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1. Based on the definition of the SEM, we estimate the SEM by sampling the model data with an opmV opmV measurements.
ensemble of 'equivalent' sampling patterns, which are identical in latitude and time of day but For both ACE-FTS and MIPAS sampling, the SEM estimated through the ensemble sampling experiment is less than * Therefore, use of the classic SEM equation should generally
randomly shifted in longitude. The SD of the sample means gives the SEM, and Kk is calculated the SEM estimate c/sqrt(N), at most latitudes and heights, leading to k values less than one. Exceptions to this produce a conservative estimate of the SEM.
as the ratio of the SEM and o/VN. occur at the edges of the latitudinal sampling extent of ACE-FTS, and at heights above 1 hPa for MIPAS. k<1 implies

a negative mean correlation coefficient between measurements, which may be possible when a sampling pattern
systematically samples opposite sides of the globe, and variability is dominated by large-scale, symmetric wave-like
structures. k values obtained through the ensemble sampling exercise are confirmed by analysis of the correlation
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2. kcan be calculated explicitly by assessing the correlation between measurements. Using the
model data, we calculate the correlation coefficient in time between the model anomalies




