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Technologies
and methods
for Al are
rapidly
evolving



Al =The Fourth Industrial Revolution?

First Second

> Mechanlzatlon>> Power >> Automation >> Digital

“The fourth industrial revolution, however, is not only about smart and connected
machines and systems. Its scope is much wider. Occurring simultaneously are waves
of further breakthroughs in areas ranging from gene sequencing to nanotechnology,
from renewables to quantum computing. It is the fusion of these technologies and
their interaction across the physical, digital and biological domains that make the
fourth industrial revolution fundamentally different from previous revolutions.”

Klaus Schwab (World Economic Forum)



How do we create artificial intelligence (Al)?

F Iterative Refinement ﬁ

: : Monitor and
Acquire Data Train Model Deploy Model ..
Optimize
Considerations include scale, Multiple methods can be Delivery of models in the right Models are dynamic and
diversity, volume, fairness, and combined to identify time, place, and format is change over time, requiring
labeling of data meaningful patterns in data essential to success continuous optimization

(analytical models) or generate
novel content (generative
models)



A Deeper Dive: Large Language Models (LLMs)

LLM Generation and Operation

Language Model

Unlabeled

“Base Model”

Corpus of
fextual Predicted
Knowledge N
el Pattern Recognition Text
Labeled — AN “Fine-Tuned Model”

Domain
Specific
Corpus

These are instances of what is
known as Generative Al, which are a
class of algorithms that can be used

to create new content, including
audio, code, images, text,
simulations, and videos.

_________________




Al + humans: enhancing decision making

Humans make sense of the world
around them by recognizing and
applying patterns

Computers can identify patterns
faster and in greater numbers that
humans, but first, such Al algorithms
need to be trained.

In creating and using such
technologies, we must acknowledge:

» Potential for bias

 Limited by the nature of
available training data

The appearance of intelligencein
modern Al is a function of speed, as
opposed to innate intelligence or
sentience

Source: Friedman CP. A “fundamental theorem” of biomedical informatics. Journal of the American Medical Informatics Association. 2009 Mar 1;16(2):169-70.




Al + digital transformation:
foundations for innovation and
an improved human experience

“...a process that aims to improve an
entity by triggering significant
changes to its properties througn
combinations of information,
computing, communication, and
connectivity technologies”

(Vial G. Understanding digital transformation: A review and a
research agenda. The Journal of Strategic Information
Systems. 2019 Jun 1;28(2):118-44.)



Four critical
guestions when
designing and
using modern Al
tools and
technologies

What are the right tasks when we seek
to establish and sustain behaviors that
leverage Al

Do we have the right data to support
and enable the desired behaviors of Al?

How do we select the right evidence
standards to determine if Al is safe,
effective, and ethical?

How do we facilitate the integration of
Alinto “real world” settings?



What are the right
tasks when we seek
to establish and
sustain behaviors that
leverage Al?
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Research and Applications

opioid-drug interactions

Mining reported adverse events induced by potential

10.1093/jamiaopen/o00z073

“... the linkage of AEs and ODIs have not been well investigated. It is common for
opioids to be prescribed to patients taking other medications (polypharmacy),
often in the setting of complex medical conditions (e.g., traumatic brain injury)
but medical providers lack general safety parameters to guide decision making
when combining opioids with other medications ... ”

Fuhai Li, PhD

Andrew Michelson, MD




Do we have the
right data to
support and enable
the desired
behaviors of Al?
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“In this large, retrospective, single-center study with 45 776 unique encounters,
o sepsis occurred in 3.3% of all hospital admissions, yielding a longer length of
oo AL . hospitalization and a higher rate of in-hospital mortality. EWS and patient acuity

- scores—APACHE Il, gSOFA, MEWS, NEWS, NEWS 2, and SOFA—had low
discriminative ability for sepsis, leaving room for more computationally
advanced approaches.”

Brief Communications

Comparison of early warning scores for sepsis early
identification and prediction in the general ward setting
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How do we select the
right evidence standards
to determine if Al is safe,
effective, and ethical?
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Predictive Modeling for Clinical Features Associated
With Neurofibromatosis Type 1

Stephanie M. Morris, MO, Aditi Gupta, PhD*, Seunghwan Kim, b
sewid H. Guirnann, MU, PR, and Philip 2.0, Payne, Phi

Abstract

“Using readily available clinical and EHR data, we successfully
recapitulated several important and clinically relevant patterns in NF1
semiology specifically based on demographic and clinical
characteristics. Naive machine learning techniques can be potentially
used to develop and validate predictive phenotype complexes
applicable to risk stratification and disease management in NF1.”

Aditi Gupta, PhD

Randi Foraker, PhD



How do we facilitate the
integration of Al into
“real world” settings?
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Perspective

Perspective
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“Burnout is a significant threat to clinician well-being and consequently to the
safety of patients under their care. In this perspective, we described 3
considerations for using EHR-based activity logs for measuring burnout—
standardizing measurements, applying complementary measurements, and
evaluating outcomes such as errors and clinical decisions that are also

temporally aligned to burnout.”
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SAINT LOUIS
UNIVERSITY.

“America’s network of research universities is one of its greatest sources of talent,
entrepreneurship, and research and development —three inputs that in combination can
fuel prosperity in the regions that surround those universities.”




A “testbed” for the
US Healthcare system

* A complex landscape of tertiary, regional, and community- level
healthcare providers and organizations

e Urban, suburban, exurban, and rural geographies

* Diverse socio-economic, racial, and ethnic population groups

e Surrounding ecosystem of healthcare-adjacent organizations:

Payers

Pharmacy Benefits Managers (PBMs)
Research and innovation

Technology

Workforce

Government (VA)
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“Paired with our new county logo is a new county slogan: Opportunity Central. This line
speaks to the many possibilities the county holds for people of all kinds. It serves as an
invitation for businesses to come and thrive...”




Institute for Informatics,
Data Science and Biostatistics (I2DB)

i2db.wustl.edu y @WashUi2db
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St. Louis Economy
Employer Survey
Spotlight on Startups and Job Creation

Spotlight on Health Care




St. Louis Economy




1,495,200

St. Louis MSA Workforce
May 2024




Seasonally Adjusted Unemployment Rate by Quarter



Educational Attainment of the Population

30%

21% 21%

19%

10%

No High School
diploma

High school
graduate
(or equivalent)

Some college,
no degree

Ml St. Louis ™ Missouri B U.S.

23%

22%

16%

9% 8% 99,

Graduate or
professional
degree

Bachelor's
degree

Associate
degree



Education affects
both earning and
unemployment

Biggest salary
jump with 4-year
degree




St. Louis MSA Unemployment Rates by Age and Sex

10%

7%

4% a% m Male
3% 3% 3% 39

I l o

Age 29 or Age 30 to 54 Age 55 or older All Ages
younger




14% growth in healthcare in the last decade
Top 10 St. Louis MSA Industry Clusters

205,851
Wholesal Retail Tr :
olesale & Retail Trade _ 208,514

Leisure & Hospitality 151,813
149,077
Manufacturing 120,035
109,685
- . 109,444
105,868 = 2023
Administrative and Support Services 91,842 m 2013
87,923
. . . . - 1,
Professional, Scientific, and Technical Services 21,576
74,722
Construction 75,592
62,410
. 74,045
Finance and Insurance
69,332
Transportation, Warehousing & Utilities 67,552
54,268



Employer Survey







Change in Employment Levels
over the Last 12 Months




Future Plans to Change
Employment Levels in the Next
12 Months

43% plan to hire in
the next 12 months






68% plan to hire

new full-time
employees




45% are
offering increased
wages



Poor work habits

still #1




Firms Reporting Applicant Shortages in Functional Areas






Skill Levels Needed to Meet Skill Shortages



21%

Nonprofit
Organizations

Current Partnerships to Source Talent

19%%

Training
Institutions

16%

School
Districts or
Individual K-
12 Schools

15%6

4-year
colleges

14%

2-year
colleges

12%
8%
5%
Job Centers Missouri Other
or Workforce Dept. of
Investment Higher
Boards Education
and
Workforce

Development



Young Adult Work-based Learning Experiences Offered

Career shadowing

Paid internships
Classroom presentations
Unpaid internships

Youth apprenticeships

Field trips



Employers Remote Work Policy



Expected Change in the Number of Remote
Workers Over the Next 12 Months

204 34
2023 12%

Increase
2021 22%

2022 1
I 27

75%
Stay the same 59%

Decrease



Employee Attitudes Toward Training



Annual Amount Spent on Training per Employee



Employers Transitioning From a Degree-Focused
Hiring Approach



Spotlight on Startups
and Job Creation







12,812

5,793

St. Louis Region First-time Startups and Jobs
Created by Year

2015

17,503
15,405 14,945 14,818 14,884 15,313
12,687
11,663
7,995
7,275 7,103 7,399 7,320 7,780
—— =0 ——
5,380 - Nss
2016 2017 2018 2019 2020 2021 2022 2023
—&— # Startups # Jobs



St. Louis Region Jobs Created by Startups (2015-2023)



Spotlight on Health Care




St. Louis region
added 4,004 health
care and social
assistance jobs
in 2023.



Top Five St. Louis Industry Employment



St. Louis MSA Health Care Employment by Subsector

74,902
66,153
62,858
58,328
51,647
34,067 34,223
29,451
Nursing and Residential Care Social Assistance Ambulatory Health Care Hospitals
Facilities Services

w2013 2023
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