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Why care about rib fractures?

Trauma
4th leading cause 

death in U.S.

66% of patients 
with chest trauma

45-48%

22% (> 60 yo)
11% (< 60 yo)

55% of patients > 60 who 
die from chest trauma 

have no injury worse than
rib fractures

34% -> LTACH

Background



Evidence-based practices are still not mainstream for patients with traumatic rib 
fractures

For patients 65 yrs older with > 2 rib 
fractures:

EBP1: 35% reduced mortality (p < 0.001)
EBP2: 7% reduced mortality (p = 0.02)

For patients with Flail Chest:
EBP3: 90% reduced mortality (p < 0.001)



Evidence-Based decision support care map built into Epic EHR



Implementation
• 10 hospitals

• Graduated roll-out starting 11/2020

• Provider education by providers
• Virtual provider training session: ED providers, trauma, internal medicine
• Booster training session with updates including GWL
• Tip sheet

• RN education via online learning module

• RT education by RT

• Booster education sessions

• Audit and Feedback
• Reach and Adoption (Hospital-level, Nursing unit-level, and Provider-level) 

tracked daily using Microsoft PowerBI



Identified: 
85% reduction in unplanned ICU transfer (propensity matched) (p = <0.001)
40% reduction in 1 year mortality (Cox PH regression) (p = 0.01)
(trend) 50% reduction in need for mechanical ventilation (propensity matched) (p = 0.15)
13% reduction in hospital LOS (Poisson regression) (p = 0.019)

Process:
Higher rate of adherence with the NEXUS Chest CT Criteria (80.8% vs 61.1%, p < 0.001)
Lower first 24 hr Morphine equivalents (32.5 vs 42.75 mg, p< 0.001)
High rate of anesthesia consultation for epidural (23.7% vs 8.4%, p < 0.001)

Key issue: Only 45% of the time the decision support system was used

Conducted a casual 
propensity-matched 

analysis



Objective

If a patient arrives in the ED and receives a chest x-ray can an AI-enabled
CDS system predict if the patient has a rib fracture?

Investigate

Prospective multi-hospital observational study to develop and evaluate a 
diagnostic AI model for rib fractures

16 hospitals10 hospitals8 hospitals1 hospital

Aims





Multi-Modal Model 
Development

EHR elements in model:
BMI, Co2, Creatinine, Hgb, Plts, HR, 
RR, SBP, Troponin, WBC, Reason for 
Visit, DBP, Temp, Respiratory level 
(ordinal room air, facemask, PPV, 

Intubated), O2 Sat FIO2, Age, Pain

Multimodal means EHR elements + 
CXR image

Methods



MHFV: AUROC 0.90 (95% CI 0.88-0.91)
UFL: AUROC 0.80 (95% CI 0.74-0.85) 

AUROC of 0.75 (95% CI, 0.73-0.76) 

AUROC was 0.70 (95% CI, 0.67-0.73) 

Internal Retrospective Validation

External Retrospective Validation

Results



Images CDS 
Services

Information cardInput Processing

Output

• ED storyboard update
• Add-on to patient list 

(optional)
• Trauma BPA

MH FV Electronic
Health Record

AI Algorithm

ED 
patient

Occurs in REAL-TIME

Deep Learning AI algorithms can be directly deployed into EHR

EHR data 
(i.e. labs, 
vitals)
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AUROC 0.734 

(95% CI 0.68 – 0.79)

16,994 Patients

AUROC 0.7504

 (95% CI 0.66-0.84)

AUROC 0.824 

(95% CI 0.76 - 0.89)



• Real World “Silent” Validation only had 53 cases

• Multimodal analytic techniques have improved over the past few years

• How to handle a 50% false positive rate with a live deployment?

• Real World Validation was only done at one site (the site with the best retrospective performance)

• Developed a model that performs with good performance in real world environments with AUROC 
0.824

• Determine optimal window for AI Diagnostic Decision Support deployment including optimal 
threshold

• Evaluation as an IRB approved prospective observational research study 

• Primary Implementation Outcome: Activation rate (%) of Rib Fracture Evidence-Based Decision 
Support Pathway

Limits

Conclusions and Next Steps


