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● Acute respiratory distress 
syndrome (ARDS):

○ strikes about 1 in 10 ICU 
patients

○ kills about 40%

○ goes unrecognized in about 
40% of cases.¹ 

● ML can catch missed cases, 
but models only learn what 
labels teach. 

● Two label sources:
○ Gold standard: provider chart 

review (accurate but scarce)
○ Silver standard: hospital 

billing codes (plentiful but 
noisy)

● Our questions:
○ How badly do billing codes 

undercount ARDS?
○ Can more billing data 

close the gap?

 

● Model: Gradient-boosted trees

● Features: physiology + chest 
X-ray report concepts

● Label quality Test: 
○ 443 ventilated MUSC 

patients 
○ Chart Labels: MUSC 

physician review (Berlin 
Definition)

○ Billing Labels: ARDS binary 
flag (based on ICD-9/10)

○ 5-fold CV, bootstrap 95% CIs

● Scaling Test: 
○ Train: MIMIC-III², ~23,000 

stays, billing labels
○ Test: Morales³ (same 

hospital, n=100) and MUSC 
(n=443)

● Simulation: vary label quality 
and training size to test whether 
volume closes the gap.

LABEL QUALITY TEST

● In this experiment:
○ Billing codes miss most 

ARDS. Models trained on 
them inherit the miss 
(sensitivity 0.76 → 0.29)

○ Chart-trained model ≈ 
published detectors (AUC 
0.84 vs. 0.79–0.83)⁴,⁵

○ More billing data closes the 
gap, within one hospital

○ Across hospitals, it fails → 
site effects, not just label 
noise

○ Billing-trained model looked 
fine on billing labels (AUC 
0.73) → must validate against 
chart review, not billing codes. 

● Implication:
○ Billing-defined ARDS cohorts 

in similar work likely 
undercount
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● Context-aware NLP: detect 
negated, uncertain and 
one-sided findings in chest 
X-ray reports. “No bilateral 
opacities” currently counts the 
same as “bilateral opacities.”

● Cleaner physiology: prune 
noisy measurements and re-test 
whether vital-sign and ventilator 
data add signal beyond the 
notes.

● Explain the transfer failure: 
use feature attributions (SHAP) 
to find which report phrases 
reflect site-specific dictation 
habits.

● A second chart-labeled site: 
to separate label bias from site 
effects.

Training 
Label

Eval 
Label

AUC Sens. Spec. Prec.

Chart Chart 0.84 0.76 0.71 0.72

ICD ICD 0.73 0.41 0.89 0.61

ICD Chart 0.74 0.29 0.92 0.79
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Label Quality Test: Models inherit 
billing-code ARDS misses

Billing codes flag only 44% of chart-confirmed ARDS (κ = 0.27)

Scaling Test: works within a hospital, fails 
across hospitals

● Simulated patients, true ARDS status known
● Labels corrupted to billing-code error (κ = 0.27)
● Train on true vs. corrupted labels
● Goal: Measure the AUC gap as training size grows

Bonus Content: Simulation

Takeaway: More data → smaller gap

● Strong signal: gap ≈ 0 by ~20,000 cases
● Weak signal: ~50,000 cases
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● Arrow = train → test  
● AUC against chart-review labels  
● Morales ⊂ MIMIC-III
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