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Learning Objectives

1. To identify the steps involved with training 
and testing models to predict postoperative 
complications

2. To analyze the user-centered design 
considerations used to implement models in 
real time during surgery

3. To evaluate the effects of AI models on 
anesthesiology clinicians’ ability to identify 
patients at risk for postoperative 
complications
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• 4 million deaths per year 
worldwide

Postoperative Death

Nepogodiev et al. Lancet 2019; 393: 401

x 8,000
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• 44,814 adult patients 
undergoing elective inpatient 
surgery at 474 hospitals in a 
7-day period

• 17% of patients developed 
one or more complications

Intl Surg Outcomes Study group. Br J Anaest 2016; 117: 601-9
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What can we do?

• Early modification of risk factors may change outcomes.

• This requires us to know who is at risk and why.

• There is a lot of information available during surgery that can guide risk 
assessment, but it’s hard for the anesthesiology clinician to put together.

Monk et al. Anesth Analg 2005; 100: 4-10
Salmasi et al. Anesthesiology 2017; 126: 47-65
Futier et al. JAMA 2017; 318: 1346-57
Buschman et al. PNAS 2011; 108: 11252-5
Stiegler & Tung. Anesthesiology 2014; 120: 204-17
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While caring for a patient in the operating room, an anesthesia clinician is 
bombarded with all kinds of sights and sounds that compete for her attention.
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Vital sign monitor/alarms Anesthesia machine/ventilator

IV pumps beeping

Surgical field

Suction canisters

Phones ringing

Pagers beeping
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At the same time, the clinician has a long list of things she must do to keep the 
patient safe and to keep the operating room running smoothly.

Post-Intubation Hemodynamic Collapse in the Critically Ill Patient EMRA

Nurses are taking orders

Give medications

Administer blood

Start IV lines

Coordinate care for 
previous patient 
and next patient

Place breathing tubes

Write orders

Document in medical record

Set ventilator/watch vital signs

https://www.google.com/url?sa=i&url=http%3A%2F%2Fwww.emra.org%2Femresident%2Farticle%2Fpost-intubation-hemodynamic-collapse-in-the-critically-ill-patient%2F&psig=AOvVaw2mY3tNQT9phZoze5WIhK2x&ust=1601836977628000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCODA9viJmewCFQAAAAAdAAAAABAl
https://www.google.com/url?sa=i&url=https%3A%2F%2Fangelabrook.com%2Fnurses-orders&psig=AOvVaw3CrBtA1phwqso8OrebYAfT&ust=1601837089755000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCNiE6qiKmewCFQAAAAAdAAAAABAD
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The Scenario

Patient Risk 
Factors

Adverse 
Outcome

Intervention

Risk Recognition



9

ACT Workflow

ANESTHESIOLOGY
CLINICIANS

Attending
Resident

CRNA
SRNA

Electronic 
Health 
Record

Physiologic 
Alerts

ML 
Predictions

Reactive 
Support

Proactive 
Support
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Physiologic Alerts
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Physiologic Alerts
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ACT Timeline

Pilot Clinical Trial

ORACLE

Workflow 
Creation

Core 
ACT

ML Data Preparation
Model 

Development
Implementation
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ML Model Development

KEY CONSIDERATIONS

• Input feature selection

• Prediction target definitions

• Aligning data from disparate 
sources

2016 – Project launch

2018 – Hospital moves to Epic

2019 – First model published using data 
from historic EHR

N = approx. 111,000

2022 – First models to retrain using Epic data
N = approx. 84,000

Ryan King Yixin Chen
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CPAP/IPAP Assessment
- Age/sex/race
- Comorbid conditions
- Surgery type
- Preoperative vital signs

Data Collection

https://www.allscripts.com/Image%20Library/Logo/logo.jpg

Anesthesia Record
- ASA physical status
- Vital signs
- Ventilator readings
- Medications

Preoperative Labs
- CBC, CMP, Coags
Postoperative Labs
- Creatinine (AKI)

Respiratory Failure

Mortality

Surgery at BJH
6/2012 – 8/2016

(N = 111,890)

Alex Kronzer

https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&ved=0ahUKEwiL8pCh4NjOAhVEySYKHe7QBLYQjRwIBw&url=https%3A%2F%2Fwww.allscripts.com%2Fsupport-learning%2Fclient-systems&psig=AFQjCNH-HZfm9ZOU96UbIPqyTuluQg5aYg&ust=1472083384122557
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• DEMOGRAPHIC CHARACTERISTICS, MEDICAL HISTORY

– Low missing rates (other than trauma DOE patients, emergency surgeries)

• LABORATORY TESTS

– Missing data
• NOT missing at random

• Deciding not to check a lab test tells you something about the patient

– Harmonizing similar lab tests
• E.g., blood glucose run by lab versus blood glucose point-of-care test

Data Processing – Key Considerations
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• VITAL SIGNS

– Artifact detection
• Implausibly high or low values

– Blood pressure: noninvasive versus invasive
• Different levels of accuracy

• Different time intervals

• Nonrandom selection of blood pressure modality

– How to handle time series data
• Most recent value

• Manually engineered summary variables

• Model architectures that directly handle time series

Data Processing – Key Considerations
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Model 1: Multi-path convolutional 
neural network

Time 
Series

60-min 
window

Static 
Features

X1 X1

X2 X2

X3

X4

X5

X6

X7

Zhicheng Cui

Fritz, et al. Br J Anaesth 2019; 123: 688-95
Fritz, et al. Br J Anaesth 2020; 125:e230-1
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Fritz, et al. Br J Anaesth 2019; 123: 688-95
Fritz, et al. Br J Anaesth 2020; 125:e230-1

Mortality Prediction
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Fritz, et al. Br J Anaesth 2019; 123: 688-95
Fritz, et al. Br J Anaesth 2020; 125:e230-1

Mortality Prediction

Common Model Performance Metrics

Precision – Fraction of positive 
predictions that are true events
 (Positive Predictive Value)

Recall – Fraction of true events that 
are correctly predicted
 (Sensitivity)

In a null model, area under precision-
recall curve is equal to incidence.



Tripathi et al. J Biomed Inform 2024; 151: 104602

2016 – Project launch

2018 – Hospital moves to Epic

2019 – First model published using data 
from historic EHR

N = approx. 111,000

2022 – First models to retrain using Epic data
N = approx. 84,000
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2016 – Project launch

2018 – Hospital moves to Epic

2019 – First model published using data 
from historic EHR

N = approx. 111,000

2022 – First models to retrain using Epic data
N = approx. 84,000

• Repeat Training

– N = 84,455

– Surgery with general anesthesia at BJH

– Aug 2018 through Jan 2020 (Epic era)

• Architecture

– Gradient boosted decision tree
• Demographics, comorbidities, preop vitals, 

labs

• Text of planned surgical procedure

Model Updates
Sandhya Tripathi Mohammed Abdelhack
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Model Updates

Death within 30 days Death within 30 days Death within 30 days
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Implementation



Ryan King Nic Labee
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ACT Timeline

Pilot Clinical Trial

ORACLE

Workflow 
Creation

Core 
ACT

ML Data Preparation
Model 

Development
Implementation



27Fritz, et al. Anesth Analg 2023; 138: 804-813

Joanna Abraham
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Focus Groups (N = 6)

• Semi-structured interviews

– Workflow for choosing a patient to evaluate

– Workflow for comprehensive case review

– Workflow for estimating patient risk for postoperative complications

• Card sorting activity to select display elements

• Open discussion of display format preferences
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Key Findings

• Clinicians perform case reviews using a systematic approach

• Clinicians want to identify patients where they can take action to 
prevent complications

“If I decide to review a case, I usually will kind of do it as if I was preparing for it 

myself.” – Participant 1 (CRNA)

8 participants explicitly stated they start with the note from the pre-anesthesia clinic

“What you want is modifiable—things you can do. History of hypertension? 

You’re not going to be able to do anything about that.” – Participant 4 (Attending)
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Key Findings

• Clinicians want display formats that minimize the energy and time spent 
interpreting data

– Simplicity

– Color

– Graphs

“If you get too much information you get information overload and you 

can’t use it. So, I agree with that, the right amount of information at the 

right time, whatever that means.” – Participant 11 (Attending)

“We’re all so color sensitive. … So like for me, by including red stuff on 

there, my brain just knows, I keep thinking I need to look at that first.” – 

Participant 3 (CRNA)

“For some reason, I look at the graph and I can assimilate that information 

quicker, and it requires less brain cells to digest.” –Participant 20 

(Resident)
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Display Element

Include in Display?

(Consensus within Focus Group, N = 6)

Yes Maybe No Undecided

Scheduled surgery 6 (100%) 0 (0%) 0 (0%) 0 (0%)

Variables contributing to prediction 6 (100%) 0 (0%) 0 (0%) 0 (0%)

Quantitative predicted risk (numeric) 5 (83%) 1 (17%) 0 (0%) 0 (0%)

Change in last 15 minutes 5 (83%) 1 (17%) 0 (0%) 0 (0%)

Age 3 (50%) 3 (50%) 0 (0%) 0 (0%)

Preoperative prediction 2 (33%) 3 (50%) 0 (0%) 1 (17%)

Qualitative predicted risk (high/average/low) 2 (33%) 3 (50%) 1 (17%) 0 (0%)

Patient identifiers 2 (33%) 1 (17%) 1 (17%) 2 (33%)

Average prediction for same surgery 1 (17%) 5 (83%) 0 (0%) 0 (0%)

Confidence interval around prediction 1 (17%) 5 (83%) 0 (0%) 0 (0%)

Average prediction for same age 0 (0%) 5 (83%) 1 (17%) 0 (0%)

Average prediction for entire hospital 0 (0%) 0 (0%) 6 (100%) 0 (0%)

Card Sort



32Fritz, et al. Anesth Analg 2023; 138: 804-813

Joanna Abraham





OR Death Acute Kidney 
Injury

Respiratory 
Failure

Myocardial 
Infarction

202 0.5% 2% 1% 0.5%

211 6% 35% 40% 5%

219 2% 10% 3% 2%

234 0% 1% 1% 4%

301 5% 32% 10% 7%

307 1% 24% 2% 8%

310 4% 13% 33% 4%

311 3% 18% 12% 3%

322 4% 28.5% 10% 5%

324 0% 2% 1% 0%



OR 310
Redo sternotomy, mitral valve replacement

Death   4%

0%

5%

10%

Acute Kidney Injury 13%

0%

20%

40%

ASA 4
Norepi 0.05
PASP 52
< 4 METs
Cardiac surgery

Respiratory Failure  33%

0%

20%

40%

PCO2 = 70
Bicarb = 39
O2 use
ASA 4

Myocardial Infarction 4%

0%

5%

10%

ASA 4
Norepi 0.05
Cardiac surgery
No CAD

Cardiac surgery
MAP 80
K 3.6
ASA 4

07:30 08:00 08:30 09:00 09:30 10:00

07:30 08:00 08:30 09:00 09:30 10:00

07:30 08:00 08:30 09:00 09:30 10:00

07:30 08:00 08:30 09:00 09:30 10:00

Average for mitral valve replacements
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Key Findings

• Users found ML display to be beneficial for risk estimation

“That is something I struggle with in the ACT tower every time—just applying a risk 

value to a patient when there’s a number of variables. And I feel like the display the 

machine learning provided was informative.” – Participant 6 (CRNA)

“I feel like I have that kind of gestalt if someone’s going to be okay, but it’s nice to 

see the numbers. It’s really nice to see the numbers.” – Participant 9 (Attending)
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Key Findings

• Users want the display to tell them what to do

• Labels were inadequate
“It would be useful to know what the definition [of the complication] is, just briefly.” 

– Participant 8 (Attending)

“If I weren’t being guided, I wouldn’t necessarily know that OR room is the place to 

click.” – Participant 6 (CRNA)

“It would be useful for me here for the machine learning to suggest these outcomes 

rather than me picking them. … It’d be wonderful if the machine suggested things 

and then we could modify it.” –Participant 5 (Attending)

“It’d be helpful to know if any of them [contributing features] are modifiable.” – 

Participant 2 (Attending)



38Fritz, et al. Anesth Analg 2023; 138: 804-813
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12

System Usability Scale
Mean 82.5 ± 10.5 
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ACT Timeline

Pilot Clinical Trial

ORACLE

Workflow 
Creation

Core 
ACT

ML Data Preparation
Model 

Development
Implementation
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ORACLE

Outcome Risk 
Assessment with 
Computer Learning 
Enhancement

N = 5071 cases

USE ML
during case review

N = 2536

DON’T USE ML
during case review

N = 2535

Clinician predicts likelihood of 
postoperative 30-day mortality 

and acute kidney injury:

Very low risk
Low risk

Average risk
High risk

Very high risk

Clinician predicts likelihood of 
postoperative 30-day mortality 

and acute kidney injury:

Very low risk
Low risk

Average risk
High risk

Very high risk

Compare ROC

Thaddeus Budelier Arianna Montes 
de Oca

Divya Mehta

Fritz, et al. Br J Anaest. 2024; 133: 1042-50
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Death

Statistical Methods

ML-assisted 
clinician 

predictions

Logistic 
regression 
for death

Unassisted 
clinician 

predictions

Logistic 
regression 
for death

Compare AUC

AKI
ML-assisted 

clinician 
predictions

Logistic 
regression 

for AKI

Unassisted 
clinician 

predictions

Logistic 
regression 

for AKI

Compare AUC

Fritz, et al. Br J Anaest. 2024; 133: 1042-50
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ORACLE Trial

1311
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Clinicians used 
the ML

Fritz, et al. Br J Anaest. 2024; 133: 1042-50
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DEATH (N = 4459) AKI (N = 4055)

P=0.72 P=0.06

Fritz, et al. Br J Anaest. 2024; 133: 1042-50

Worse than retrospective testing



50Fritz, et al. Br J Anaest. 2024; 133: 1042-50



52

• ML models can help anesthesiology 
clinicians identify patients at risk for 
postoperative complications, only if the 
models achieve high accuracy

• ML models should be integrated into 
clinical workflows using simple display 
interfaces that provide actionable 
information

• ML models require ongoing evaluation 
and refinement

ORACLE - Implications
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THANK YOU!

bafritz@wustl.edu 

mailto:bafritz@wustl.edu

	Slide 1: AI and Perioperative Care
	Slide 2: Learning Objectives
	Slide 3: Postoperative Death
	Slide 4
	Slide 5: What can we do?
	Slide 6
	Slide 7
	Slide 8: The Scenario
	Slide 9: ACT Workflow
	Slide 10: Physiologic Alerts
	Slide 11: Physiologic Alerts
	Slide 12: ACT Timeline
	Slide 13: ACT Timeline
	Slide 14: ML Model Development
	Slide 15: Data Collection
	Slide 16: Data Processing – Key Considerations
	Slide 17: Data Processing – Key Considerations
	Slide 18: Model 1: Multi-path convolutional neural network
	Slide 19: Mortality Prediction
	Slide 20: Mortality Prediction
	Slide 21
	Slide 22: Model Updates
	Slide 23: Model Updates
	Slide 24: Implementation
	Slide 25
	Slide 26: ACT Timeline
	Slide 27
	Slide 28: Focus Groups (N = 6)
	Slide 29: Key Findings
	Slide 30: Key Findings
	Slide 31: Card Sort
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36: Key Findings
	Slide 37: Key Findings
	Slide 38
	Slide 39
	Slide 40
	Slide 41: ACT Timeline
	Slide 42: ORACLE
	Slide 45: Statistical Methods
	Slide 47
	Slide 48: ORACLE Trial
	Slide 49
	Slide 50
	Slide 52: ORACLE - Implications
	Slide 53: THANK YOU!

