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Road Map

O Models used for forecasting
O MATLAB Toolboxes

O Codes for:

a) Factors Model

b) Lasso Regression

c) Ridge Regression

d) Elastic Net Regression



Empirical Framework

* In this lecture, we are going to use four models that deal
with high dimensionality: Factor, Lasso, Ridge, and Elastic
Net Regressions to forecast macro series.

* We rely on the FRED-MD monthly panel of US
macroeconomic and financial variables from McCracken

and Ng (2016).
* We forecast Inflation (Consumer Price Index).



Classic Least Square Estimator

The classic estimator for ¢ is the least squares estimator, defined as
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Factors Model

We add principal components («Factors») into the OLS estimation of the model

Xf = AF-FT—FA'FYf—I— V¢

X; informational time series related to unobserved factors F; and
observed variables Y;



Lasso Regression

The LASSO estimator of this model is defined as
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where A is the LASSO tuning parameter



Ridge Regression

The ridge estimator of this model is defined as
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where A is the ridge tuning parameter



Lasso vs. Ridge Regression

The LASSO has a major advantage over RIDGE regression, 1n that it produces
simpler and more interpretable models that involved only a subset of predictors.

* The LASSO leads to qualitatively similar behavior to RIDGE regression, in that as A
increases, the variance decreases and the bias increases.

* The LASSO can generate more accurate predictions compared to RIDGE regression.

* Cross-validation can be used in order to determine which approach 1s better on a
particular data set.



Elastic Net

The elastic net estimator is defined as
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where o € (0,1), A= 0



MATILAB Toolboxes

Users should also ensure that they have installed the Econometrics and

Statistics and Machine Learning Toolboxes with MATLAB version R2021a+



General Setting

* We upload data
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Code for Factor Model
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We set features



Code for Factor Model



Code for Factor Model



Code for Factor Model



Code for Factor Model



Code for Factor Model



Code for Forecasting



Code for Lasso Regression



Code for Lasso Regression



Code for Lasso Regression



Code for Lasso Regression



Code for Ridge Regression



Code for Ridge Regression
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Code for Elastic Net Regression



Code for Elastic Net Regression



Code for Elastic Net Regression
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