
Project 1: Online change-point detection The detection of abrupt changes is a crucial open problem 
in almost every branch of science. In statistics, there is a well-developed research direction called 
the ‘change-point problem’. However, the drawback of the traditional statistical methods is that 
they rely on a number of assumptions that are hard to validate in practical situations, for example, 
smoothness or distributional assumptions. This project aimed to detect the change-point by utilizing 
several machine learning techniques, for example, matrix factorization, and the problem will be 
solved under an online machine learning framework, where data becomes available in sequential 
order, in another word, we aimed to address the practical need for detecting change-point in a 
prospective way. In contrast, the majority of approaches in the existing literature are focused on an 
offline setting. 
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Project 2: Dirty statistical models 
This project aimed to develop a methodology to integrate data sets from several studies. However, 
the sample size of each data set is small so that statistical analysis for each data set along will lead to 
low statistical power. At the same time, each data set may be biased so a naive pooling procedure 
will not work. We want to develop new methods under survival analysis models (for example, Cox 
model, proportional odds model, linear transformation model, accelerated failure time model, etc.). 
The object of this project also includes the study of the non-asymptotic properties of the estimators. 
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