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Learning Objectives 
● Understand current barriers to improving healthcare using machine 

learning 

● Key concepts in data science, process improvement, and human factors as 
they related to a machine learning implementation project 

● How a multidisciplinary team can be leveraged to develop a machine 
learning solution for a complex healthcare problem 



You are called by hospital leadership . . . 

“We heard about some AI models out there that can predict death and ICU 
transfers.  How do we turn it on in the EHR?  We want to start using it at 
our hospital.”

As the clinical informaticist leading your hospital’s AI implementation 
team, how would you approach this request?



Artificial intelligence vs. machine learning



AI and ML have not translated into real 
world solutions for healthcare 



https://www.technologyreview.com/2020/04/27/1000658/google-medical-ai-accurate-lab-real-life-clinic-covid-diabetes-retina-disease/

“Sounds impressive. But an 
accuracy assessment from a 
lab goes only so far. It says 
nothing of how the AI will 
perform in the chaos of a 
real-world environment.”



How can we change our thinking . . . 



Li, R.C., Asch, S.M. & Shah, N.H. Developing a delivery science for artificial intelligence in healthcare. npj Digit. Med. 3, 107 (2020). 



Healthcare delivery occurs in a complex system 



Creating systems enabled by machine learning . . . 



. . . requires the synthesis of multiple disciplines 

Data Science 

Process Improvement 

Human Factors  

 

Human 
Factors

Data 
Science

Process 
Improvement



Implementing Machine Learning in Medicine
Data Science Perspective

Actionable Arbitrary Ascertainable

Viable 
Important 
Decision

Variable 
Human 

Prediction

Verifiable 
Correct
Result



Machine Learning Breakdown

http://www.isaziconsulting.co.za/machinelearning.html



Prediction / Prognosis Example

James Heilman, MDGoogle.com

Is this patient going to be okay?

Should I admit him to the hospital?

https://commons.wikimedia.org/wiki/User:Jmh649


Prediction Examples

 Risk Scores (Manual):
• CHADS2, ASCVD,
• Wells’, APACHE

 Non-Medical:
• FICO Score
• Bail Determination
• Spam Filter

 Automated Scores: 
• Sepsis Early Warning
• Mortality + Utilization
• Discharge Timing
• OR Scheduling

http://www.mdcalc.com



Threshold Approach Med Decisions

Threshold
to Test

Threshold 
to Treat

0% 100%

Very unlikely. 
Don’t bother 

testing. Move on

Very likely.
Don’t bother 

testing, just start 
treatment

Uncertain.
Pursue testing to 
move probability 
past threshold



Predictive Model Opportunity?

 Predict death in palliative/terminal/ICU patients? – Actionable?
 Administer oxygen for hypoxic patient? – Arbitrary?
 Diversion of prescribed opioids? – Ascertainable?
 Allocate a Scarce Resource or Risky Treatment

• E.g., Organ Transplant Prioritization or Prophylactic Medications

Actionable Arbitrary Ascertainable

Viable 
Important 
Decision

Variable 
Human 

Prediction

Verifiable 
Correct
Result



Prediction as Diagnostic Test Interpretation

https://en.wikipedia.org/wiki/Sensitivity_and_specificity



Visualizing Decision Thresholds

https://github.com/dariyasydykova/open_projects/tree/master/ROC_animation

https://github.com/dariyasydykova/open_projects/tree/master/ROC_animation


Class + Risk Imbalance Decision Threshold



Problem Selection Principles
 Do not want Technology, want Solutions to Problems

• Domain expertise, collaborations, workflows
 Arbitrary? Decision depends on (Human) Estimation

• Separate prediction from action / intervention
 Ascertainable? Data Source > Specific Algorithm

• Clear Outcome / Target / Feedback Available?
 Actionability? Who can respond and how?

• Where to deploy an existing scarce or risky resource
 Explanation essential or over-rated?

• Really need confidence / trust. Explanations are a crutch
 Incentives are everything / Stakeholders?

• Value-based payment in flux. 90% still fee-for-service
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AI Implementation Using Process Improvement Methods
Margaret Smith, MBA

Director of Operations, Stanford Healthcare AI Applied Research Team



Outline

•
•
•
•



Why do we jump to solutions?

…



Why is this a problem for AI implementations?

Presented with an AI solution 
end-users will reverse engineer 
what problem they think the 
solution was designed to solve 
and develop their own criteria 
for success and level of 
importance

• Misinterpretation and misuse
• Disagreement on features and 

what is important
• Propagation of new skeptics
• Projects to fizzle (“the last mile 

problem”)

“If I were given one hour to save the planet, I would spend 59 minutes 
defining the problem and one minute resolving it.” 

- Albert Einstein



Process Improvement - Key Principles



Problem Diagnosis Process

1. Identify a change in performance or sub-par performance

2. Map the critical processes yielding this performance

3. Obtain symptoms and discern the root causes 

4. Prioritize and translate to key drivers for success

5. Assess utility of an AI-enabled solution

6. Design first pilot and conduct PDSA’s



(1) Define the Problem



(2) Map the Critical Processes 

•

•

•

•

•



(3) Gathering Symptoms & Discerning Root Causes

•
•
•

•



(4) Prioritize & Translate to Key Drivers

The Pareto principle states that for many 
outcomes roughly 80% of consequences 

come from 20% of the causes

Vilfredo Pareto

Key Drivers: describe the conditions 
that need to be true in order for 

performance to improve



(5) Assess the Utility of an AI-Enabled Solution

Classic Process Improvement Remediation Techniques:
• Eliminate wasteful activities
• Build consensus for appropriate standardization
• Minimize hand-offs 
• Develop pull based processes reduce mental and physical inventory
• Design work cells 

•Prediction and/or classification?



(6) Design and Pilot

• Conduct future state process mapping sessions 
leveraging design thinking methods and human 
factors engineering principles to stimulate creativity

• Anchor on your key drivers as ‘guardrails’ or 
‘design specifications’

• Balance feasibility, acceptability, efficiency and 
effectiveness 

• Develop prototypes, and conduct body storming 
sessions using real scenarios in a simulated 
environment

• Allows for rapid testing of clinical integration 
workflows and AI model acceptability



Recap

Identify sub-par 
performance

Map the critical 
processes 

Discern the root 
causes 

Prioritize and 
translate to Key 

Drivers

Assess utility of 
AI

Design and 
PDSA



Swaminathan Kandaswamy
Emory University

Human Factors Lens for AI Design, 
Implementation and Evaluation



What is Human Factors?
• Multi Disciplinary Scientific Field

• Including psychology, sociology, engineering, biomechanics, 
industrial design, physiology, anthropometry, interaction design, 
visual design, user experience, and user interface design

• studying human capabilities and understanding of 
interactions among humans and other elements of a 
system

• And applying theory, principles, data and methods to 
design of technology, systems, and processes in order 
to optimize human well-being and overall system 
performance for safety, efficiency, & quality. 

• Used Extensively in other Industries Aviation, 
Automobile, Defense, Nuclear 

39AMIA 2020   |   amia.org



Human Factors – Key Principle
• When introducing new design 

• We don’t redesign humans. 
• We redesign the system within 

which humans work.

• When automation is introduced
•  it transforms the tasks people do
• It does not replace them

40AMIA 2020   |   amia.org



Humans and Automation

• How do we
• increase appropriate use
• decrease misuse and disuse
• avoid abuse

41AMIA 2020   |   amia.org



How do we improve appropriate use, 
reduce misuse, disuse and abuse of AI?

42AMIA 2020   |   amia.org

● Define who does what- Define user, user roles and their tasks; Develop and use level of automation 
framework for Healthcare

● Define which aspect of HIP we are aiding – Understand AI capability and match requirements identified 
via observations, interviews and root cause analysis

● Consider context – Identify and understand contexts via observations, interviews and design interactions 
matching CCM

● Account for range of human behavior – Test choice for HAI by varying prominence, details of 
information, mode of recommendation(advice vs information) etc.

●  Test design alternatives for performance tradeoffs- Performance, Trust (transparency and 
understandability), situational awareness, cognitive workload, motivation and skill degradation

● Long Term-Use – Monitor performance, Iterate and improve design based on feedback

● Avoid reinventing the wheel - Adopt learnings from literature and experience from other industries

● Crash test AI system before actual use!



Human Factors Lens for AI Design, 
Implementation and Evaluation

•Define “who does what?” 
• Identify User Roles and their Tasks – (AI Assistance is not necessarily 

always for  a physician)

• What is the role of clinician and what is the role of AI? 

• This essentially defines type and level of automation (LOA)

43AMIA 2020   |   amia.org

Sheridan, T. B., Verplank, W. L. (1978). Human 
and computer control of undersea 
teleoperators. 



Human Factors Lens for AI Design, 
Implementation and Evaluation

• Define which step(s) of Human Information 
Processing we are aiding automating with AI – 
Not always perception/ decision making

• Human Information Processing

44AMIA 2020   |   amia.org

Sensory 
Processing

Perception / 
Working Memory

Decision 
Making

Response 
Selection

Information 
Acquisition

Information 
Analysis

Decision and 
Action Selection

Action 
Implementation

Parasuraman, Raja & Sheridan, Thomas & Wickens, Christopher. (2000). A model for types and levels of human interaction with automation. IEEE Trans. Syst. Man Cybern. Part A Syst. 
Hum. 30(3), 286-297. IEEE transactions on systems, man, and cybernetics. Part A, Systems and humans : a publication of the IEEE Systems, Man, and Cybernetics Society. 30. 286-97. 
10.1109/3468.844354. 



Human Factors Lens for AI Design, 
Implementation and Evaluation
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 Wickens, Christopher. “Automation Stages & Levels, 20 Years After.” Journal of Cognitive Engineering and Decision Making, vol. 12, no. 1, Mar. 2018, pp. 35–41, doi:10.1177/1555343417727438.

Information 
Acquisition

filter (more, or less, “aggressively”) information from the 
EHR in support of clinician attention,

Information 
Analysis

integrate that information in a manner to form an 
assessment about patient state

Decision and 
Action Selection

recommend an action (labs, tests, monitoring, 
medications etc) to be taken based on the assessed in 
support of clinician's decision making, and

Action 
Implementation

carry out the physical action based on the 
recommended action in support of human muscular 
activity.



Human Factors Lens for AI Design, 
Implementation and Evaluation

• For design specification - Functional 
allocation, roles and responsibility

• Performance trade-offs
• Increased performance and reduced 

workload with increasing automation
•  Degraded Situational Awareness with 

increasing automation 
• Prevent abuse of AI

46AMIA 2020   |   amia.org

Onnasch, Linda & Wickens, Christopher & Li, Huiyang & Manzey, Dietrich. (2013). Human 
Performance Consequences of Stages and Levels of Automation An Integrated Meta-Analysis. 
Human Factors The Journal of the Human Factors and Ergonomics Society. 
10.1177/0018720813501549. 

•Why should we think about LOA?



Human Factors Lens for AI Design, 
Implementation and Evaluation

47AMIA 2020   |   amia.org

•What does 
this look 
like for 
Healthcare?



Human Factors Lens for AI Design, 
Implementation and Evaluation

• Consider Context

48AMIA 2020   |   amia.org

• Strategic vs Tactical 
vs Opportunistic vs 
Scrambled

• With or Without 
Interruptions

• Individual vs Team
• Completing Alerts



Human Factors Lens for AI Design, 
Implementation and Evaluation

• Define and evaluate design 
choices for trade off between 
important human performance 
outcomes

• Cognitive workload
• Trust
• Situational Awareness
• Motivation
• Skill degradation

49AMIA 2020   |   amia.org



Human Factors Lens for AI Design, 
Implementation and Evaluation
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• Users will not always do what designers 
expect them to do

• Automation Bias - propensity for humans to favor 
suggestions 

•  Complacency – satisfaction with current solution but may 
lack awareness of other safer or more efficient options

• Satisficing- behavior to accept most accessible solution 
that meets minimal level of performance, often relying on 
use of the heuristic to reduce cognitive load and speed-up 
performance

• Vigilance decrements

• These result in misuse and disuse of AI
Kate Goddard, Abdul Roudsari, Jeremy C Wyatt, Automation bias: a systematic review of frequency, effect mediators, and mitigators, Journal of the American Medical Informatics Association, Volume 19, 
Issue 1, January 2012, Pages 121–127, https://doi.org/10.1136/amiajnl-2011-000089

• How do we 
evaluate human 
performance?

• How do we 
account for a 
range of human 
behavior?

https://doi.org/10.1136/amiajnl-2011-000089


Human Factors Lens for AI Design, 
Implementation and Evaluation

51AMIA 2020   |   amia.org

•Expanding design questions
• How implementing AI models is going to change social systems? 
• How social systems are going to change use of AI? 
• What is the range of scenarios that need to be considered?
• What interactions could / should be supported?
• How will clinician perform in scenarios that exceed the competence limits of 

AI?

 Smith, Philip J. “Conceptual Frameworks to Guide Design.” Journal of Cognitive Engineering and Decision Making, vol. 12, no. 1, Mar. 2018, pp. 50–52, doi:10.1177/1555343417732239.



Recap - How do we improve appropriate 
use, reduce misuse, disuse & abuse of AI?
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● Define who does what- Define user, user roles and their tasks; Develop and use level of automation 
framework for Healthcare

● Define which aspect of HIP we are aiding – Understand AI capability and match requirements identified 
via observations, interviews and root cause analysis

● Account for context – Identify and understand contexts via observations, interviews and design 
interactions matching CCM

● Account for range of human behavior – Test choice for HAI by varying prominence, details of 
information, mode of recommendation(advice vs information) etc.

●  Test design alternatives for performance tradeoffs- Performance, Trust (transparency and 
understandability), situational awareness, cognitive workload, motivation and skill degradation

● Long Term-Use – Monitor performance, Iterate and improve design based on feedback

● Avoid reinventing the wheel - Adopt learnings from literature and experience from other industries

● Crash test AI system before actual use!



Li, R.C., Asch, S.M. & Shah, N.H. Developing a delivery science for artificial intelligence in healthcare. npj Digit. Med. 3, 107 (2020). 

A multidisciplinary process for developing and 
implementing AI



Real world examples at two academic 
medical institutions 

Children’s Hospital of Philadelphia (CHOP) is 559 
bed pediatric tertiary care hospital and also the 
community hospital for West Philadelphia.

Stanford Hospital is a 605 bed adult tertiary 
care center in Palo Alto, California. 





1. Understanding the problem 
The director hospital quality tells you that the hospital would like to lower 
inpatient morbidity and mortality, and they want to leverage informatics and AI 
to solve this problem. 

How can we better define and understand this problem? 

How do we know if/how machine learning should be part of the solution? 



Early recognition of pediatric deterioration

• 2017 study: 215 children from 23 hospitals who required 
CPR on the wards or within 48 hours of transfer to the 
ICU, only 22% had a preceding rapid response team 
(RRT) evaluation. RRTs known to be effective as well.

• Every critical deterioration event (ICU transfer requiring 
pressors or positive pressure within 12 hours) estimated 
to add nearly $100,000 to the cost of hospitalization at 
CHOP and review at other institutions suggest that more 
than 40% of events may be preventable



Defining the Problem

Initially formed a workgroup for FY20 to assess decision to 
renew / “replace” vendor EWS 

Preventing Codes Outside the ICU (PCOTI) Harm 
Prevention Program, rolled out new Critical Care Outreach 
Team and tiered review process for ICU transfers 



Redefining the systems problem

Improve the rate of the CHOP early recognition system (i.e. 
people, process, technology) identifying children in the 2-24 
hours prior to deterioration and engage critical care 
resources to mitigate risk

Ultimately, reduce the rate of emergency transfers and codes 
outside the ICUs



Understanding the current state



Process mapping of current state 
workflows 



Focus on highest yield pain points 



Derive key 
drivers for an 
improved 
work system   



Designing the solution
Based on the pain points and key drivers identified by the team … 

How can these pain points be translated into features of a solution?  What 
are the key components of such a solution? 

How does machine learning fit into such a solution?  How should the 
machine learning task be identified?  How to select the best model? 

What human factors concepts do we need to consider when designing 
the solution?  



Action and Follow-Thru



Identifying the prediction task and model

Prediction task requirements
•Outcome should reflect an overall state of “being critically ill”
•Time of prediction needs to be early enough prior to the time of outcome 

Model selection
•Model developed by EHR vendor (Epic Systems)
•Trained across three hospitals with ~327k patient encounters using ordinal labels 
(rapid response/code event, ICU transfer, inpatient death)
•At runtime, outputs a “deterioration index” from 0-100



Optimizing the model threshold for the 
clinical use case 

Model validated over 6k inpatient 
encounters to assess performance for 
predicting events in 6-18 hours

Threshold of 65 chosen to achieve 
20% PPV and recall (estimated ~2 new 
alerts per day on medicine service) 





…





Defining the process and prediction task



The main finding of this study is that 90% of CDE events that 
generated “true positive” alerts had evidence suggesting that 
clinicians had already recognized deterioration and/ or were already 
escalating care before most alerts would have been triggered.

Other aspect is what does the model add in addition to the human 
Watcher process – surprisingly little overlap between EWS alerts 
and team designation of high risk patients of high risk patients.



Defining the process and prediction task



Comparing prediction models / design
Traditionally, model comparison based on AUC curve, but is an 
improvement in AUC clinically significant?

• Vendor high-risk alerts: ~25% PPV, ~30% sensitivity
• BedsidePEWS: ~15% PPV, ~55% sensitivity 
• BedsidePEWS preferred – free, CCOT ok with >10% PPV

One solution: could have adjusted threshold for vendor model.

We ultimately stuck with BedsidePEWS because of cost.



Workflow integration



Rich Tsui, 
Helen Shi,
Jerry 
Shaeffer



Evaluation of models
• With our advanced model, may not matter – may be good 

enough on its own (as opposed to prediction + Watcher) though 
still may not be helpful for bedside based on the PPV of ~30% for 
“highest risk.” 

• Now initiated study on the effectiveness of our models on our aim 
of early targeting of Critical Care Outreach Team. 



Li, R.C., Asch, S.M. & Shah, N.H. Developing a delivery science for artificial intelligence in healthcare. npj Digit. Med. 3, 107 (2020). 

A multidisciplinary approach towards using AI 
to solve real world problems in healthcare



Thank You! 

Ron Li, MD 

ronl@stanford.edu

Twitter: @ronlivs

Naveen Muthu, MD 

muthun@chop.edu

Twitter: @naveenmuthu

Jonathan H. Chen, 
MD PhD 

jonc101@stanford.edu

Twitter: @jonc101x

Swaminathan
Kandaswamy, PhD

swaminathan.kandaswa
my@emory.edu
Twitter: 
@swamikandaswamy

Margaret Smith, 
MBA

Marsmith@stanford
.edu

med.stanford.edu/h
ealthcare-ai

mailto:ronl@stanford.edu
mailto:jonc101@stanford.edu
mailto:swaminathan.kandaswamy@emory.edu
mailto:swaminathan.kandaswamy@emory.edu
mailto:Marsmith@stanford.edu
mailto:Marsmith@stanford.edu


Appendix



Some Guidelines
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P. Mcdermott, C. Dominguez, N. Kasdaglis, M. 
Ryan, I. T. Mitre, and A. Nelson, 
“Human-Machine Teaming Systems Engineering 
Guide,” 2018.



Some Guidelines
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• Observability - Why did the model make this decision?
• Observability , Predictability - How confident is the model? And why is it confident?

• Model should show low confidence when its prediction can be wrong
• Calibrate Trust- Help clinicians provide feedback to increase confidence?
• Calibrate Trust- ,Common Ground, Information Presentation - Help clinician know 

when model can fail, convey model assumptions in a way that is 
• noticeable to clinicians 
• understandable i.e words, terms that are familiar to them not just model developers.

• Direct Attention- Tell clinician what factors to consider that they are not viewing
• Explore solution space- Direct clinicians to what they can do/ diagnosis 

alternatives that they are not already doing/considering?



Some Guidelines
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Some Guidelines
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• Complacency error - can be reduced by training 
•  Automation Bias (AB)

• Increasing accountability for decisions may reduce AB
• Display prominence increases AB - prominent incorrect advice is more likely to be 

followed
• Too much on-screen detail can increase biases as  it makes people less conservative
• Mode of advice ( information vs recommendation)
• Presentation of additional information such as when last change was made model 

sensitivity to change in input  etc. can improve appropriate reliance

• Vigilance 
• Varying reliability can increase vigilant behavior

Kate Goddard, Abdul Roudsari, Jeremy C Wyatt, Automation bias: a systematic review of frequency, effect mediators, and mitigators, Journal of the American Medical Informatics Association, Volume 19, Issue 1, 
January 2012, Pages 121–127, https://doi.org/10.1136/amiajnl-2011-000089
 Kaber, David B. “Issues in Human–Automation Interaction Modeling: Presumptive Aspects of Frameworks of Types and Levels of Automation.” Journal of Cognitive Engineering and Decision Making, 
vol. 12, no. 1, Mar. 2018, pp. 7–24, doi:10.1177/1555343417737203.

https://doi.org/10.1136/amiajnl-2011-000089


Some Guidelines
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• Accounting for nonstandard behaviors – design to reduce user effort
• Identify and evaluate system outcomes for different Cognitive Control Modes

• Strategic mode – user looks at looks ahead at higher level goals,  will have evaluated the outcome more precisely, and 
considered the relationship between action and its pre-conditions; o time constraint

• Tactical mode - pre-planned action, where the user will use known rules and procedures to plan and carry out short term 
actions; but still is under time constraint

• Opportunistic mode - chance action taken due to time, constraints and again lack of knowledge or expertise and an abnormal 
environmental state; users revert to using heuristics

• Scrambled mode - completely unpredictable situation where the user has no control and must act in an unplanned manner

• Design interfaces matching different CCMs to effectively support assessments

• Example form Aviation 
• Design of decision support for airline operational managers

•  Design enabled decision maker to select different interface modes during system operation that could support their CCM. 

• Study found superior system performance when the interface mode mirrored the CCM.

• Design disrupted cognitive activity in contextual control modes which they were not intended to support
Feigh, K. M. (2011). Incorporating multiple patterns of activity into the design of cognitive work support systems. Cognition, Technology & Work, 13(4), 259–279
Hollnagel, Erik. (1998). Context, cognition, and control. Co-Operation in Process Management-Cognition and Information Technology..



Some Guidelines
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Filice, R. W., & Ratwani, R. M. (2020). The Case for User-Centered Artificial Intelligence in Radiology


