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Two-Stage-NLSLIST and Two-Stage-NLME can remove trend from data,
although lose some information in residuals.

Structural Equation Models (DSEM).
QU ESTIONS * When there 1s no trend in data (condition = Notrend DSEM), the DSEM model have acceptable performances even when nT=3.
* When there 1s trend 1n data (condition = ), the DSEM model have terrible performances, only except for when estimating VAR[¢| with nT=50 and nP=500.
* When nT increases, the performances of DSEM across all situations get better, only except for when estimating VAR[¢d] with n'T=50 and nP=500.
* When nP increases, the SD of DSEM estimates tend to be smaller across all situations, which suggest a more valid performance. » Upon evaluating the performance of DSEM on 100 trended and 100 non-
trended datasets, we discovered that the presence of trend in time series
data could invalidate the estimates. Thus, not accounting for trends is not

Q1 In what ways are estimation results involving the DSEMs affected by
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Q2 How do different approaches of accounting for trends influence the
Q2 (a). Performances of different approaches of accounting for trends.
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* Step3: Five approaches 1n total are applied to analyze the trended Monte

Carlo samples generated in the step 2.



