mouth at bedtime.



Chart Abstractions

4. Height: 5. Weight:
65 116.3
®in Ocm Clbs ® kes

reset

6. BMI (non-pregnant cases and cases 2+ years old):

42.7

427 |

View equation

7. Smoker (tobacco):

® current O Former () No/ Unknown

7a. Smoker (marijuana/vaping) [MN question]

O current ) Former  ® Mo/ Unknown

reset

Type of non-tobacco smoking (select all that apply):

8. Environmental tobacco smoke exposure (for pediatric

9. Alcohol misuse:

ICU and Othe erventions

BiPAP or CPAP?

Invasive mechanical ventilation?

®ves OnNo O unknown Oves @ no O uUnknown

reset reset

High flow nasal cannula (e.g. Vapotherm)?
Supplemental Oxygen?

ClYes @nMo O Unknown

reset
4. ECMO?
CYes @®nNo O Unknown

reset

6. Renal Replacement Therapy (RRT) or Dialysis?

Includes Peritoneal Dialysis (PD), Hemaodialysis (HD), Continuous Venovenous Hemofiltration {CVWH), Continuous Venovenous
Hemodialysis (CYWHD), and Slow Continuous Ultrafiltration (SCUF)

patients S12years): Cicurrent @ Former ) Nof Unknown Cves @®nNe O unknown
reset reset
11. Substance MisuseType (current use only) (Select all 7. Was the patient admitted to an intensive care unit (ICU)?
that apply): ®ves OMe O Unknown
reset

10. Substance misuse:

® current O Former ) No/Unknown

reset

U vpu

Opicids

[ cocaine

] mMethamphetamines

[ Marijuana

2| Polysubstance abuse - not otherwise specified
[ unknown

[ other, specify

12. Code status on admission:

@ Full code

) DNR (Do Mot Resuscitate) / DNI (Do not Intubate) / CMO {Comfort measures only)

) Unknown

reset

7a. Date of ICU admission: 7b. Date of ICU discharge:

12-24-2024 MDY

1. What was the outcome of the patient upon discharge?

12-25-2024 MDY

® Died during hospitalization
O Unknown
reset

2. Date of death:

12-25-2024 M-D-Y




Medical Chart Review

 Manual chart review involves multiple staff

* COVID-NET includes a sample of hospitalized cases for chart review

Season* 2020-2021 2021-2022 2022-2023 2023-2024
Total COVID-NET Cases 39,318 34,154 14,908 12,971
Chart Reviews Completed 20,019 (50%) 7,006 (20%) 2,368 (16%) 2,669 (21%)
Review Staff 17 12 11 10

* Season starts October 1 through Sept 30 with exception of 2020-2021, which began in March 2020



Medical Chart Review

 Manual chart review involves multiple staff

* COVID-NET includes a sample of hospitalized cases for chart review

Season* 2020-2021 2021-2022 2022-2023 2023-2024
Total COVID-NET Cases 39,318 34,154 14,908 12,971
Chart Reviews Completed 20,019 (50%) 7,006 (20%) 2,368 (16%) 2,669 (21%)
Review Staff 17 12 11 10

 The cost of full-time staff to review thousands of charts is not tenable

* Season starts October 1 through Sept 30 with exception of 2020-2021, which began in March 2020



Current State — Manual Process

'y :
"‘

/ s

Data sent from MDH to
CDC, part of cooperative

n - federal funding agreements
Manual medical record * If data entry errors are

abstraction and data entry identified, problems are
manually reviewed and

re-abstracted

i1
H

Manual medical record review
 Up to 100 pages, 2-3 hours
per record



A document is generated Use large language models Data is validated by

with all the text from the to “read” the chart and comparison to manually
medical record extract key data elements collected data
Includes code, prompt Results are used to improve
engineering, and large the abstraction pipeline

language model selection



CLAIRE Pilot Project

* We identified 150 COVID-19 medical charts from one health system from the
2022-2023 respiratory season

e All charts were redacted PDF files

 All charts had been manually reviewed by Minnesota Department of Health
(MDH) staff with answers entered into a REDCap database

 MDH partnered with MNIT MDH and Amazon Web Services (AWS) for
evaluation of options

* Analysis of the results from text extracts of abstracted charts from the AWS
pipeline were compared with manual abstractions



CLAIRE Pilot Project

AWS Step Functions
State Machine

1. Textract
Process

Amazon Textract



CLAIRE Pilot Project

2. Text Chunking
and Vectorization

&
S




CLAIRE Pilot Project
. . 3. Prompt-driven
LLM Search




CLAIRE Pilot Project

4. Field matching
& JSON output

5. Final JSON @

saved as a result



CLAIRE Pilot Project

l - A 3. Prompt-driven
@ @ LLM Search

AWS Step Functions
State Machine

4. Field matching
& JSON output

2. Text Chunking
and Vectorization

1. Textract
Process

Amazon Textract L @
5. Final JSON

saved as a result



Restructuring the Data

* Throughout the pilot project we looked at various data elements and
corresponding accuracy

* We divided data into four categories:
e STRUCTURED DATA — data collection better suited to standard code

* PROMPT DRIVEN SEARCH - data collection that might require decision-making
based upon additional information

 PROBABILISTIC MATCHING - data collection that we thought might be best-
suited for LLMs

« SUMMARIZATION - data collection that might require manual review by staff,
but a summary with citations could be helpful and streamline the work



Beneficial Early Results

 We looked at the accuracy by category

Number of Average accuracy
Categor variables across the categor
PROMPT DRIVEN SEARCH 50 95.5%
PROBABILISTIC MATCHING 220 92.7%
SUMMARIZATION 33 88.1%

 STRUCTURED DATA variables had the lowest accuracy via large language model
assessment

« SUMMARIZATION variables also had a lower accuracy score



e With adequate funding:

* Continue CLAIRE pilot — more cases, more file types, more providers
e Other medical chart reviews for other disease areas

* eCR (Electronic Case Report) use

* Large language models (LLMs) combined with deterministic code may be a
smart, hybrid approach to medical chart review, and could result in a more

efficient use of staff time

* LLM use could expand our ability to use medical data directly from providers
to better understand population health
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Thank You!

This project was supported by Cooperative Agreements NU50CK000648-01-00 and
NU50CKO000508-05-02 from the Centers for Disease Control and Prevention.

Stephanie Meyer

stephanie.meyer@state.mn.us



Public Health Generative Al Use
Cases
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Agenda — Public Health Use Cases for GenAl

e Electronic Case Reports
e Intelligent Document Processing
e Chatbots

e Generative Business Intelligence and Data Analytics

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved

1



Data Privacy & Security

Securely build generative Al applications with your data

Build with comprehensive data protection & privacy;
leverage AWS security services and best practices

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
U



Electronic Case Reports

* Problem: Public Health receives thousands of large clinical documents (CDA and HL7)
with actionable public health data buried in non-standard data elements, non-
standard vocabularies and critical information in free text fields

* Solution: Use Generative Al to ask the questions that public health needs from
electronic case reports and extract actionable public health data in a standard format
* Pregnancy Status (Syphilis in a woman of child bearing age)
* Occupation (Is the person with Hepatitis A food handler?)

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Electronic Case Reports

v<ClinicalDocument xmlns="urn:hl7-org:v3" xmln ‘urn:hl7-org:v3" xmlns:sdtc="urn:hl7-org:sdtc”
lantanagroup.com/voc"” xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance"
hl7-org:v3 ../../schema/infrastructure/cda/CDA SDTC.xsd">

'(L'D‘Id extensio ="POCD _HD2eea48™ root="2.16.848.1.113883.1.3">
C-CDA R1.1] US Realm Header -->

[
Id>
%

root="2.16.846.1.113883.18.26.22.1.1">
CDA R2.1] US Realm Header (V3) --»
</templateld:

<templatel on="2815-83-81" root="2.16.848.1.113833.16.28.22.1.1">

<i-- [eICR RL 5TU1.1] Initisl Public He Case ort Document (eICR) (V2)
</templateld>
£ C sion="2016-12-81" root="2.16.340.1.113883.16.20.15.2"/>

38&66983 38ad-484T-a7d2-b294cdbe5435">

ally unique document ID (extension) is scoped by vendor/software --»

="55751-2" codeSystem="2.16.849.1.113883.6.1" codeSystemiame="LOINC" displ "Public

<!-- Document Code --»
</code>
<tit 1°>Inltlal Publlc Health Case Report</title>
1 "2@208505119515-0400™ />
N" codeSystem="2.16.84@.1.113883.5.25" displayName="Normal"/>
en-Us"/»

<setld e 8ds86218e-8fea-11eb-8216-a80388425cfh”
<versionumb alue="1"/>

2.849.114350.1.13.388.3.7.1.1"/>

" recordTarget: T

="PT-478127"
- Patient ID -->
</id>
£l 58N oon
extension="222-22-2222" root="2.,16.8408.1.113883.4.1"/>
¥ <addr use="H">
<streetAddressLine>2222 Home Street</strectAddressLiner
<citys>Sacramento</city>
<staterCA</state>
<postalCode>942083</postalCoder
y>Sacramento County</county>
j>US</country>

"2.16.840.1.113883.19.5"»

"patient_identifier”

atient_gender”:
"travel details":

pregnancy_status”:

: "PT-470127",

Male”,
"Recent tra
"medications_receive

vacation to Wuhan China from April 22,
d": "Remdesivir 18@ mg Injection, 188 mg every day for 4 days",

"symptoms": "Difficulty Breathing
"symptoms_onset date": "85/13/2028",

"occupation”: "Sales”,

“coes_jab_invnl

- food_respond_yes no_or_unknown": "Unknown
has_chronic_conditions": "Unknown",

has_asthma": "Unknown",

"diagnoses": "Coronavirus as the cause of diseases classified elsewhere

"was_hospitalize

"date hospitali

date_discharged":

is_patient expired":

i (B97.2)",
"Yes",
"@5/13/2020",

"85/13/2a20",

"HDHJ

2828 to May

:555-555-2003" />
ctelscam P" v mailto:josefemail .com”/
patient> " . . wy m n " oon . "
" <name us medications_per_condition”: "Remdesivir for Coronavirus",
=n>;oseph4301wan> - -
<family>Patient</family>
</name>
<administrativeGenderCod
<birthTime value
<sdtc:deceasedInd v

"all medications": “"Remdesivir 10@ mg Injection”,

"eicr _trigger data": "Coronavirus as the

*2.16.8408.1.113883.5.1" layName="Male"/> is th

diseases classified elsewhere (B97.2), SARS coronavirus 2 N gene detected”,

_person_homeless _or prisoned”:

cod 3" di i hristian (non-Catholic, non-specific)”
2.16.548.1.113883 "HL7 Religious Affiliation"/>
e code="1882-5" codeS m="2.16. 84@ 1.113883.6.238" codeSystemName="Race & Ethnicit:
American Indian or Alaska Native"/>
(ctfnlc IDuDLCdc code="2135-2" ’jdE:y5t51="2.15.846.1.113333.6.238"
“Pl=:an1c or Latino"/>

ystemMame="Race & Ethnicity - cpc"

<AGFUUEECCDuE col
acrefefeccelnd

© 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.




Intelligent Document Processing

* Problem: Public Health receives paper forms across multiple domains including Vital
Records, Electronic Laboratory Reports, Communicable Disease Reports, and WIC

applications

e Solution: Use Generative Al to automatically extract the data from paper forms and
transform it into formats easily consumable by the systems of record.

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Intelligent Document Processing

IMATIONMEDIC AL HISTORY

MEASLES (RUBEOLA) CASE REPORT

'SIGNS AND SYMPTOMS

aws

1
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Generative Al Chatbots

* Problem: Public Health departments receive multiple inquiries. Providers using Vital
Records and Immunization Information Systems call asking basic questions about
how to use these systems. The general public may also call Public Health with simple
guestions about how to obtain an immunization record or how to enroll in a program
like WIC. Although this information is on the Public Health

e Solution: Using Generative Al, resources from public health like user manuals and
public facing websites can be the knowledge bases to enable chatbots to
automatically answer questions from end users and the general public.

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Al Chatbots

Communicable Disease Epi on Call - Guide to Surveillance, Reporting and Control

Interactive Generative Al Assistant Epi on Call

Customer has joined the chat

BOT 11:25 AM

Welcome to the Self Service

: - Chatbot. How may I assist you
Welcome to the GenAl Epi Assistant with inquiry?
This is a test chatbot to test GenAl to answer questions from content that can be found in the following

Reference Pages

« Guide to Surveillance, Reporting_and Control
« Clinical and Laboratory Testing_Guidance for Monkeypox

BI:===@®

What do I do if I find a bat in my
room?|
How to Use the Assistant

Our Al documentation assistant is available in the chat window. You can: End chat . Start a Call

Ask specific questions about the content in the reference pages
Request information about specific topics

Get help understanding complex information
Find relevant sections in the documentation
aws

© 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Generative Business Intelligence

* Problem: Public Health staff do not always have the technical and analytic skills to
interact with their data to generate the graphs and stories from their siloed systems
to help improve population health.

e Solution: Generative Bl enables business users to interact with their data using
natural language prompts to build graphs, dashboards and stories that describe their

data

aWS © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Al-assisted storytelling

Interpret data for others

Help others derive meaning
from data and reach conclusions
to drive decisions

Generate stories using Al
Produce cohesive, powerful, and
insightful narratives

Create refined content

Control Al verbosity, customize narrative
text, and apply stunning visual themes to
bring content to life

Augment with unstructured data
Upload files with related content to enrich
the story with additional insights

Share up-to-date governed data
Quickly update and disseminate data at
any time

dWws
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E QuickSight | Optimizing Marketing Performance: A Data-Driven ...

‘ File Edit Insert
|

Paragraph v B i U s x|

Interests Analysis

Revenue by primary interest and source

Unspecified

Arts and Culture Travel

Automotive

Vellness
ication

artainment

Technology

sports

Home and

Fashion Health

Finance Food and Dining

SCROLLABLE PAGE

As shown in the interests analysis graph, fa
health, and beauty/wellness generated the
total lead revenues of $46,113, $31,041, an
respectively. This suggests interests like fas

wellness have a significant impact on perfo

and that marketing campaigns should be te |

target these high-value interest segments.

Meanwhile, arts/culture, automotive, and s
attracted considerably lower revenues, indi
certain interests may not align as well with
objectives or the target demographic. Over
leveraging customer interest data can help

marketing strategies and drive stronger ret

L @ Build story

Describe your data story

Build a story about marketing campaign performance over time.
Describe top campaigns and account managers. How can we
improve overall campaign success?

Select visuals @
)

— Total impressions X~ Monthly impressions X
=+ Most effective impre

B, Comparing revenue >

Select documents (optional) (0]

[%) Drag a file here or

Up to 5 files can be upoaded in .pc .ppt, or
similar formats, with a limit of ~10MB each.

[ Marketing Team Meeting Minutes.docx X

[ Campaign Effectiveness Analysis.d

Use insights from Amazon Q Business @

m Learn more




' Generative Business Intelligence

B i Id 1 I lad QuickSight | # Q- Saas Sales analysis —
U| V| S ua S ¢ i ACTUAL SIZE

File Edit Data Insert Sheets Qbjects Search

Use natural language T A IR
tO qUICkly bU||d VlS Uals fOr S P % | N Visals X || aniesovervies > 4 Properties X

Gyt ; \ o . e - Y . .
Dataset 0% Y BUIL . :
sl o [+aoo ][] (@ U ".l i g b Visual : Interactions.
SPICE ) Q - Saas Sales 4 —

dashboards and reports st o | e BRI

Horizontal stacked
Customer Location bar chart 4 o
Q Country Order Date

H S 0 aiy el -_— . Ga’v i) > xewis
B u I Id ca I c u I atlo ns <1 Contact Name ( i) | sales by Industry Sales by Segment > Group/Color

A cstme_nm Region B 5 Reference lines
Finance 1,167,401.35

Easily create calculations using > ot

# Date Key . Energy

natural language without looking + o , > ottt

Ma turin
= Discount ratio Manufacturing

up or learning specific syntax I —

<1 License Region

] Order Date 4 ; > Tech

<1 Order ID

5 Consumer Products
= Previous dates condition
o - = Retall
4# Profit

Refine visuals

f Quantity

Quickly update visuals by g e

ranking 2 Mise

describing desired formats )

# Row ID JF sales (Sum) ~/

using natural language

<1 Segment

<1 subregion
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Blog: Transforming electronic case
reporting with generative Al: Unlocking
faster public health responses

Blog: Scalable intelligent document
processing using Amazon Bedrock




Thank you!
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Thank You!

UP NEXT...

5-6pm Central Time | Join us for our Data
Modernization in Motion Networking Reception —
Park View, 4t Floor

TOMORROW...
8:30-9:30am Central Time | Hashbrowns & High Tech
Peer Networking Breakfast

9:45am Central Time | Concurrent sessions continue,
followed by preconference closing plenary
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