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Fig. 1: Standard errors of OLS, Ridge and PC regression estimates

prediction error sum of square (PRESS). The values of The time series needs to be made stationary before fitting
sum of squared residuals and RMSE  are smaller for PLSCV

regression. Therefore the PLS regression model fits this
data well as compared to PC regression and ridge
regression with a greater predictive ability.

Model fitting and prediction are entirely different
features of a model's performance. It may be that a model
that fits the data well is not good for prediction.
Therefore, if prediction is the goal, a model that gives the
minimum RMSE  value amongst the prediction modelsCV

should be selected whereas a better fitted is the one with
the minimum value of RMSE. It is useful to compare these
methods by means of reliability of the estimated
coefficients. Because there is no guarantee that a well
fitted model or a model with higher predictive ability also
provides parameter estimates that are reliable. The
standard errors of these methods are computed and
presented in Table 5. As the standard errors of PLS
regression coefficients are not available by direct
methods, they are not included in this paper. The results
in Table 5 show that OLS estimates have larger standard
errors as compared to that of principal component
regression and ridge regression. Principal component
regression provides the smaller standard errors of the
estimated coefficients. Figure 1 show the standard errors
obtained from OLS, Ridge and PC regression. Although
the difference is small, PC regression provides smaller
standard errors of the estimated coefficients.

COMMENTS AND CONCLUSION

In fitting regression model to time series data one
should  be   more   careful   than   a   cross-sectional   data.

a regression model to the time series. We have not made
our time series data stationary because the residuals
obtained from OLS fit are stationary and proceeding
further with nonstationary time series with stationary
residuals  will   not   result   in  a  spurious  regression.
The linear relationship among the predictors makes the
OLS an inappropriate prediction method because of
multicollinearity, so the alternative prediction methods;
ridge regression, PC regression and PLS regression are
used. Among these methods the PLS regression is found
to be most powerful in predicting the response when the
time series data exhibit a high degree of multicollinearity.
The results show that PC regression coefficients are more
reliable as they produce smaller standard errors than
those for OLS and Ridge regression. The results may
differ when these prediction methods are applied to cross
sectional data instead of a time series. So, there is no
single criterion for best fit with higher predictive ability
and reliability of estimates.
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