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Surgeries on the Rise

PMID: 30722955

National Quality Forum. NQF-Endorsed Measures for Surgical Procedures. 2015

300 million global surgeries

51.4 million US surgeries



Perioperative Care Workflow

Lorinc, A, and Henson, C. "All handoffs are not the same." What perioperative handoffs do we participate in and 

how are they different? APSF 32 (2017): 29-33.



Perioperative Care Workflow

Nepogodiev D, Martin J, Biccard B, et al. Global burden of postoperative death. Lancet 2019;393(10170):401.
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Postoperative Mortality and Morbidity

30-day mortality: 1-5%

1-year mortality: 5-10%

10-20%



Types of Postoperative Complications



Example: Preventable Complications due to Clinician 
Decision Making Failures 



Strategies to Prevent Postoperative Complications



Exploring Innovative Methods to Address Postoperative 
Complications





Potential Role for AI in Perioperative Care

Pre-operative Post-operative
Intra-operative

• Surgical planning

• Prepare for risks and 

complications

• Provides estimate of 

surgery duration

• Resource allocation and 

planning

• Hospital stay after 

anesthesia 

• Tracks patient vitals

• Respiration rate

• Blood pressure

• Detects abnormalities in 

vitals

• Monitor signs of 

deterioration post-

operatively

• Forecast outcomes of 

post-operative 

complications 

• Predicts likelihood of 

hospital readmission



Retrospective Studies on ML in Perioperative Care 

• Review on ML studies evaluating outcomes in perioperative care

Bellini, V., Valente, M., Bertorelli, G., Pifferi, B., Craca, M., Mordonini, M., ... & Bignami, E. (2022). Machine learning in perioperative medicine: a systematic review. Journal 

of Anesthesia, Analgesia and Critical Care, 2(1), 2.

Study Design: Experimental



PRISMA



Retrospective Studies on ML in Perioperative Care 

Perioperative Outcomes Studied Most frequently used algorithms





Prospective Studies on ML in Perioperative Care

• Review on RCT studies evaluating ML-augmented interventions 
in perioperative settings and impact on perioperative outcomes 

Mehta, D., Huang, G., Pedamallu, L., Abraham, J. (under prep). Machine learning augmented tools in perioperative medicine: a systematic review and meta-analysis

Study Design: Randomized Clinical Trial



PRISMA

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 

Records screened 
(n = 13245) 

Duplicate citations excluded 
(n = 4887) 

Titles and abstracts screened 
(n = 8357) 

Titles and Abstracts excluded as not 
relevant to the review 

(n = 8296) 

Full text articles assessed for 
eligibility 
(n = 96) Full text articles excluded (n = 81) 

 
ML validation study (n = 3) 

No adult or pediatric surgical patient participants (n = 2) 
No clinical trial registration (n = 15) 

Not conducted in an inpatient surgical setting (n = 10) 
Protocol (n = 2) 

Not an ML or AI supported care intervention (n = 29) 
No perioperative outcomes reported (n = 1) 

Not an RCT (n = 18) 
 
 

 

Studies meeting inclusion criteria  
(n = 14); 

Articles meeting inclusion criteria  
(n = 15) 

Hand-search articles 
(n = 35) 

Clinicaltrials.gov 
(n = 24) 

PubMed        
(n = 486) 

Ovid Medline        
(n = 4715) 

Embase       
(n = 4121) 

Scopus  
(n = 3899) 



Nociception Level Index (NOL)

• Nociception: Neural response to potentially tissue damaging stimuli 

• Problem: Pain due to improper opioid dosing

• NOL index: An artificial intelligence-driven, multi-parameter index 
designed for monitoring nociception during surgery 

End of narcotics to extubation time Mean pain score in PACU 



Hypotensive Prediction Index (HPI)

• Problem: Low blood pressure during surgery 

• HPI: An algorithm designed to predict hypotension based on arterial 
waveform features

• HPI uses a arterial catheter to provide clinicians with alerts regarding 
the short-term risk of hypotensive events

Duration of Hypotension Hypotension as percentage of surgery time 



Robotic-Assisted Fluoroscopic (RAF)

• Problem: Needle puncture frequency and duration during mini-
percutaneous nephrolithotomy (PCNL) surgeries 

• RAF with ultrasound-guided (US) renal access: uses a robotic 
technique called ANT-X that automates needle puncture trajectory 
using AI platform 

• Findings: Significant improvement with RAF in decreasing mean 
number of needle punctures, in improving resident ability to obtain 
success and needle puncture duration 



Surgical Case Duration

• Problem: Delays in surgeries and resources

• ML Case-time Duration: Machine learning–assisted surgical predictions 
1 day before surgery

• Findings: Significantly improved accuracy in predicting case duration 
reduced patient wait time, no difference in time between cases (i.e., 
turnover time or surgeon wait time), reduced pre-surgical length of stay; 
and decreased the unnecessary use of pre-surgical re-sources



Leveraging ML for Augmenting 
Postoperative Handoffs



Postoperative Patient Transfers 

PMID: 18582931; 30722955; 28738985

National Quality Forum. Surgery, Spring 2019 Review Cycle: CDP Report. 2020.

Operating Room Team Intensive Care Unit Team



Postoperative Handoffs

PMID: 2a1701043; 23703824





DESIGN IDEATION

2

4

INTERVENTION 

DEVELOPMENT, 

IMPLEMENTATION 

AND EVALUATION PROTOTYPE TESTING 

AND REFINEMENT

3

CONTEXTUAL INQUIRY

1

User-Centered Design (UCD) Approach

INTERVENTION 

END USERS



UCD Step 1



Postoperative Standardized Handoff Bundle

Protocol 
Checklist 



Compliance to Standardized Handoff Bundle

Audits by eICU # of cases (out of 302)

Number of cases that called 30 mins 

prior to ICU transfer 

66.2%

Team member introductions given 66.8%

Team members used checklist during 

handoffs

37.5%

Surgery team left their contact 

information 

54.5%

Handoff duration 53 (<5 mins); 218 (5-10 mins); 

30 (>10 mins)

Handoff quality 9 (1); 90 (2); 113 (3); 88 (4)



UCD Step 2



Process-Based Protocol Requirements

• Establish an active role for 
eICU clinicians during 
handoffs

“I think that (an active role) could be a good role 

for the eICU. To kind of police the handoff 

process. I think it would be more feasible for 

the eICU nurse to monitor this than the bedside 

nurse or the bedside physician.” (Anest 3)



Process-Based Protocol Requirements

• Envision a new role for 
eOR clinicians during 
handoffs

(eOR) would help [with handoffs]... Especially since 

..we look at the surgical notes and the different 

clinicians’ notes. We kind of look at everything. We 

[eOR] really don't just stick with anesthesia notes – we 

usually go further.” (eOR 2)



Information Checklist Requirements

Core elements

Flexible elements

Unnecessary elements

Red text indicates free-text suggestions from participants to include 



Information Checklist Requirements

• Flexible report tailored to 
specific patient risks/issues 
over a standardized 
structure

“Some [patient] issues [and 

complications] don’t fit neatly into the 

standardized [handoff] structure.” (Anest 

5) 

“I put more of the harder to find details of the 

anesthesia. I put the stuff that I always want to hear 

on handoff, but that Or you have to go through if you 

weren't there for handoff or it wasn't documented 

well, it disappears. 

I feel like a lot of [standardized patient information] 

will just clutter up the [report] and make it much 

harder to get the couple big things you want to see 

out of it.” (ICU Fellow 2)



Information Checklist Requirements

• Prefer to see elevated risks
“Yeah. I feel like for all these, I really only care if 

they're at significantly higher risk and then 

maybe if they're at significantly lower risk of afib in 

cardiac surgery patients. Other than that, I don't 

care if it's about average. I guess if they're at 

significantly elevated risk above the average for the 

procedure or if they're just at significantly elevated 

risk” (ICU Fellow 2)

“I think only ones elevated because I can't see 

a reason if we don't include them [low risks], 

what is the consequence of not knowing?” (ICU 

Fellow 1)



Information Checklist Requirements

• Modifiable patient risks 
and suggestions for 
mitigating risks 

“I think we wanna know why [complications 

happen] so we can prevent it early. I think 

that would be helpful.” (ICU RN 1)

• Risk factors contributing 

to risks

“I would care more about why [a patient is 

at risk]… You would want to know the 

elevated risk of mortality, even though all 

patients of that surgery have an elevated 

risk.” – Fellow 1

“I don't really care if they have a 1% increased 

chance of mortality. But if it's for a reason that 

might change something you do?” (ICU 

Fellow 2)

“I think I would only care about the factors that 

would keep them in the ICU” (ICU Fellow 3)

“What should the blood pressure be to 

decrease risk, right? Or if this patient is already 

mechanically ventilated, what should the CO2 be 

to decrease risk? ” (Anesth 7).



UCD Step 3



Risk Prediction of Postoperative Complications

• Acute kidney injury (AKI)

• Delirium

• Deep vein thrombosis (DVT)

• Pulmonary embolism (PE)

• Pneumonia



Example: Potential Use of Postoperative Risk 
Prediction during Handoffs

• A 65-year-old patient with fever, a history of chronic obstructive pulmonary disease, heavy 
smoking, and elevated liver enzymes is admitted for an open pneumonectomy

• An epidural is placed preoperatively. The patient is given a moderate dose of 
phenylephrine intraoperatively (maximum dose, 0.8 μg/kg per minute) and 2.5 L of 
crystalloid fluids, and a right chest tube is placed

• The patient is extubated in the operating room and transferred to the intensive care unit 
with a high-flow face mask (9 L of oxygen)



Example: Risk Explanation

• GBT model (AUROC=0.905) predicted this patient 
to be at high-risk for pneumonia

• ML risk factors 

• Patient's history of anemia (hematocrit)

• Elevated white blood cell count

• Low body mass index (BMI)

• Tidal volume and respiratory rate signals

• Inform potential postoperative care plans

• Early mobilization, pulmonary hygiene, 
incentive spirometry, scheduled 
bronchodilators, supplemental oxygen, a low 
threshold for antibiotic therapy



UCD Step 3



ML Risk: Visualization Format

• Tables and graphs to display 
risk predictions

“…. If I need to supplement my knowledge, then I 

would like a hover-to-discover.” (C2, Anest/Crit 

Care)

• Pop-up to explain risk 

calculations



ML Risk Factors: Visualization  Format

“I think grouping it according to those that 

increase, and those that decrease.” (C12, Anest)

• Risk factors grouping –

decreasing and increasing 

risks over pre-op and intra-

op risks 



ML Risk: Content

“You could consider showing a confidence 

interval, maybe using an error bar on the bar 

chart.” (C5, Anest)

If you set [the alert threshold] too low, you'll get 

way more alerts than might be clinically present. And 

you'll likely get fatigued and potentially [ignore alerts]. 

If you set them too high, you make it unlikely that 

these would be prevented.” (C12, Anest)

• Providing confidence 

interval and percentages 

of prediction accuracy

• Identifying clinically 

meaningful risk 

thresholds



ML Risk: Content

• Comparisons between 

current and average 

patients preoperatively and 

intraoperatively are useful



ML Risk Factors: Content

• Presenting relative risk  
compared to the 
population and absolute 
risks

“I think probably the best way [to assess patient 

risk] is within the context of other patients 

getting the same procedure… If people are 

providing care for patients getting that procedure 

a lot, they know when this patient separates 

themselves from others getting the same 

procedure and they know when they may 

need to escalate certain preventative or 

surveillance measures.” (C1, Anest)

Shows you where you are in the population as 

well as red, yellow, green, or something like I 

think both of those are valuable. A lot of times, 

especially if you're having a discussion with 

family about risks of stuff surgeries, further 

surgeries or a further course of action, having the 

absolute values could be useful.” (ICU Fellow 1)



Implementation Strategies for Clinicians

• Incorporate ML at several 
timepoints along the 
perioperative spectrum

• Offer training and education on 
ML model interpretation

• Refine ML based on clinician 
feedback reports

“The journey with the patient starts way before 

the surgery itself - you actually see the patient 

preoperatively, so you know what the patient 

actually walks into the clinic with. So, all the 

preoperative contributing factors is 

something which we will look out for. And 

we'll discuss with the patient. So, to us that 

that is something which is very, very 

important.” (C10,Surgeon)

“If I was trained and familiar with the graph… I 

think that would probably be quicker and easier 

to use.” (C4, CRNA)



UCD Step 4: Ongoing Work





ML-Augmented Handoff Model

ECHO (EnhanCed HandOffs) 



Dynamic risk 

assessment based 

on real time feeds 

from the machine-

learning algorithms  

AlertWatch CDSS



Ryan King, MD, PhD

King CR, Shambe A, Abraham J. Potential uses of AI for perioperative nursing handoffs: a qualitative study. JAMIA Open. 2023 Mar 16;6(1):ooad015. PMID: 36935899; 

PMCID: PMC10019806.

Epic Inraoperative and Postoperative CDSS



Fritz BA, Pugazenthi S, Budelier TP, Tellor Pennington BR, King CR, Avidan MS, Abraham J. User-Centered Design of a Machine Learning 

Dashboard for Prediction of Postoperative Complications. Anesth Analg. 2023 Jun 20. PMID: 37339083.

Epic Intraoperative CDSS

Brad Fritz, MD



Conclusion



Charles P. Friedman, PhD

James J. Cimino, MD

Paradigm Shift on Role of Computers in Healthcare



Roadmap for Deploying Effective ML Systems in Healthcare

Wiens, Jenna, et al. "Do no harm: a roadmap for responsible machine learning for health care." Nature medicine



Methods for Deploying AI in Healthcare 



Call to Action: 
Human-centered AI: Aligning 
AI systems with human intent



Alicia Meng, BA 

Research Coordinator 

Washington University School of 

Medicine

Bing Xue, MS 

Research Assistant,

Washington University School of 

Medicine

Christopher King, 

MD, PhD
Assistant Professor In 

Anesthesiology,

Washington University School of 

Medicine

Chenyang Lu, PhD

Fullgraf Professor, Department of 

Computer Science and 

Engineering,

Washington University in St. Louis

Thomas 

Kannampallil, PhD, 

FAMIA
Associate Professor of 

Anesthesiology, Washington 

University School of Medicine

Research 
Team



Funding



Questions or Comments?

joannaa@wustl.edu

mailto:joannaa@wustl.edu


i2db.wustl.edu | OHIDSadmin@wustl.edu | @WashUi2db




