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Background 

When analyzing a relatively rare binary outcome, the sparse data problem is a significant 
challenge1. The lack of sufficient cases (e.g., patients with disease) in the data leads to a biased 
estimation of the effect of a treatment in observational studies2,3. One strategy to tackle this 
problem is to collaborate via consortia such as OHDSI, where multiple contributors can contribute 
to their (aggregated) data to increase the number of cases. Often patient-level data cannot be 
shared due to privacy concerns.  

The logistic regression model is a natural choice for modeling binary data and provides an odds 
ratio (OR) for the effect of an intervention or strength of an association by comparing the exposed 
and unexposed groups. The relative risk (RR) is another metric reporting the effect magnitude of 
the two groups. The choice between RR and OR is a long-standing debate4-8 and RR is preferred 
over OR for most prospective studies due to collapsibility, especially when the outcome is not 
rare9. Poisson regression is usually recommended to estimate the adjusted relative risk directly10 
for binary data as it can be used to approximate the binomial distribution when the sample size 
is large, and probability is small. Zou proposed a modified Poisson regression with a sandwich 
error term, which allows the direct estimation of the adjusted relative risk with robust variance 
estimation even when the Poisson model is misspecified for the binary outcome11.  

Distributed/federated learning algorithms are needed, but, under OHDSI, needs to be devised to 
be communication efficient as iterative communications are impractical. We consider a modified 
Poisson regression for binary outcomes: a key advantage is that we obtain estimates of relative 
risks which has collapsibility. 

We proposed a one-shot distributed learning algorithm for the modified Poisson regression for 
binary data, which has similar communication costs as a traditional meta-analysis and only 
require sharing of aggregated data. In particular, we are interested in the investigation of rare 
binary data with the Poisson regression model9. Without requiring individual-level data, the 



 

 
 

proposed distributed algorithm transfers aggregated data across sites once to obtain the 
estimates of relative risk using the Poisson regression. Along with the consistent estimates of the 
intervention effects, the sandwich estimation offers a robust variance estimation of the 
estimated relative risk.  

 

Methods 

We propose a one-shot distributed modified Poisson regression approach for binary data and 
refer to it as ODAP-B. The workflow of the proposed algorithm is presented in Figure 1. Assume 
that there are K sites in total. Using methods developed by Jordan et. al12 and adapted to the 
clinical setting by Duan et al.13,14, we implemented a surrogate likelihood approach, by 
constructing the surrogate log-likelihood function whereby only local site patient-level data and 
gradients from other sites are needed. This procedure preserves the patient-level privacy in the 
data integration process by only transferring aggregated data across sites once. The main steps 
are: 

1. At each site, fit a Poisson regression and obtain the initial estimate 𝜽"! and variance 𝜎$!".  
2. (Optional step) obtain meta-analysis estimator 𝜽% , using initial estimates across k sites. 
3. At each collaborative site, calculate the first two gradients of Poisson likelihood at 𝜽% . 
4. For each collaborative site, share the gradients to lead site; at lead site, construct 

surrogate likelihood function, and obtain the ODAP-B estimator. 
 

 
Figure 1. Schematic illustration of the proposed ODAP-B method. For the rare disease data, each site calculates the initial 

estimate 𝜽"! and variance 𝜎$!" in the initialization step. Then the meta-estimate 𝜽% is obtained and transferred to all sites for the 
gradients calculation. Each site calculates the first and second gradients with the initial value and local data, and then transfers 

the gradients back to lead site or local site for the construction of surrogate likelihood function.  
 

To evaluate the proposed method, we conducted a simulation study where we compared the 
performance of the proposed method to that of meta-analysis in terms of the relative bias to 



 

 
 

pooled estimates. We set the total number of sites to be 5 or 50, each with a sample size of 500. 
We consider the setting where a binary outcome is associated with four variables, including three 
binary predictors (e.g., medication, sex, chronic condition) and one continuous predictor (e.g., 
age) sampled from the “age” distribution in real world data. The exposure of interest (e.g., 
medication) was generated from a Bernoulli distribution with probability 0.3. We fit the following 
model: 

𝑙𝑜𝑔(𝑃(𝑌	 = 	1|𝑿, 𝒁)) 	= 	𝛼	 + 𝛽#𝑋# + 𝛾#𝑍# 	+ 	𝛾"𝑍" 	+ 	𝛾$𝑍$, 

where the true values of the parameters are set as 𝛼	 = 	−2	𝑜𝑟	 − 5	 to mimic a relatively 
common disease and rare disease, respectively. 𝛽# = −0.25	𝑜𝑟	 − 1 , and 	𝛾# =	𝛾" =	𝛾$ =
−0.1. The simulation was conducted with 1000 replications.  

We also applied the method to examine the effect of COVID-19 viral (SARS-CoV-2 polymerase 
chain reaction (PCR) or antigen) test-positivity on the symptoms and conditions associated with 
the post-acute sequelae of SARS-CoV-2 (PASC) in children by using data from PEDSnet15, a 
national clinical research network of large pediatric medical centers. We conducted the analysis 
to estimate the relative risk and 95% confidence interval (CI) of the risk factor, viral-positivity (yes 
versus no) for each of the five outcomes, including three syndromic and two systemic features. 
Our key finding is that when the outcome is relatively rare (prevalence = 6.7%), ODAP-B has much 
smaller bias and substantially more efficiency than the meta-analysis estimates. 

 

Results 

Boxplots summarizing results from our simulation studies are presented in Figure 2. 

 

 

Figure 2. Comparison between the meta-analysis method (left box, red) and the proposed ODAP-B method (right box, cyan) in 
terms of relative bias of 𝛽#when the total number of sites is 5 (left panel) and 50 (right panel). 

Boxplots summarizing results from our real-world data application are presented in Figure 3.  



 

 
 

 

 

Figure 3. Comparison between the estimates of the risk factor, PCR positivity, with pooled method (blue), proposed ODAP-B 
(green), and meta-analysis method (red) using the real-world data on post-acute sequelae of SARS-CoV-2 infection (PASC) in 

184,501 children across eight national clinical sites. 

A real-world application with distributed data from three sites: Children’s Hospital of 
Philadelphia, Johnson & Johnson (OHDSI), and University of Florida (ongoing) using ODAP-B is still 
ongoing.  

Conclusion 

We proposed the ODAP-B method for the analysis of rare binary outcomes. The proposed 
approach provides estimated relative risk (RR) with efficient sandwich variance estimates to 
analyze sparse binary data. We believe that ODAP-B is a significant contribution to this new 
generation of distributed research networks. As a powerful tool in modeling the risk factors of 
binary outcomes, the ODAP-B method facilitates the collaborative environment by providing 
accurate estimation, privacy-preserving feature, and efficient communication.  
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