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Introduction 
Despite the consensus that large inter-institutional datasets might be better to develop a single generalized machine-
learning model, there exist non-technical limitations to exchange datasets between the institutions mainly due to their 
privacy problem. In this study, we developed a synchronous distributed training model with the participating nodes sharing 
only the learning weights without exposing their individual datasets to other nodes. 
 
Hypothesis 
With the proposed distributed training configuration, we will be able to develop a single model which is more generalized 
and highly robust from non-i.i.d. (independent and identically distributed) datasets without sharing the participant’s local 
data. 
 
Methods 
We trained a DenseNet121 based tuned model using two different datasets (CheXpert from Stanford and MIMIC-CXR 
from MIT) and 4 different training sets. We randomly extracted 20k studies as a trainset and 10k studies as a testset from 
each original dataset. Every study contains 1-11 images, which are individually augmented and concatenated in random 
order along the channel axis of input tensor (20x256x256, zero-padded). All 4 training experiment setups are: (A) two 
individual training setup, using CheXpert and MIMIC-CXR trainset respectively, (B) typical distributed training setup with 
the merged trainset, randomly shuffled and evenly divided to each node with the all-reduced entire model weights, (C) 
same to the B but used individual CheXpert / MIMIC-CXR trainset on each node, and (D) same to C but the model 
weights are partially all-reduced with remaining the first and the last blocks in the model unshared. We tested the trained 
models for accuracy of all 14 labels and obtained their averaged AUC scores to compare the performance by using each 
testset. 
 
Results 
MIMIC-CXR testset shows a clearer tendency of our claim. As expected, the set B has the best of 86.5% in accuracy and 
0.76 in averaged AUC score. the Set C made the model degraded as 85.5% in accuracy and 0.73 in AUC scores, but 
both of performance metrics are compensated by the customized layers in the set D, to 86.3% of accuracy and 0.75 in 
averaged AUC score. 
 
Conclusion 
The proposed partially parallelized distributed training set will provide very competitive performance compared with the 
result from the nominal distributed training with the bigger merged trainset. We expect the general features of chest X-ray 
images will be captured in the common part of the model, while the customized parts mainly learn the difference of each 
individual dataset.  
 
Statement of Impact 
We have seen the feasibility of inter-institutional collaboration for a more generalized single model development without 
exposing each parties' dataset, by means of a partially parallelized and distributed training. 
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Fig. 1  Four different training experiments: (a) individual single training with each training dataset, (b) i.i.d distributed 
training with the evenly divided merged dataset, (c) distributed but used non-i.i.d set as set A, (d) same to set C but the 
model weights are partially distributed. 
 
 

 
Fig. 2 (a) training accuracy and (b) average AUC score along with the experiment sets. Proposed partially distributed 
training set D compensates the performance degradation from the experiment set C, notably in MIMIC-CXR trainset. 


