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[ Abstract] When adverse events of interest for post-marketing drug safety studies
are relatively rare, conducting multi-center studies is necessary to address this issue. However,
multi-center studies are often trapped in the problem of different central variables with
varying degrees of richness, especially the complete lack of key variables in sub-centers, which
causes studies not to make full use of all the information of each center when adjusting bias.
Propensity score calibration (PSC) and transfer learning proposed in recent years are available
to deal with the complete absence of some variables in the sub-center. PSC has been applied to
pharmacoepidemiology, but no report of transfer learning in this field has been published. This
article will outline the characteristics and applications of the two methods, and focus on combing
several types of transfer learning methods that can be used to solve such problems, and provide a

reference for the in-depth study of transfer learning in multi-center drug safety evaluation.
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Figure 1. Directed acyclic graph illustrating the use of propensny score calibration to estimate the effect

of exposure on outcome

VE: PS. fdy RS
R 2K 1

( propensity score ) ;

LR ERAEPSH, WEFLHAE

T AR, EREAY ARG EMELL,

https://ywlxbx.whuznhmedj.com/



HYIRITRSE S E 2023 £ 5 A% 3245 5 1

*F1 PSCEHWIRIT

577

R F R R A A A IR

Table 1. Current status of the application of PSC in pharmacoepidemiological studies
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Figure 2. Working mechanism of transfer learning
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