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Safety signal escalation 

Collect 
safety data 

•Passive 
surveillance 

•Active 
surveillance 

Set 
performance 

targets 

•Objective 
performance 
criteria 

•Model-based 
estimates 

Compare 
data to 
targets 

•Z Scores 
•Bayesian 
criteria 

Take action 

•Collect more 
data 

•Audit 
•Remediation 
•Shut down 



Existing approaches 



Methodological gaps 

Signal Escalation Steps Methodological Gaps 

Collect data • Drug and device adverse event monitoring 
• Hospital serious reportable events 

(current process is perfunctory) 

Set performance targets • Hierarchical models 
• Longitudinal analysis 

Compare data to targets • Bayesian posterior distribution of signal 
strength (i.e., data vs target) 

Take action • Realistic regulator loss functions for 
possible actions 

• Sequential decision framework 
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Our data 

AHRQ’s Hospital Cost and Utilization Project 

National 
Inpatient 
Sample 

Nationally representative annual surveys 
(2000 – 2011) 

Inpatient 
discharge 

summaries 

Linked 
hospital 

characteristics 

4600 observations  
1200 hospitals 

At least 100 
pediatric 

discharges per 
year 

At least 3 years 
per hospital 

234 test year 
observations 

(2011) 



Our data 

Model Predictors Summary Statistics 

Length of stay Median 3 days 

# chronic conditions/patient Median 0.08 

Admitted from ER 33% 

Discharge status 95% to home,  0.2% died 

Size 49% large, 32% medium 

Private 45% 

Urban 68% 

Teaching 27% 

Pediatric admissions/total Median 8% 



Defining the safety outcome 

All discharges 

Pediatric 
discharges 

Discharges with 
any ICD-9 code 

for device-
related problem 

In each year, each hospital: 

 

𝑟𝑎𝑡𝑒 =
𝑝𝑟𝑜𝑏𝑙𝑒𝑚 𝑑𝑖𝑠𝑐𝑎𝑟𝑔𝑒𝑠

𝑝𝑒𝑑𝑖𝑎𝑡𝑟𝑖𝑐 𝑑𝑖𝑠𝑐𝑎𝑟𝑔𝑒𝑠
 

 

𝑟 = sin−1
𝑝𝑟𝑜𝑏𝑙𝑒𝑚 𝑑𝑖𝑠𝑐𝑎𝑟𝑔𝑒𝑠 + 1

𝑝𝑒𝑑𝑖𝑎𝑡𝑟𝑖𝑐 𝑑𝑖𝑠𝑐𝑎𝑟𝑔𝑒𝑠 + 1
  

 



Defining the safety outcome 



Bayesian hierarchical mixture model 

For facility j in year t, we model the transformed 
rate with a linear mixed model 

 

𝑟𝑗𝑡 ~𝑁(𝜇𝑗𝑡 , 𝜎𝑗𝑡
2)  

𝜇𝑗𝑡 = 𝑥𝑗𝑡
′ 𝛽 + 𝑏0𝑗𝑡 + 𝑏1𝑗𝑡𝑦𝑒𝑎𝑟𝑡 

𝑏0𝑗𝑡~𝑁 𝛽0
𝑘1, 𝜎𝑏0
2  

𝑏1𝑗𝑡~𝑁(𝛽1
𝑘2, 𝜎𝑏1
2 ) 

 

Facility random effects are Gaussian mixtures 
with two mean components. 

 

 



Random effects (mixture distribution) 



Posterior predictions 

Sample from the posterior predictive distribution 
for the test year (transformed scale): 

 

𝑟𝑗𝑡
∗~𝑁 𝑥𝑗𝑡

′ 𝛽 + 𝑏0𝑗𝑡 + 𝑏1𝑗𝑡𝑦𝑒𝑎𝑟𝑡 , 𝜎𝑗𝑡
2  

 

And thus from the posterior of the signal strength: 

 
𝛿𝑗𝑡 = 𝑟𝑗𝑡 − 𝑟𝑗𝑡

∗  

𝑟𝑗𝑡 is the observed (transformed) rate  

𝑟𝑗𝑡
∗  is the predicted (transformed) rate 

 



Three methods for assessing signal 

strength 

1. Z scores and funnel plots 

2. Posterior prediction intervals 

3. Bayes risk 



Using posterior Z scores 

Z score is a conventional measure of signal strength 

 
𝑍 = 𝛿𝑗𝑡/𝜎𝛿𝑗𝑡  

 

We act when Z exceeds some threshold, usually 2 or 3 

 

Funnel plot shows how Z scores vary with sample size 
(i.e., 𝜎𝛿𝑗𝑡)  



Using posterior Z scores 



Using posterior prediction intervals 

Construct posterior predictive interval by 
transforming posterior samples 
 

𝑟𝑎𝑡𝑒∗ =
𝑛 + 1 sin 𝑟∗ 2 − 1

𝑛
 

 
and taking upper and lower 2.5%-iles. 
 
Determine whether observed 𝑟𝑎𝑡𝑒𝑗𝑡 lies outside 
this interval. 



Using posterior prediction intervals 



Using Bayes risk 

Bayes risk integrates loss function over the signal 
posterior 

𝑟𝑖𝑠𝑘𝑎 = ∫ 𝑙𝑎 𝛿 𝑓 𝛿 𝑦  𝑑𝛿 

With posterior samples, this is simply 

𝑟𝑖𝑠𝑘𝑎 =
1

𝑀
 𝑙𝑎(𝛿𝑚)

𝑚

 

where 𝛿𝑚 are posterior samples. 

In reality, the loss functions also depend on 
hospital characteristics. 



Possible regulator actions and losses 

Better than expected 
safety 

Worse than expected 
safety 

No action No loss Losses increase with harms 

Investigate Fixed investigation costs  Produces information on 
cases, patient harms continue 
to accrue 

Audit More expensive (scales 
with hospital size) 

Produces information on 
hospital, patient harms 
continue to accrue 

Remediation Most expensive (scales 
with hospital size) 

Halves the excess harm rate 

Shut down Diversion costs (scales with hospital size), harms accrue 
at community rate 



Possible regulator actions and losses 

Different sized hospitals (6% observed safety rate): how loss depends on expected 



A tale of two hospitals 

Hospital A 

• Large 
• Urban 
• Private, non-teaching 
• Moderate fraction kids 
• Very low adverse event rate 

Hospital B 

• Small 
• Urban 
• Public, teaching 
• Large fraction kids 
• Very high adverse event rate 



Hospital A: posterior signal 



Hospital A: posterior losses 



Hospital B: posterior signal 



Hospital B: posterior losses 



• 3000 kids/yr 
• 1 expected case 
• 9 observed cases 

Hospital 
A 

• 1200 kids/yr 
• 30 expected cases 
• 51 observed cases 

Hospital 
B 

Comparing Bayes risks 

No action Investigate Audit Remediate Shut down 

Hospital A 17 16 5 18 230 

Hospital B 50 45 44 33 36 

Audit 

Remediate 



Applying to the whole data set 

Total Z < 2 2 ≤ Z < 3 3 ≤ Z 

Above 
prediction 

interval 

No action 210 210 0 0 0 

Investigate 2 2 0 0 0 

Audit 21 19 1 1 1 

Remediate 1 0 0 1 1 

Shut down 0 0 0 0 0 



Discussion 

• Hierarchical mixture models for safety targets accommodates 
unobserved heterogeneity (e.g., children’s specialty hospitals) 

• Explicit loss functions formalize the signal escalation decision 
process 

Strengths 

• Linear models for time 
• Safety signal is very broad 

Limitations 

• Refine actions and loss functions with regulator input 
• Incorporate sequential decisions 
• Simulate and compare with existing methods 

Future Work 
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