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Abstract

The emergence of massive distributed data imposes significant challenges to traditional statistical
approaches, and also makes distributed statistical learning a hot topic in recent years. Although
distributed model averaging methods can effectively handle model uncertainty in these large-scale
datas, to the best of our knowledge, existing relevant literature has only investigated the scenarios
with complete data and has not yet covered survival data. For the massive distributed survival data
with rightly censoring responses, we propose two distributed Mallows-type model averaging meth-
ods using the technique of inverse probability of censoring weighting under the accelerated failure
time model. These two methods differ in the estimation of the coefficient vector of candidate mod-
els—one employs a one-round algorithm while the other uses an iterative algorithm based on sur-
rogate least squares—but both adopt a simple averaging strategy based on locally optimal weights
for weight aggregation. The effectiveness of the proposed methods is validated through numerical
simulation studies, and the methods are also applied to a real data analysis. The results show that
the proposed approaches maintain the prediction accuracy similar to that of full-data methods and
yield a marked improvement in computational time.
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Figure 1. Comparison of MSPE ratios for various methods versus the FULL method under different values of R?
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Figure 2. Comparison of MSPE ratios of various methods relative to the FULL method under different sample sizes
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Table 1. Comparison of average computation time for different methods (Unit: seconds)
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Table 2. Comparison of four methods under NHANES data
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