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• Understand the foundational concepts of AI and how it can be 
applied to public health.

• Explore real-world applications of GenAI in public health 
through case studies.

• Recognize challenges and best practices in implementing 
GenAI solutions in public health settings.

Session Objectives



AgendaAgenda
1. Understanding AI in Public Health

2. Speaker Introductions

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

4. Q&A



Understanding AI in 
Public Health



Artificial Intelligence (AI) is the development, implementation, and use of computer systems that 
can perform tasks that typically require human intelligence. AI 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 AI also known as “weak” or “traditional” AI, focuses on performing specific tasks within a 
limited domain, such as image recognition, speech synthesis, or playing chess. Narrow AI has been 
in use for decades (decision support, google searches)

General AI 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 AI.

• Generative AI (GenAI) 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.

Key Definitions



Large language models: These are advanced AI 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 AI 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

Key Definitions



A Comparative View of AI, ML, Deep Learning, & GenAI

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-AI-machine-learning-deep-learning-and-generative-AI-source_fig1_373797588 [accessed 14 Aug 2025]



A Comparative View of AI, ML, Deep Learning, & GenAI

Turing Test (1950)

A vision of what’s to 
come

IBM Watson (2011)

AI defeats humans in 
Jeopardy!

OpenAI’s GPT-3 
Release (2020)

AI is capable of 
generating human-like 
text

America’s AI Action 
Plan (2025)

White House unveiled 
comprehensive AI 
Strategy in July of 2025

Proliferation of 
genAI (2023)

GenAI has expanded 
across industries and 
many people use AI daily 



Meet the Speakers

Insert Headshot

Dejan Jovanov
Chief Data & Informatics Officer, 

Division of Patient Safety & Quality, 
Office of Policy Planning & Statistics
Illinois Department of Public Health

Stephanie Meyer, MPH 
Epidemiology & Data Unit Supervisor, 

Emerging Infectious Diseases 
Epidemiology & Response Section, 
Infectious Disease Epidemiology, 
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Jim Daniel, MPH
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Public Health at Amazon 

Web Services (AWS) 
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Changing the response from reactive to proactive



Dejan Jovanov (he/him)

Chief Data and Informatics Officer

Illinois Department of Public 
Health



Purpose:
Projects and estimates the likelihood of measles outbreaks in Illinois schools (PreK–12) using:

• School vaccination rates

• Enrollment data

• Additional model parameters

• Background:

• Released by the Illinois 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 

Setting the Stage:



• Measles Vaccination Coverage % 

• Enrollment Counts

Illinois State Board of Education 

(ISBE) School Immunization Data 

and Directory Information (PreK-

12)*

• The average number of individuals in a susceptible 

population that become infected after exposure to 
an infectious individual with measles.

Basic Reproduction Number (R0)

• The number of days a person is infected with measles 

before they become infectious.
Average Latent Period (days)

• The average number of days an individual with 

measles can continue to spread or infect others with 
measles.

Average Infectious Period (days)

• The minimum number of new infections needed to 

define an outbreak in the selected school.

Minimum Outbreak Size (new 

infections)

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

Likelihood and 
Size of a 
Measles 

Outbreak in an 
Illinois School

Measles Simulator Dashboard
Data Components

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


SEIR model used for Measles Prediction

• Model Overview:

• SEIR = Susceptible → Exposed → Infected → Removed
• Population moves between compartments based on defined rates.

• Key Parameters:

• λ (Exposure Rate): How quickly susceptible individuals become exposed

• σ (Latent Rate): How quickly exposed individuals become infected

• γ (Removed Rate): How quickly infected individuals recover or are removed

• Also includes: vaccine rate, initial infection, contact rate, basic reproduction number (R₀)
• Defaults follow CDC Measles Clinical Diagnosis Fact Sheet



Measles Simulator Dashboard
Calculation Process

Infectious Parameters

Request 
from 

Dashboard

AI : Machine Learning Services

Hash Infectious Parameters

Return dataset to 
Dashboard

Precalculated Result

Hash 
Exists

Yes

No Call Python

Populate Cache 
Table

• 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
• Snowflake



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 
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 Simulator Dashboard
Dashboard Parameters



The results are calculated by running 200 
stochastic simulations using the entered 
parameters.

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.

Measles Simulator Dashboard
Dashboard Results



• 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 

What’s Next



Questions?

Contact:

Dejan Jovanov: Dejan.Jovanov@Illinois.gov

mailto:Dejan.Jovanov@Illinois.gov


Title slide with logo

Stephanie Meyer, MPH

Epidemiology Supervisor    |    Infectious Disease Epidemiology, Prevention, and Control Division

Minnesota Department of Health

Project CLAIRE: Comprehensive Language Model Artificial 

Intelligence for Record Evaluation - Assessing the use of 

Artificial Intelligence for Infectious Disease Surveillance



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

• COVID-NET monitors laboratory-confirmed, COVID-19-

associated hospitalizations among children and adults



What is a Medical Chart Review?

Medical charts are read and 

reviewed to determine:

- Course of illness

- Course of hospitalization

- Treatments

- Underlying Conditions



Medical Chart Layout

• Medications or treatments may be 

listed over multiple pages or 

multiple days

• Each treatment may have been 

administered already or something 

that the patient will take home

• Details and nuance about dosage 

and timing can be very important 

in relation to an infection

10/31/2025 health.state.mn.us



Chart Abstractions



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

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

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



Current State – Manual Process

Manual medical record review

• Up to 100 pages, 2-3 hours 

per record

Manual medical record 

abstraction and data entry

MDH CDC

Data sent from MDH to 

CDC, part of cooperative 

federal funding agreements

• If data entry errors are 

identified, problems are 

manually reviewed and 

re-abstracted



Future State

A document is generated 

with all the text from the 

medical record

Use large language models 

to “read” the chart and 
extract key data elements

Includes code, prompt 

engineering, and large 

language model selection

Data is validated by 

comparison to manually 

collected data

Results are used to improve 

the abstraction pipeline



CLAIRE Pilot Project

• We identified 150 COVID-19 medical charts from one health system from the 

2022-2023 respiratory season

• 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

S3

AWS Step Functions 

State Machine

1. Textract 

Process
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CLAIRE Pilot Project

S3

AWS Step Functions 

State Machine

1. Textract 

Process

2. Text Chunking 

and Vectorization

3. Prompt-driven 

LLM Search

4. Field matching 

& JSON output

S3
5. Final JSON 

saved as a result

LLMs



Restructuring the Data

• Throughout the pilot project we looked at various data elements and 

corresponding accuracy

• We divided data into four categories:

• 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



• SUMMARIZATION variables also had a lower accuracy score

Category

Number of 

variables

Average accuracy 

across the category

STRUCTURED DATA 76 49.7%

PROMPT DRIVEN SEARCH 50 95.5%

PROBABILISTIC MATCHING 220 92.7%

SUMMARIZATION 33 88.1%

• We looked at the accuracy by category

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

Beneficial Early Results



Next Steps

• With adequate funding:

• Continue CLAIRE pilot – more cases, more file types, more providers

• 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



Thank You!

Stephanie Meyer

stephanie.meyer@state.mn.us

This project was supported by Cooperative Agreements NU50CK000648-01-00 and 

NU50CK000508-05-02 from the Centers for Disease Control and Prevention.
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Public Health Generative AI Use 
Cases



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

Agenda – Public Health Use Cases for GenAI

• Electronic Case Reports

• Intelligent Document Processing 

• Chatbots

• Generative Business Intelligence and Data Analytics



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

Securely build generative AI applications with your data

Data Privacy & Security

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

Data remains in the region 
where API is processed

Data is not shared
with model providers

Data is always encrypted
in transit and rest

Data is not used for
service improvement



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

Electronic Case Reports

42

• 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 AI 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?)



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

Electronic Case Reports

43
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Intelligent Document Processing

44

• Problem: Public Health receives paper forms across multiple domains including Vital 

Records, Electronic Laboratory Reports, Communicable Disease Reports, and WIC 

applications

• Solution: Use Generative AI to automatically extract the data from paper forms and 

transform it into formats easily consumable by the systems of record.



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

Intelligent Document Processing

45
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Generative AI Chatbots

46

• 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 

questions about how to obtain an immunization record or how to enroll in a program 

like WIC. Although this information is on the Public Health

• Solution:  Using Generative AI, 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.



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

AI Chatbots

47



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

Generative Business Intelligence 

48

• 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.

• Solution:  Generative BI enables business users to interact with their data using 

natural language prompts to build graphs, dashboards and stories that describe their 

data



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

AI-assisted storytelling

Interpret data for others
Help others derive meaning
from data and reach conclusions

to drive decisions

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

Create refined content
Control AI verbosity, customize narrative 
text, and apply stunning visual themes to 

bring content to life

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

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

Build visuals
Use natural language
to quickly build visuals for
dashboards and reports

Build calculations
Easily create calculations using 
natural language without looking 
up or learning specific syntax

Refine visuals
Quickly update visuals by
describing desired formats
using natural language 



© 2025, Amazon Web Services, Inc. or  its affil iates. All rights reserved.
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Thank you!

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



Audience Q & A



Thank You! 
UP NEXT…
5-6pm Central Time | Join us for our Data 
Modernization in Motion Networking Reception – 
Park View, 4th 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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