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Behavior expansion by task interference
for the quality estimation of the crowd worker∗

Yoshitaka Matsuda

Abstract

The micro-task type crowdsourcing has the advantage of ordering a lot of
tasks inexpensively. On the other hand, it is not always possible to get results
that the requester expects because there are workers who cannot provide correct
answers and workers who intentionally perform poor works. The elimination
and instruction of such low-quality workers will improve the work qualities.
Thus, a significant task is the estimating the worker quality automatically.
In this research, we focus on estimation method by workers behavior. By
using workers behavior, we can discover workers who intentionally perform
poor work. Existing studies focus on only how to analyze the behavior and
don’t discuss how to get the behavior. However, we suppose that there will
be no difference in worker behavior if a type of behavior is few. Furthermore,
it is desirable to get more detailed behaviors. In this research, we propose a
method to estimate worker quality by adding a mechanism to get many types
of workers behavior to tasks. This method improves the estimation accuracy
of low-quality workers. In addition, we find that the behaviors such as browsing
time and count that can be gotten by task interference play an important role
in estimating worker quality. However, there is a trade-off between accuracy
improvement and influence on workers such as processing time and motivation.
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