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Topics

• Why Artificial Intelligence (AL) in healthcare?

• What is AI? Machine Learning (ML)?

• How is it actually being used in healthcare?

• Round table discussion
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Healthcare Industry Is Rapidly Changing

Evolving   

Payment   

Models & 

Regulations

Consumer & 

Employer 

Pressures

Digital

Society

• MACRA

• Promoting Interoperability

• Data Blocking (ONC Proposed Rule)

• HIPAA and emerging “GDPR” – especially with 

data capture and exchange

• Evolving Payments (e.g., Medicare Advantage, 

MSSP)

• Haven

• Walmart

• Amazon (on its own)

• More direct to employer (e.g., 

bundles, direct contracting)

• Many generations with differing needs, 

views, etc. 

• Digital giants and new entrants with lower 

barriers to enter (in some areas)

• Combinatorial technologies and trends

3© Himformatics 2019

Artificial Intelligence and 

Machine Learning are 

being heralded as key 

enablers to success



AI & Machine Learning In Healthcare
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AI & Machine Learning In Healthcare
Enabling Predictive and Prescriptive Analytics

Source:  HIMSS Analytics. “2017 Essentials Knowledge Series: Clinical & Business Intelligence.” Sep 25, 2017.

Gartner’s Analytics 

Ascendancy Model

Prescriptive Analytics

Predictive Analytics

Diagnostic Analytics

Descriptive Analytics
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Duke

UNC

Rush

Geisinger



What is AI? Machine Learning?
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What is AI? Machine Learning?

Source: https://www.differencebetween.com/difference-between-machine-learning-and-vs-artificial-intelligence/
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Remind me: What is AI? Machine Learning?
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Example AI/ML Case Studies Presented at HIMSS2019
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WHAT

Provide ranked treatment options for breast cancer patients

HOW

• EHR Abstracted observational database of cancer 

patients

• Compares outcomes of similar patients to current 

patients

• IBM Watson for Oncology (WfO)

IMPACT

Physician selected  ‘Not Recommended’ option 24.5% of 

time without support vs 4.7% of time with support 

Hackensack Meridian Health
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Example AI/ML Case Studies Presented at HIMSS2019
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WHAT

Reduce Clinical Variation & LOS

HOW

• Unsupervised learning – topology – to group patients

• Identify ‘goldilocks group’ – better outcomes, lower cost 

– and develop care path

IMPACT

$198K in savings for Pneumonia, COPD, CHF, Septic 

Shock, Sepsis w/o Shock

Flagler Hospital
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Example AI/ML Case Studies Presented at HIMSS2019
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WHAT

Keepers vs Leakers

HOW

• K-means clustering

• Identify unique traits of ‘leakers’

IMPACT

Found ‘leakers’ tended to be in far western suburbs, had 

twice the rate of cognitive disease

Cleveland Clinic
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Example AI/ML Case Studies Presented at HIMSS2019
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WHAT

COPD Chronic Care Management

HOW

• Identify at-risk & undiagnosed patients

• Identify factors driving risk & interventions to prevent 

avoidable ER or IP stay 

• Jvion Cognitive Machine

IMPACT

• Identified COPD patients at 30x increased risk

• 50% reduction in avoidable admissions for COPD

Geisinger
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Round Table Discussion

• Is your organization using AI/Machine Learning today? If so, what are you 

using it for?

– Are you using self-developed models or using vendor-developed AI/ML 

models/solutions? 

• What areas in your organization have the greatest potential to benefit from 

use of AI/ML?  

• What ‘keeps you up at night’ related to use of AI/ML in your organization? 

• What barriers  impede use of AI/Machine Learning in your organizations? 

• What facilitators could help you start/expand/sustain your use of AI/ML?
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Closing Thoughts

To use AI and Machine 

Learning to drive change, it 

takes more than just data 

& technology…
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Appendix
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Getting started

• Start small

• Bake in ROI from the start

– Choose a high-profile project

– Prove the value & impact on the patients & the organization

– Who are stakeholders best equipped to help realized value

• Fail fast and often (and as cheaply as possible)

• Good methodology is crucial

– Bring physicians in early

– Use an iterative approach

– Include model refresh as models get stale over time

• Transparency and explainability are key to success

• Operationalizing AI/ML requires a different skillset than developing the model

• Consider biases and ethics
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Facilitator: Platforms and Governance to Shorten ‘Time-to-Insight’

Source: Press, G. “Cleaning Big Data”. Forbes. March 23, 2016 
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https://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/#319097b86f63


Facilitator: Data Stewardship to Shorten ‘Time-to-Insight’

Lack of data stewardship and lack of the fit-for-purpose analytics tools 

increase the knowledge and effort required for self-service access
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Assessing Model Fit & Utility

Sources: 

• https://www.healthdatamanagement.com/news/most-studies-evaluating-ai-in-radiology-didnt-validate-the-results?utm_campaign=MorningRounds-

Apr%2011%202019&utm_medium=email&utm_source=newsletter

• https://synapse.koreamed.org/DOIx.php?id=10.3348/kjr.2019.0025
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“Of 516 studies published between Jan. 1, 2018, and 

Aug. 17, 2018, only 6 percent of the studies 

performed any external validation. However, none of 

those studies adopted all of the recommended design 

features for robust validation of the clinical performance 

of the artificial intelligence algorithms.”

https://www.healthdatamanagement.com/news/most-studies-evaluating-ai-in-radiology-didnt-validate-the-results?utm_campaign=MorningRounds-Apr%2011%202019&utm_medium=email&utm_source=newsletter
https://synapse.koreamed.org/DOIx.php?id=10.3348/kjr.2019.0025
https://www.healthdatamanagement.com/news/most-studies-evaluating-ai-in-radiology-didnt-validate-the-results?utm_campaign=MorningRounds-Apr%2011%202019&utm_medium=email&utm_source=newsletter


Assessing Model Fit & Utility
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Confusion Matrix
Actual

Positive Negative

Predicted
Positive a b Positive Predictive Value =    a / (a+b)

Negative c d Negative Predictive Value =   d / (c+d)

Sensitivity = 

a / (a+c)

Specificity = 

d / (b+d)
Accuracy =  (a+d) / (a+b+c+d)


