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Conclusions \

E A priori first-guess error variances for each TPW class are significantly different indicating that the first-guess errors coming from the regression retrieval depend on the
atmospheric moistness.

E In the physical retrieval results from AIRS measurements over East Asia, the use of a priori first-guess errors classified by TPW, rather than a fixed error, appears to improve
water vapor retrievals in the boundary layer.

E The six QCs tested here can be appropriately used to rule out the retrievals with large errors. The use of QCs for the temperature and water vapor soundings has more impact
over land than over ocean.

E The use of dynamic a priori error information according to atmospheric moistness, and the use of appropriate QCs dealing with the geographical information and the deviation
from the first-guess as well as the conventional inverse performance are suggested to improve temperature and moisture retrievals and their applications.
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