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Pleural infections

• Remains a serious clinical 
problem, with substantial morbidity 
and mortality despite modern 
antibiotics and drainage strategies1.

• Intrapleural enzyme therapy 
(IET) using tissue plasminogen 
activator and DNase has improved 
outcomes and reduced the need for 
surgery, but treatment response 
remains highly variable across 
patients.

• Understanding which patients are 
at highest risk of poor outcomes 
is important.
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Two sources: Hopkins (5 
Hospitals) and UNC (23 
Centers, USA and UK)

Covariate Missingness: 
Albumin, more pronounced 
in the UNC Study

Q: How can I combine 
data sources and adjust 
for the missing data?
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Distributed research networks (DRN)

How is the data stored?

• Centralized: stored at a single site.

• Decentralized: data stored across sites.

Decentralized DRN 

• Federated learning enables estimation of 
regression and causal parameters when it is not 
possible to pool or “stack”' patient-level data2.
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The three constraints in federated learning 

Privacy

Only summary statistics or 
limited information may 

leave a site 

Communication 
efficiency

Ideally only few rounds of 
communication

Heterogeneity

Site-specific distributions 
and effects
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Privacy: What information can I share?

It depends! 

• No individual-level data

• Aggregated statistics only

• Data user agreement governs sharing

Centers for Medicare & Medicaid Services (CMM)

• Operates under the US Department of Health and Human Services

• Small cell counts (≤10) are suppressed in accordance with CMS 
disclosure policies to reduce re-identification risk.
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What is the statistical challenge?

Previous research is limited or inconclusive 

• Collaborative one-shot and lossless algorithms of generalized linear models 
(COLA-GLM) estimator assumes complete data2. 

• Most existing approaches in FL ignore missing data3 or are either single- or 
multiple-imputation based and generally assume missing at random (MAR)4.



9

What is the statistical challenge?

Previous research is limited or inconclusive 

• Collaborative one-shot and lossless algorithms of generalized linear models 
(COLA-GLM) estimator assumes complete data2. 

• Most existing approaches in FL ignore missing data3 or are either single- or 
multiple-imputation based and generally assume missing at random (MAR)4.

Opportunity: Develop an inverse probability COLA-GLM for various types of 
missingness. 

Impact: Provide statisticians with an additional estimator that allows for the 
consistent estimation of regression parameters. 
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Intro to COLA-GLM
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Estimand vs. Estimator vs. Estimate
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Estimate 

https://www.r-causal.org/chapters/10-estimands
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COLA-GLM | Example dataset

id Y X1 X2 X3

1 1 1 1 1

2 0 0 1 1

3 1 0 0 2

4 1 1 0 0

…

998 1 1 0 1

999 0 0 1 0

1000 0 1 1 0

Extract number of combinations

• Outcome+covariates: 2 levels each

• Total number of combinations: 24=16
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COLA-GLM | Example dataset

id Y X1 X2 X3

1 1 1 1 1

2 0 0 1 1

3 1 0 0 2

4 1 1 0 0

…

998 1 1 0 1

999 0 0 1 0

1000 0 1 1 0

Extract number of combinations

• Outcome+covariates: 2 levels each

• Total number of combinations: 24=16

Generate summary statistics table

• 16 rows, representing each 
combination

id Y X1 X2 X3 n

1 1 1 1 1 11

2 1 1 1 0 40

3 1 1 0 0 100

4 1 0 0 0 200

…

14 0 1 1 0 150

15 0 0 1 0 45

16 0 0 0 0 12
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COLA-GLM | Simulation Example (n=1,000)

Simulate Data Create Summary Table
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Simulate Data Create Summary Table

Based on regression model
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Pooled Data Aggregated Data

COLA-GLM | Simulation Example (n=1,000)
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COLA-GLM | Simulation Example (n=1,000)

Can replicate the COLA-GLM based on the 
aggregated and weighting by the count!



COLA-GLM with missing data



The easiest estimator to use: 
one restricts the data to only the 
observations that have complete 
data before applying the model 
of interest may only require one 
communication between sites.
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The easiest estimator to use: 
one restricts the data to only the 
observations that have complete 
data before applying the model 
of interest may only require one 
communication between sites.

17

Complete case estimator 

Bias depends on the missingness 
mechanism and % of missing 
observations

CC
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Complete Case COLA-GLM

Step 1: Reduce data to 
complete data only

Step 2: Create summary 
statistics table
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Complete Case COLA-GLM

Step 1: Reduce data to 
complete data only

Step 2: Create summary 
statistics table

Step 3: Run COLA-GLM 
regularly

Note that if we sum the 
count variable, we will get 
the total number of 
complete observations 
(n=616)
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Inverse probability weighting estimator 

CC
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Inverse probability weighting estimator 

CC IPW

Strategy: Weight 
observations to 
create a pseudo-
sample that 
approximates the 
original full data.
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Weighted COLA-GLM

Step 0: Calculate Pr of 
complete observation

Step 1: Reduce data to 
complete data only

Step 2: Create summary 
statistics table 
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Weighted COLA-GLM

Step 0: Calculate Pr of 
complete observation

Step 1: Reduce data to 
complete data only

Step 2: Create summary 
statistics table

Step 3: Run COLA-GLM 
regularly using count as 
the weight

Note that if we sum the 
count/myp, we will get the 
total number of complete 
obs (n≈1,000)
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Small simulation study
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which can lead to overly narrow confidence 
intervals and incorrect statistical inference.
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Beyond COLA-GLM
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A more general approach

Consider the following regression model

𝑬𝒀|𝑿,𝒁 𝒈 𝒀 = 𝒎 𝑿, 𝒁; 𝜽
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A more general approach

Consider the following regression model

𝑬𝒀|𝑿,𝒁 𝒈 𝒀 = 𝒎 𝑿, 𝒁; 𝜽

We are interested in estimating 𝜽 and var 𝜽 under 
two main restrictions. 

• Full but unobserved data: for 𝑘 ∈ 1, … , 𝐾 , let 

𝑂(𝑘) = {𝑌 𝑘 , 𝑋 𝑘 , 𝑍(𝑘)}

• Observed data: 𝑂(𝑘) = {𝑌 𝑘 , 𝑅(𝑘), 𝑅(𝑘)𝑋 𝑘 , 𝑍(𝑘)}

M-estimating equation approach

𝑲 = 𝟒
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Proposed solution
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More simulation studies: Bias 
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More simulation studies: SE ratio 



Thank You!
jvazqu18@jh.edu

Jesus E. Vazquez, PhD

Provost's Postdoctoral Fellow
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