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PORTFOLIO

The Situation:
COVID-19 Pandemic

Fragmented Data

Vaccination records are siloed 

across diverse national and 

regional health systems

Urgent Decision-making

Need for real-time large-scale 

evidence to make informed 

decisions

Data privacy

Privacy laws limit sharing of 

Individual Patient Data (IPD)
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IMAGE & PORTFOLIO

Our solution:
Federated data analysis

IPD remains federated, not centralized

Data providers keep Individual Patient Data 

(IPD) locally

Communication efficient

Only summaries are shared once

Equivalent to pooled version

Statistical models estimated from federated 

data are equivalent in performance to models 

estimated from centralizing or pooling all 

data

summary statistics required:

sample moments (univariate and 

multivariate) up to 4th order
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INFOGRAPHIC

Illustrative Example:
SPARCS 2022

SPARCS inpatient de-identified file

Statewide Planning and Research Cooperative System 

(https://health.data.ny.gov) provided by New York State 

Department of Health

Records included in analysis

205 hospitals, 2 095 246 patients

Variables included in analysis

● Sex (M / F)

● Length of hospital stay (days)

● COVID-19 test (- / +)

● Emergency department 

indicator (N / Y)

● Total Charges (USD)

https://health.data.ny.gov/Health/Hospital-Inpatient-Discharges-SPARCS-De-Identified
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IMAGE & PORTFOLIO

Linear [mixed] models

Identical point and interval estimates

E[yij|xij] = xij
T𝝱 + ui + 𝜖ij 

yij - Std. Total Charges (USD) per patient j in hospital i
xij - vector of predictor data per patient j in hospital i
𝝱 - vector of fixed effects
ui - random intercept per hospital i
𝜖ij - normally distributed random error

Interpretation

● + ~ 8 days Length of Stay ⇒ 94 212.30 USD 
(+)

● Positive COVID-19 ⇒ 5 294.35 USD (-)
● Male ⇒ 6 380.37 USD (+)
● Emergency ⇒ 11 267.47 USD (-)
● Intraclass Correlation Coefficient (ICC) = 

30.78% (proportion of total variance in y 
explained by the differences in clusters)
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IMAGE & PORTFOLIO

Binary logistic [mixed] models

Identical point and interval estimates

(up to 3rd decimal place)

logit (E[yij|xij]) = xij
T𝝱 + ui + 𝜖ij 

y - COVID-19 test result per patient j in hospital i
xij - vector of predictor data per patient j in hospital i
𝝱 - vector of fixed effects
ui - random intercept per hospital i
𝜖ij - normally distributed random error

Interpretation

● Male ⇒ 17.70% higher odds of being 
COVID-19 positive than females

● Intraclass Correlation Coefficient (ICC) = 
22.84% (proportion of total variance in y 
explained by the differences in clusters)
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Poisson [mixed] models

log (E[yij|xij]) = xij
T𝝱 + ui + 𝜖ij 

y - Length of Stay (days) per patient j in hospital i
xij - vector of predictor data per patient j in hospital i
𝝱 - vector of fixed effects
ui - random intercept per hospital i
𝜖ij - normally distributed random error

Interpretation

● Positive COVID-19 ⇒ 17.12% longer LOS
● Male ⇒ 13.20% longer LOS
● Emergency ⇒ 37.44% longer LOS
● Variance of random intercept: Baseline LOS 

varies across hospitals

Identical point and interval estimates

(up to 3rd decimal place)
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SERVICE

Research questions 
that can be answered

𝜷

?

Identify significant risk factors

Quantify relationship between 

predictors and a response variable

Provide confidence intervals

Account for heterogeneity across 

different data providers

Perform model selection via AIC

Generate predictions
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IMAGE & PORTFOLIO

Equivalence depends on 
matching summary statistics

Actual summary statistics 

≅ 

Pseudo-data summary statistics

Actual log-likelihood 

≅ 

Pseudo-data log-likelihood

Actual inference 

≅ 

Pseudo-data inference
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Key requirements
● consistent variable definition
● summary statistics per data provider
● [complete cases]
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SERVICE

Limitations

X

X

X

Exploratory data analysis

Residuals analysis (model diagnostics)

Missing data imputation

X Outlier detection
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SERVICE

Research potentials

Generalizable to other statistical 

models (e.g. linear geostatistical 

models)

May be applicable to Bayesian modelsP(𝝷|D)

Other correlation structures and 

random effects distributions

Handling missing data
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To achieve precise inference, we do not need individual patient data;

we only need the information they contain.

https://doi.org/10.1002/sim.10300
https://doi.org/10.1002/bimj.70080

