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Data is transforming every aspect of our world
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Artificial Intelligence and Chronic Disease

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

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

Deep 
Learning

Natural 
Language 

Understanding

Natural Language 
Processing

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

Artificial Intelligence (AI) – simulating human 
intelligence and its application for a specific 
practical purpose1

Natural Language Processing (NLP) – a 
system of algorithms or programs that 
understands language, syntax, semantics2 
Natural Language Understanding (NLU) – is a 
subset of NLP that deals with machine 
comprehension that includes relationships, 
inferencing, sentiment2 
Machine Learning (ML) –a subdomain of AI 
pertaining to the family of algorithms that share 
a capacity to iteratively elucidate patterns 
(i.e., learn) to optimize tasks like prediction or 
classification3

Deep Learning (DL)– a subset of ML that learns 
using very large data sets using artificial neural 
networks3

1. Benjamins JW et al. Neth Heart J. 2019;27(9):392-402
2. Jurafsky D, Martin JH. Speech and Language Processing. 2nd Ed. Prentice Hill. 2009.
3. Mitchell TM. Machine Learning. McGraw Hill. 1997.
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https://link.springer.com/article/10.1007/s12471-019-1286-6


Machine Learning (ML)

Artificial Intelligence (AI) 

Advanced Analytics

Spectrum of Data Analytic Techniques: AI / Machine Learning

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

ML: Conventional 
Learning

ML: Deep Learning

Big Data

Neural networks with a 
single hidden layer or 
support vector 
machines 

Neural networks with many 
hierarchical layers of 
nonlinear information 
processing 

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

Artificial Neural Networks (ANN)
Support Vector Machine (SVM)
Decision Trees or Classification
K-Nearest neighbors (KNN)
Naïve Bayes
Fuzzy Logic

Analytics

Algorithm Types: commonly 
used (supervised learning)

Algorithms employ: 
Supervised, Unsupervised, 

Semi-supervised (Hybrid) or 
Reinforcement Learning

Predictive Models, 
Causal Inference Models, 
Hypothesis Generation, Testing 
and Scoring, Personalized 
Predictive Modeling
Disease Progression Modeling

Models

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

Data Analytics: Spectrum and Complexity



Descriptive

Explanatory

Similarity 
Analytics

Predictive

Causal Inference
Prescriptive

- Patterns, trends, 
similarities or 
associations 
- Data streams
- Reports
- Statistics: Mean, 
mode, variance, 
standard deviation

What has happened?

Why has it happened?

What will happen?

What should happen?

- Data profiling
- Categorization
- Classification
- Patient Segmentation

- Forecasting and 
Statistical Analysis
- Predictive Modeling
- Hypothesis testing
- Risk stratification

- Simulation Analysis
- Behavior profiling and 
analysis
- Decision-support 
systems and analytics

- Patient Stratification and 
Cohort Analysis
- Clustering
- Real world evidence and 
observational analysis
- Clinical care and 
treatment outcomes 
pathways

- Causal inference 
analysis
- Confounder and 
selection bias
- Difference in 
difference analysis
- Instrumental variables
- Regression 
discontinuity designs
- Fixed effects panel 
data analysis

Analytics Applied to Real Time Datasets 

Retrospective Data

Age, Race, Ethnicity, Gender, Clinical, Cultural, Environmental, Social, Behavioral, Neighborhood, 
Genomic, Nutrition, Dietary, Lab, Image, Sensor, Biomarkers etc. 

Insights Decisions Action

How has it happened?

Prospective Data

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

Spectrum of Advanced Analytics - Machine Learning and 
AI Techniques



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



AI Insights for Chronic Disease Management & Surveillance

How can I 
accurately 

detect patient 
populations at 
risk of disease 
progression? What is the 

impact of the 
intervention in 

different patient 
cohorts? 

How do I detect 
deviation in care 
of standard for 
my patients?

Who has the 
highest risk 
for hospital 
admission?
What are the 
strongest risk 

factors?

How do I 
optimize 

allocation of 
limited 

resources for 
diverse patient 
with diabetes 

What near-term 
interventions 
best promote 
health equity?

Who will likely 
incur the 

highest total 
cost?

Can it be 
prevented?

What are the 
practice-based 

evidence for 
clinically 
similar 

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

Public Health Surveillance and Management



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

Gauteng Province, South Africa
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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?



Gauteng Province, South Africa
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• How many active cases are there in my 
neighborhood?

• When is the predicted peak for my 
neighborhood?

• Are the number of cases rising or falling in 
the area of my local supermarket?

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



• The objective of the study was to introduce 
predictive / algorithmic modeling and 
machine learning approaches to the study of 
health determinants and COVID-19 mortality 
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.

Race, Social Determinants and COVID-19 
Mortality Patterns in the United States

TEAM: Hu T. Huang PhD1, Sarah Kefayati PhD1, Cheryl R. Clark 
MD ScD2, Anita M. Preininger PhD1, Tiffani J. Bright PhD1, 
Gretchen Jackson MD PhD1,3, Irene Dankwa-Mullan MD MPH1



Clusters of U.S. 
counties based on 
disease risk, health 
prevalence and 
sociodemographic 
similarities

Top Ten distinctive features were: 
• Proportion of the Hispanic 

population
• Proportion of non-Hispanic White 

population
• 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

Results



Correlation 
heatmap of the 
county clusters and 
COVID-19 mortality 
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LEVERAGING AI INSIGHTS FROM DATA:
Examples of collaborative opportunities to address 

chronic disease in community and public health?



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 
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Collaboration with Health Systems and 
Stakeholders



19

Addressing Social Needs of Patients and communities

Economic Education Healthcare Housing Neighborhood Environment Social Transportation

Poverty
Employment
Income

Pre-school 
enrollment
High school 
enrollment
Bachelor’s 
degree 
attainment

Insured adults Severe cost 
burden low 
income;  
renters, 
owners
Homeowner
ship
Kitchen and 
plumbing
Crowding

Retail jobs
Supermarket access
Parks
Tree canopy
Alcohol establishments

Diesel PM
Ozone
PM 2.5
Drinking Water

Two parent 
household
Voting

Healthy commuting
Automobile access

0.32 0.19 0.05 0.05 0.08 0.05 0.10 0.16

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

Healthy Places Index Policy Action Areas (Domains), Weights and Individual Indicators 
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Level of penetration : Proportion of patients 
being seen at a hospital by zip code

Level of penetration : Zip Code 
Healthy Places Index by 
hospital service area

Urban 
Hospital- High 
Social Needs
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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

The map illustrates the 
social needs, based on 
the Healthy Places Index 
score of zip codes 
served by the hospital. 
Darker color indicates 
greater social need 

Rural  
Hospital
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Other Mapping – 
Chronic Disease
- E.g. Diabetes

Collaboration 
with Technology 
partners
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Population Health Management 
– Decision-support tools, 
Health Equity Dashboards
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Developing Predictive Models, Risk and Clinical pathways e.g., 
diagnostics, making predictions and identifying patients at risk for 
worse outcomes

Population health management and 
patient-centered care



Courtesy: Kenny Ng

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



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

Courtesy: Kenny Ng



Predict Clinical Pathways with a treatment plan or intervention
Question: What happened to patients with similar features as my patient with a chronic condition?

Courtesy: Kenny Ng



Population Health 
Management – 
Decision-support tools, 
Health Equity 
Dashboards

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



Population Health Management and Decision-support tools

And many more Clinical 
Decision-support tools in 
healthcare settings

v Medication management, drug 
interactions and toxicology – 
e.g., Micromedex® 

v Alerts and Reminders
v Checklists and 

Recommendations
v Clinical workflow- e.g., 

cardiovascular care via 
workflow

v Bedside clinical assessment
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Algorithm Model Assessments:

• Label Bias
• Modeling Bias
• Population Bias
• Measurement Bias
• Missing validation bias
• Human Use bias

AI Bias

AI bias is a general concept that refers to 
the fact that an AI system has been 
designed, intentionally or not, in a way 
that may make the system's decisions or 
use unfair.

Bias can be present both in the algorithm of the 
AI system and in the data used to train and test 
it. AI bias can emerge in an AI 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.



Experience/ Expertise Exclusion Environment Empathy

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

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

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

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

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

Evidence

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)

Five Broad Aspects of Bias Across the Data Generation and Technology Development Continuum
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§ Accountability
§ Impact of Algorithms
§ Data Responsibility
§ Design equity
§ Discrimination and Bias
§ Empathy
§ Explainability
§ Fairness
§ Human Oversight

§ Human Autonomy
§ Inclusion
§ Social Cohesion
§ Inclusive Technology
§ Moral Agency
§ Privacy Protection
§ Robustness, Safety
§ Transparency and Trust
§ Value Alignment

Ethical AI 
Dimensions

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..

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

AI ethics 

Goal is to understand how to 
optimize AI's beneficial 
impact while reducing risks 
and adverse outcomes for all 
stakeholders in a way that 
prioritizes human agency and 
well-being, as well as 
environmental flourishing.

doi:10.1353/hpu.2021.0065.
doi:10.1353/hpu.2021.0065.
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The Human Part of Artificial Intelligence



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.

Humanity and Empathy in Al and ML 
Technologies
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Thank you!

Irene Dankwa-Mullan MD MPH
Email: Irene.Dankwamullan@gwu.edu
LinkedIn - irene-dankwa-mullan-md-mph-
98324027/

mailto:Irene.Dankwamullan@gwu.edu
https://www.linkedin.com/in/irene-dankwa-mullan-md-mph-98324027/
https://www.linkedin.com/in/irene-dankwa-mullan-md-mph-98324027/

