
The Path Forward for AI in Healthcare

Bridging Technology and Nursing Gaps



The mission of the Institute for Augmented 

Intelligence in Medicine is to 

bridge computational methods with human 

expertise to advance medical science 

and improve human health.

AI@NU is a community of researchers, 
educators, and students across 
Northwestern advancing artificial 
intelligence in theory and practice.

Through interdisciplinary collaborations 
and innovative AI endeavors within many 
fields, we advance ethical, visionary 
research and pedagogy that empowers 
individuals, organizations, and society.

We stimulate conversation, foster 
connections, and cultivate opportunities to 
develop and evolve Northwestern as a 
local, national, and international hub for AI 
expertise.

www.feinberg.northwestern.edu/sites/a
ugmented-intelligence/
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Data is ubiquitous 
and we are 

surrounded every day 
by AI driven 
algorithms



The Rise of the Machine



Making AI Work: A Sociotechnical LensWho Knew Healthcare Was So Complicated?



Making AI Work: A Sociotechnical LensWho Knew Machines Could Be Biased?

"We are suggesting that instead of trying to 
remove bias from the machine, [we should] put 
a human in the loop to help the machine make 
the right decision.“ - Aylin Caliskan, Princeton 
University's Center for Information Technology 
Policy.



Making AI Work: A Sociotechnical LensWhy AI in Healthcare is so Hard?



Making AI Work: A Sociotechnical LensData Collection is Limited



US Patient Cohorts Used for Training 
Clinical Machine Learning Algorithms, 
by Stateaa Fifty-six studies used 1 or 
more geographically identifiable US 
patient cohorts in the training of their 
clinical machine learning algorithm.
Thirty-four states were not represented 
in geographically identifiable cohorts: 
Alabama, Alaska, Arizona, Arkansas, 
Delaware, Florida, Georgia, Hawaii, 
Idaho, Illinois, Iowa, Kansas, Kentucky, 
Louisiana, Maine, Mississippi, Missouri, 
Montana, Nebraska, Nevada, New 
Jersey, New Mexico, North Dakota, 
Oklahoma, Oregon, Rhode Island, South 
Carolina, South Dakota, Tennessee, 
Utah, Virginia, Washington, West 
Virginia, and Wyoming.

JAMA. 2020;324(12):1212-1213. 
doi:10.1001/jama.2020.12067

Geographic Distribution of US Cohorts Used to Train Deep Learning Algorithms



Making AI Work: A Sociotechnical LensWhy Nurses Hate EHRs



Standardized Code Sets
overly specific codes = better research or burnout?



Addressing the Gaps



Making AI Work: A Sociotechnical Lens

• Many technologies have failed when deployed 
into complex healthcare settings 

• One cause of these failures is the difficulty 
accounting for the collaborative and exception-
filled nature of medical work

• Collaboration is key to identifying the kinds of 
challenges that lead to unanticipated 
breakdowns and eventual abandonment

Clegg, Chris W., et al. "Applying organizational psychology as a design science: A method for predicting malfunctions in socio-technical systems 
(PreMiSTS)." Design Science 3 (2017).



Comparison of AI-Based and Human-Decision 
Making

Shrestha, Y. R., Ben-Menahem, S. M., & Von Krogh, G. (2019). Organizational Decision-making Structures in the Age of Artificial 
Intelligence. California Management Review, 61(4), 66-83.

Decision-making conditions AI-Based Decision Making Human Decision Making

Specificity of the decision Requires a well-defined decision search 
space with specific functions

Can accommodate a loosely defined 
decision search space

Interpretability of decision-making 
process and outcome

Complexity of the functional forms make it 
difficult to interpret the decision process 
and outcomes

Decisions are explainable and interpretable, 
though vulnerable to retrospective sense-
making

Size of the alternative dataset Can accommodate large alternative sets Limited capacity to uniformly evaluate a 
large alternative set

Speed Relatively fast. Limited tradeoff between 
speed and accuracy

Comparatively slow. High trade-off between 
speed and accuracy

Replicability of outcomes Decision-making process and outcomes are 
highly replicable due to computational 
procedures

Vulnerable to inter- and intra- individual 
factors like expertise, attention, context, 
and emotional state



How clinical expertise can drive successful 
integration of AI in healthcare

Ulloa M, Rothrock B, Ahmad FS and Jacobs M (2022) Invisible clinical labor driving the successful integration of AI 
in healthcare. Front. Comput. Sci. 4:1045704. doi: 10.3389/fcomp.2022.1045704



How clinical expertise can drive successful 
integration of AI in healthcare

Cheema, Baljash, R. Kannan Mutharasan, Aditya Sharma, Maia Jacobs, Kaleigh Powers, Susan Lehrer, Firas H. Wehbe et al. "Augmented 
intelligence to identify patients with advanced heart failure in an integrated health system." JACC: Advances 1, no. 4 (2022) : 1-11.

Data curation: the process of collecting data about a particular problem
Data labeling: classifying each data sample, which is then used to train models
Data validation: compares model outputs against ground truth methods (e.g., expert analysis)

All steps require clinical expertise

Real-world example:
• Machine learning model developed to predict stage C or stage D heart failure
• Used a dataset of 14,846 patients
• Data labeling and curation approach: Chart review involving multiple electronic medical records (Epic, Care Everywhere) to 

ensure a thorough understanding of what's going on with the patient.
• Data validation approach: 416 patients were reviewed by a clinical coordinator, and agreement between the coordinator and 

model was measured



How clinical expertise can drive successful 
integration of AI in healthcare

Ulloa M, Rothrock B, Ahmad FS and Jacobs M (2022) Invisible clinical labor driving the successful integration of AI in 
healthcare. Front. Comput. Sci. 4:1045704. doi: 10.3389/fcomp.2022.1045704

Algorithms will never be perfect due to erroneous predictions and exceptional cases
A common approach is to present a model's output to a clinical expert who will make a final determination

Real-world example:
• Machine learning model developed to predict stage C or stage D heart failure
• Model classified a patient as stage D heart failure
• Nurse coordinator reviewed the patient's chart. Patient had been hospitalized five times, but it was due to COVID. But they 

had now fully recovered.

Challenge:
• Identifying errors may be more difficult for healthcare providers than making decisions independently, without influence from

algorithm output.



How clinical expertise can drive successful 
integration of AI in healthcare

Ulloa M, Rothrock B, Ahmad FS and Jacobs M (2022) Invisible clinical labor driving the successful integration 
of AI in healthcare. Front. Comput. Sci. 4:1045704. doi: 10.3389/fcomp.2022.1045704

Clinical AI output often does not directly translate into healthcare decisions.

Clinical team members are likely the best at translating model output to care decisions, especially in light of potential algorithmic 
errors

Real-world example:
• Used machine learning to identify patients with depression at risk of dropping out of treatment
• Clinicians recommended a workflow which initiated the involvement of a broader care team who could follow up with 

patients more frequently if patient was at risk of dropout.

Challenge:
• Clinicians demonstrated differing abilities to connect predictions to actionable next steps



How clinical expertise can drive successful 
integration of AI in healthcare

Ulloa M, Rothrock B, Ahmad FS and Jacobs M (2022) Invisible clinical labor driving the successful integration of 
AI in healthcare. Front. Comput. Sci. 4:1045704. doi: 10.3389/fcomp.2022.1045704

This includes understanding how model outputs are intended to support team goals and how individuals interpret results for 
clinical decisions



Designing where, when, and how to make and 
integrate AI-clinical tools

Ulloa M, Rothrock B, Ahmad FS and Jacobs M (2022) Invisible clinical labor driving the successful integration 
of AI in healthcare. Front. Comput. Sci. 4:1045704. doi: 10.3389/fcomp.2022.1045704

To enhance the practice of ethical and responsible AI in medicine

A need for more:

• Documentation of labor

• Clear workflows

• Knowledge of team structures 



Translating science into implementation

Healthcare is local and every 
care setting is unique.

Implementing new technology 
requires considerations of 
current tools, people and 
work context.



THE PATH FORWARD FOR AI IN HEALTHCARE

Bridging Technology and Nursing Gaps

Contact information: Ngan.MacDonald@northwestern.edu 


