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Data is transforming every aspect of our world




Artificial Intelligence and Chronic Disease

Public Health Practice, Population Health and Healthcare Operations for Chronic
Disease Management & Surveillance are being driven by Advanced Technologies

Operations now need to be shifted to meet the needs of individuals living with chronic disease
conditions

Few examples:

« Transition from clinician’s full authority to multi-disciplinary teams managing the patient and
emphasizing patient-centered care

« Transition from occasional patient monitoring during clinic visits to continuous monitoring of
patient’s condition and data outside of the healthcare setting

« Transition from prioritizing volume of care to providing value of care for patients to improve quality
and promote health equity

« Transition from inadequate allocation of public health resources to improve and optimize efficiency

in health resource allocation through geographic and asset area mapping with real-time population
data and optimize care in underserved areas



ARTIFICIAL INTELLIGENCE, MACHINE
LEARNING, DEEP LEARNING, NATURAL
LANGUAGE PROCESSING:

What are they, and how are they being
used in health and healthcare?



Artificial Intelligence (Machine Learning, Natural Language & Deep Learning)

Artificial Intelligence

Machine Learning

Natural
Language
Understanding

IBM Watson Health / © 2022 IBM Corporation

O Artificial Intelligence (AI) — simulating human

intelligence and its application for a specific
practical purpose?

O Natural Language Processing (NLP) — a
system of algorithms or programs that
understands language, syntax, semantics?
Natural Language Understanding (NLU) —is a
subset of NLP that deals with machine
comprehension that includes relationships,
inferencing, sentiment?

Machine Learning (ML) —a subdomain of Al
pertaining to the family of algorithms that share
a capacity to iteratively elucidate patterns

(i.e., learn) to optimize tasks like prediction or
classification?®

O Deep Learning (DL)- a subset of ML that learns
using very large data sets using artificial neural
networks?

1. Benjamins JW et al. Neth Heart J. 2019;27(9):392-402
2. Jurafsky D, Martin JH. Speech and Language Processing. 2 Ed. Prentice Hill. 2009.
3. Mitchell TM. Machine Learning. McGraw Hill. 1997.



https://link.springer.com/article/10.1007/s12471-019-1286-6

Data Analytics: Spectrum and Complexity

Big Data
Input Features: Age, Race, Ethnicity, Gender, Clinical, Cultural, Environmental, Social,
Behavioral, Neighborhood, Genomic, Nutrition, Dietary, Lab, lmaging, Sensor, Biomarkers etc.

1)
Machine Learning (ML)

Artificial Intelligenc

Advanced Analytics Algorithms employ:
Supervised, Unsupervised,
Semi-supervised (Hybrid) or

Analytics Reinforcement Learning

Descriptive Analytics,
Predictive Analytics,
Prescriptive Analytics,
Similarity Analytics,

Models Algorithm Types: commonly ML: Conventional ML: Deep Learning
Predictive Models, used (supervised learning) Learning Neural networks with many
Causal Inf.erence Mgdels, ) Support Vector Machine (SVM) Neural networks with a hierarchical layers of
Hypothesis Generation, Testing Decision Trees or Classification single hidden layer or nonlinear information
and Scoring, Personalized K-Nearest neighbors (KNN) support vector orocessing
Predictive Modeling Naive Bayes machines
Disease Progression Modeling Fuzzy Logic

References: Dankwa-Mullan, I. Perez-Stable E et. al eds The Science of Health Disparities Research; 2021 Wiley



Spectrum of Advanced Analytics - Machine Learning and

AI Techniques

What should happen?

Prospective Data ( oo ]
Prescriptive

‘ Causal Inference ’

- Simulation Analysis

What will happen? i <
- Behavior profiling and

How has it happened? _— analvsis
Retrospective Data ( Predictive ] - Causal inference - Dec\:/ision—support
Similarity analysis systems and analytics
. 2 Anal tics - Forecasting and - Confounder and

Why has it happened: y Statistical Analysis S%iition bia‘s

What has happened? - Predictive Modelin SR IENERNCENN
PP ‘ Explanatory - Patient Stratification and - Hypothesis tes,tingg difference analysis
Cohort Analysis - Risk stratification - Instrumental variables
Descriptive ’ - Data profiling - Clustering - Regression

- Categorization - Real world evidence and discontinuity designs

- Classification observational analysis - Fixed effects panel
- Patterns, trends, - Patient Segmentation - Clinical care and data analysis
similarities or treatment outcomes
associations pathways
- Data streams
- Reports

- Statistics: Mean,

d ’ i ’ . . . . . ) . -
Zgnjarvjﬂicic;on Age, Race, Ethnicity, Gender, Clinical, Cultural, Environmental, Social, Behavioral, Neighborhood,

Genomic, Nutrition, Dietary, Lab, Image, Sensor, Biomarkers etc.

Analytics Applied to Real Time Datasets

Insights Decisions Action

References: Dankwa-Mullan, I. Perez-Stable E et. al eds The Science of Health Disparities Research; 2021 Wiley
Dankwa-Mullan, I -



Some applications of Artificial intelligence and Machine Learning in medicine and health care

1) Pre-clinical and % Clinical pathways e.g,, 5 Patient-facing
translational research e g., diagh0§tic5. mak_ing o applications e.g., delivery
drug discovery and genomic Rredlct|0n§ and |de.n't|fy|'ng of therapies or the provision
medicine, precision medicine risk or patient stratification of information, clinical

decision-making

@

—

Vv — .q

¥ -

~ . X = i
Population-level __ Interpretation of . Optimizing healthcare
2 | applications e.g., .4 ) Medical Images | (? " delivery processes

understanding non- Improved accuracy for Process optimization e.g.,
communicable chronic radiology tasks such as procurement, logistics, and
diseases, identifying epidemics screening, diagnosis, risk staff scheduling

prediction and early
intervention
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AI Insights for Chronic Disease Management & Surveillance

How do |
optimize What are the

allocation of practice-based
limited evidence for

resources for clinically

diverse patient sifnilar
:cc::v:r(;?gl; otid) GLENTE O How do | detect patients?
detect patient deviation in care
populations at of standard for

risk of disease my patients?
progression? What is the

impact of the What near-term
intervention in interventions
different patient best prom.ote
Who has the cohorts? health equity?
highest risk Who will likely

for hospital incur the
admission? highest total
What are the cost?

strongest risk Can it be
factors? prevented?



Public Health Surveillance and Management

Population-level applications e.g., identifying epidemics and
understanding non-communicable chronic disease prevalence,
associated social determinants and risk factors




Using Data, Al and Technology to monitor and respond to COVID-19

Gauteng Province, South Africa

The dashboard was
designed to address three
key questions for policy
makers:

1. Where are the current
hot spots of infection?

2. What are the
predictions for the
spread of the virus?

3. What are the risk
factors that make
certain communities
more susceptible than
others?

Deaths v ests
14889 563891 3800190
T T 242 f 16387
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Using Data, Al and Technology to monitor and respond to COVID-19

Rustenburg

Gauteng Province, South Africa

« How many active cases are there in my
neighborhood?
 When s the predicted peak for my

neighborhood?
* Are the number of cases rising or falling in

the area of my local supermarket? =]
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* The objective of the study was to introduce \"({i‘n

predictive / algorithmic modeling and 2
machine learning approaches to the study of x
health determinants and COVID-19 mortality T

across the United States.

* We used a hierarchical machine-learning
clustering algorithm approach to identify the
population-level demographics, disease risk
factors and SDoH characteristics that drove
COVID-19-related risks for mortality in
different county clusters.

TEAM: Hu T. Huang PhD?, Sarah Kefayati PhD?%, Cheryl R. Clark
MD ScD?, Anita M. Preininger PhD1, Tiffani J. Bright PhD1,
Gretchen Jackson MD PhD3, Irene Dankwa-Mullan MD MPH1

=:} ] "_,—""”‘



Results

Clusters of U.S. XL
counties based on el anL
disease risk, health - bl
prevalence and aben S e Vit
sociodemographic R LR e
similarities 4l : “ | T I

Top Ten distinctive features were:

* Proportion of the Hispanic
population

* Proportion of non-Hispanic White o~
population T

* Population not proficient in English

* Population with some college
degree

* Uninsured adults

* % Smokers

* % in Fair-poor health,

* Area Deprivation Index

* Social Vulnerability Index (overall)

* Minority Status & Language

Cluster_1
Cluster_2
Cluster_3
Cluster 4
Cluster 5
Cluster_6
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LEVERAGING AI INSIGHTS FROM DATA:

Examples of collaborative opportunities to address
chronic disease in community and public health?



Collaboration with Health Systems and

Stakeholders

Identifying Collaborative Strategies to
Address Social Needs and Health Equity:
Developing a Hospital Social Needs Index

Mahil Senathirajah, Irene Dankwa-Mullan, Gary
Pickens, Richele Benevent, Bruce Spurlock

CalHospitalCompare: Multistakeholder
collaborative of CA Hospitals, Health Plans,
Employers, CA Dept. of Healthcare Access and
Information (HCAI), Patients, Quality Innovation
Networks (QIN/QIO), Covered California, Hospital
Quality Institute etc.

Acknowledgements: Public Health Alliance of
Southern California




Addressing Social Needs of Patients and communities

California Healthy Places Index

* Developed by Public Health Alliance of Southern California

« 25 component measures, 8 domains, multiple data sources

«  Domain weighting based on prediction of Life Expectancy at Birth

Economic Education Healthcare Housing Neighborhood Environment

Poverty
Employment
Income

0.32

Pre-school Insured adults Severe cost Retail jobs Diesel PM
enrollment burden low Supermarket access Ozone
High school income; Parks PM 2.5
enrollment renters, Tree canopy Drinking Water
Bachelor’s owners Alcohol establishments
degree Homeowner
attainment ship
Kitchen and
plumbing
Crowding
0.19 0.05 0.05 0.08 0.05

Healthy Places Index Policy Action Areas (Domains), Weights and Individual Indicators

Social

Two parent
household
Voting

0.10

Transportation

Healthy commuting
Automobile access

0.16
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Martin Luther King, Jr. Community Hospital

Hospital HPI Score: -0.74
Total Admissions: 8,221

Metric Shown

Proportion of Cases from ZIP

Hospital Healthy Places Index Scores
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Addressing Social Needs of Patients and communities

Figure: Geographic mapping of zip code-level social needs index (SNI) based on Hospital-specific Patient Origin
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2 Diabetes Equity
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Other Mapping -
Chronic Disease
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Population Health Management
— Decision-support tools,

Health Equity Dashboards

Poverty Dashboard Series, San Diego County
Areas of Persistent Poverty (APP) and Historically Disadvantaged Communities (HDC)
Hover over a census tract to view census tract name, Health and Human Services Agency (HHSA) Region, Subregional Area (SRA), Supervisorial District to which it belongs,

Gini Index, proportion of population below 100% Federal Poverty Level (FPL), proportion of population below 200% FPL, and proportion of households receiving food stamps.
Alternatively, use the search bar below the map to search for a census tract.

Areas of Persistent Poverty Historically Disadvantaged Communities
An “Area of Persistent Poverty” is defined for the RAISE grant program by the Historically Disadvantaged Community: For the purpose of the 2022 Notices of
2021 Consolidated Appropriations Act. A project is located in an Area of Persistent Funding Opportunity, and consistent with OMB’s Interim Guidance for the Justice40
Poverty for the RAISE grant program if the census tract in which the project is Initiative, Historically Disadvantaged Communities include (a) certain qualifying
located has a poverty rate of at least 20 percent as measured by the 2014-2018 5- census tracts, (b) any Tribal land, or (c) any territory or possession of the United
year data series available from the American Community Survey of the Bureau of States.?

the Census.?

e 20 mi e 20 mi
© 2023 Mapbox © OpenStreetMap © 2023 Mapbox © OpenStreetMap
. . . . S o
Area of Persistent Poverty Select census tract of interest to highlight on map Historically Disadvantaged Community <
[ Yes [ Yes
[]No []No
[ Military Census Tract* [ Military Census Tract*

Gini Index of Income Inequality: A higher Gini index indicates greater inequality, with high-income individuals receiving much larger percentages of the total income of the population.

**San Diego County Health Equity Zip Codes: Based on how much area in each zip code is also a Healthy Places Index Health Equity Quartile (HEQ) census tract, 34 zip codes were
identified to have at least 25% of the area in a HEQ census tract. Additionally, 5 zip codes were identified to have high burden of COVID-19 (defined as a cumulative case rate of at least
10,000 COVID-19 cases per 100,000 population).

~An "Area of Persistent Poverty" is defined by the RAISE (Rebuillding American Infrastructure with Sustainability and Equity) grant program by the 2021 Consolidated Appropriations
Act. A "Historically Disadvantaged Community" is defined for the RAISE program in the 2022 NOFO, consistent with OMB (Office of Management and Budget)'s Interim Guidance for
the Justice40 Initiative.

*Data not shown for census tracts with military barracks or majority population living in military group quarters.

Sources: U.S. Department of Transportation, Areas of Persistent Poverty Project (APP) and Historically Disadvantaged Community (HDC) Status Tool,

https://datahub.transp n.g ories/s, ij Accessed 5/16/2022. San Diego County Health Equity Zip Codes, % QHHSA
idemiol COVID-

19¢ Vaccinati 20Report.pdf. Accessed 5/27/2022. 2015-2019 American Community Survey 5-Year Estimates,
Tables B17024, B19083, DP03. PZLVE WELL ('mR

Prepared by: County of San Diego, Health and Human Services Agency, Public Health Services, Community Health Statistics Unit, June 2022.
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Population health management and
patient-centered care

Developing Predictive Models, Risk and Clinical pathways e.g.,
diagnostics, making predictions and identifying patients at risk for
worse outcomes




What is my patient’s risk of developing condition X?

= Feature Engineering and
Selection
>
(@‘o . . .
Predictive Modeling

Personalized Predictive
Modeling

Multi-Task Learning

Courtesy: Kenny Ng

Index Risk of
Date Disease

. - Diagnosis
Observation ; Pre_dlctlon Date
Window ,. \ Window
'Y | A\

Longitudinal Agareqation Feature |
Patient Data ggreg Vector/Matrix

Representation



Question: What are my patient’s top risk factors?

Feature Engineering

Feature and Model
Selection

Causal Inference

) Model Introspection and
Interpretation

Courtesy: Kenny Ng
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Predict Clinical Pathways with a treatment plan or intervention

Question: What happened to patients with similar features as my patient with a chronic condition?

MR R— M— :
ML . . . . R ‘ I F—“ [+ \ e
ﬁ Patient Similarity . — ’:'i' '
) - = e
% | j‘ ’ | rﬁ 1: L 9 months
-7 Temporal Event Sequence TR ’ =
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- i i e
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Courtesy: Kenny Ng
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Patient 360
Overview

Population Health
Management -
Decision-support tools,

Overview
Patient Portal

Download

Health Equity
Dashboards

Show Filters

Appointment Summary

Quality of life

Day-to-Day Practical Concerns (2

Health Check (2)
MY | have moderate problems in walking about
v@ I have severe problems washing or dressing myself

B v ight prbiems ding my vt acivies

\

Patient Discovery Connecting Life to Care Platform-©
Patient Discovery Solutions

a Painy Discomf
1 have slight pain or discomfort

remely anxious or depressed

615

Total Patients

31,134

Total
Procedures

Assessment of health and
social care needs (procedure)

Depression screening
(procedure)

Depression screening using
Patient Health Questionnaire..

Assessment of substance use
(procedure)

Auscultation of the fetal heart

Service Provider

Hallmark Health System

Lowell General Hospital

Cambridge Health Alliance

Mount Auburn Hospital

8/29/21 2127122

8/29/21 2/27/22

|2.531
|2.122
|1.905
|1.779

|1.473

Signature Healthcare Brockton Hospital

333 Male
Female Patients 282 4 1 years old
2 82 Female
. 333 Average Age
Male Patients 20 30 40 50
76 14,922
9
Total -
Encounters Total Visits
8/29/21 2027122 8/29/21
Stress (finding) |559 Hallmark Health System
Full-time employment (finding) |521 Lowell General Hospital |547
Limited social contact (finding) |377 Cambridge Health Alliance |532
Social isolation (finding) |365 Baystate Medical Center |513
Received higher education |357 i
(finding) Newton-Wellesley Hospital |448
Gender Procedures Encounters Visits |
14
| 1,981 | 131 |
16
6
| 1,586 | 42 | 359
9
11 | 1466 | 68 | 547
12 ’
7
| 1,421 | 84 | 532
18
0
! | 1,165 | 74 | 413
12

Health Data Interoperability Brickbuilder by Lovelytics
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Population Health Management and Decision-support tools

Personalized Comparative Effectiveness

Objective

| LBy ey ol
Identify most P e i
aeffecte
treatmant = <| - 1y
option for a v/ Yy
given pabent AT
Predict Patient Clinical Pathway
Objective

Patient Similarity
Objective '
Find clinically
similar patiants for |
decisionsupport | ! | «.
and Comparative
Effectiveness o

Analyze patient's

longitudinal records to
modeal tha future nsk
of developing adwerse
conditions

—I—F

Visualize Disease Pathways

Predict and
- visualze pabent
disaase
prograssion
@ Visualize Population Cohorts

m‘ Objective

Visualze populations
through interactive
multi-dimansional
exploration of inter-
: cluster and inra<cluster
= ralationships

Patient / Provider Matching

Maich patients with
providers based on

Objective
q“

similanty analytics
and optimal
parformance
charadenstics’

And many more Clinical
Decision-support tools in
healthcare settings

% Medication management, drug

interactions and toxicology —

e.g., Micromedex®

Alerts and Reminders

Checklists and

Recommendations

% Clinical workflow- e.g.,
cardiovascular care via
workflow

% Bedside clinical assessment



Al Bias Algorithm Model Assessments:

Al bias is a general concept that refers to Label Bias

the fact that an AI system has been Modeling Bias
designed, intentionally or not, in a way Population Bias

that may make the system's decisions or Measurement Bias
use unfair. Missing validation bias

Human Use bias

Bias can be present both in the algorithm of the
Al system and in the data used to train and test
it. Al bias can emerge in an Al system as a result
of cultural, social, or institutional
expectations;

because of technical limitations of its design;
by being used in unanticipated contexts or by
making decisions about communities that are
not considered in the initial design.




Five Broad Aspects of Bias Across the Data Generation and Technology Development Continuum

Evidence

&\

Research bias:

Lack of equitable
standards around how
our science is funded,
conducted, reviewed,
published and
disseminated; lack of
inclusion in clinical trials
and researcher diversity,
evidence-base & real-
world data

Experience/ Expertise

A4

Provider bias:

Provider expertise and
experience; cognitive
biases and in-group
biases;

Lack of health data
insights and evidence;
unconscious biases, pre-
existing stereotypes or
discriminatory practices
from providers or health
professionals

Exclusion

Embedded data bias:
incomplete health data,
e.g., missing data or
incomplete data in EHR's
Favoring those groups
who have robust health
data profiles; Data bias in
sample selection,
modeling structure and
selection of metrics for
predictions Lack of
cohort diversity; training
data not representative

Environment

Data invisibility:

Lack of data on those
important factors — such
as the social
determinants of health or
other environmental
factors that can trigger
discriminatory outcomes

Ref: Dankwa-Mullan I, Weeraratne D., Artificial Intelligence and Machine Learning Technologies in Cancer
Care: Addressing Disparities, Bias and Data Diversity, Cancer Discov. 2022 12(6)

Data empathy:

Lack of knowledge,
understanding and/or
experience about the
people, places, factors
that make up the data —
unable to recognize the
bias and optimize
analysis; lack of
knowledge of data
source and real-world
evidence or social
implications



Integrate Equity and Racial Justice Principles into Ethical AI Framework
for tool development in healthcare

Al ethics I.Ethlcal. Al
Dimensions

Goal is to understand how to

optimize Al's beneficial

. P . . . Accountability Human Autonomy
impact while reducing risks Impact of Algorithms Inclusion

and adverse outcomes for all Data Responsibility Social Cohesion
Design equity Inclusive Technology

stakeholders in a way that Discrimination and Bias Moral Agency

prioritizes human agency and Empathy Privacy Protection
Explainability Robustness, Safety

well-being, as well as Fairness Transparency and Trust
environmental flourishing. Human Oversight vale Al e

Dankwa-Mullan, I. Scheufele E., et al. "A Proposed Framework on Integrating Health Equity and Racial Justice into

the Artificial Intelligence Development Lifecycle." Journal of Health Care for the Poor and Underserved, vol. 32 no.
2,2021, p. 300-317..



doi:10.1353/hpu.2021.0065.
doi:10.1353/hpu.2021.0065.

The Human Part of Artificial Intelligence




Humanity and Empathy in Aland ML
Technologies

Our patients and populations are the recipients
of care and as such should be at the center of
health care. The “high-tech’ is only part of the

solution. Our AI and machine learning
technologies should function at the service of
humanity.




Thank you!

Irene Dankwa-Mullan MD MPH
Email: Irene.Dankwamullan@gwu.edu
LinkedIn - irene-dankwa-mullan-md-mph-

98324027/
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