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Regression

Predict continuous values
(e.g. prices, life expectancy, etc.)



We would want to minimize the sum of squared residuals to minimize
our error when we are fitting Linear Regression

Multiple Linear Regression



The shrinkage penalty is squared the magnitude
of coefficient

Shrinkage Models
Ridge Regression Lasso Regression

The shrinkage penalty is based on the
absolute value of the coefficients

Coefficients converges towards (but not) 0 as
the parameter gets larger

Coefficients converges towards and might get
to 0 as the parameter gets larger

Can potentially selection important features to
our linear and omit the irrelevant noises

Reduce the effects of irrelevant predictors

Scaling of Predictors
Since we are trying to minimize our coefficients here, the scale of our
predictors would matter in our model. So we need to standardize our
data before model fitting.



How do we select our
tuning parameters

Cross - Validation (CV):
split the data randomly
into k parts and use k - 1 of
them for training and the
other for validation 
(we usually use k = 5 or 1 0)

We want cross-validation to have a robust estimate of our
model performance, mitigate overfitting, utilize data, and
have effective hyperparameters tuning (for models like
SVM, etc.)



Our problems
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When would the unemployment raise
over the natural unemployment rate*

How can we predict unemployment
using various economics predictors
(potentially job postings)

*I estimated this using the NAIRU, read more about that here:
https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/nairu-data-set

QuestionsDatasets

Monthly data on GDP, CPI,
S&P500, job postings,
unemployment claims, crime data,
etc. 
Mostly retrieved from the Federal
Reserve Economic Data (FRED)
Note that a few of this are
interpolated 



Correlation Matrix

Note that I also have
Pairs Plot visualization for
these variables so feel
free to check the Github
repo for that

A notable relation here is
between GDP and CPI
with correlation up to
0.99 and GDP and
S&P500 with correlation
up to 0.97



Adjustments for Multicollinearity

1.  Compute the eigenvalues and the eigenvectors
for the correlation matrix

2.  Take the ratio of the max eigenvalue to all other
eigenvalues elements-wise

3.  Identify which element of the ratio vector is the
highest

4.  Choose the corresponding eigenvector for the
highest element in the previous step

5.  Identify which two elements in this
eigenvectors are the highest in value

Why do we need to adjust for Multicollinearity: to increase our interpretability as we can
identify direct relationship between predictors and response



Correlation Matrix
After Adjustments

We can see that though
there are still some
correlations between
predictors, the overall
correlations significantly
decreased 

GDP and CPI are omitted to
deal with multicollinearity



Regression Model Results
Multiple Linear Regression (Without Scaling)

Relationship is hard to
draw here since
predictors are on
different scaled which
disrupt our interpretation
of coefficients



Model Diagnostics
Multiple Linear Regression (Without Scaling)



Regression Model Results
Multiple Linear Regression (With Scaling)

We can see that there is a
strong negative relation
between labor participation
and unemployment and also
total number of labor quits

Our Mean Squared Errors are
significantly reduced



Model Diagnostics
Multiple Linear Regression (With Scaling)



Regression Model Results
Multiple Linear Regression (With Scaling and Collinearity Adjusted)

The relationship between
predictors and responses
do not change too radical
but our MSE increases



Model Diagnostics
Multiple Linear Regression (With Scaling and Collinearity Adjusted)



Regression Model Results
Ridge Regression Lasso Regression



Classification

Predicts discrete categories / classes
(e.g. spam/not spam, gender, etc.)



Logistic Regression
Predicting a binary response using multiple predictors

Estimated coefficients are chosen to maximize the likelihood function rather
than minimizing sum of squared residuals; 



Linear Discriminant Analysis and Naive Bayes  

Assuming that predictors are
normally distributed

Assuming that within the k class, the p
predictors are independent

Based on different assumptions about our datasets and Bayes’ Theorem

LDA Naive Bayes



Linear Support Vector Classifier
The main idea is that we want to fit a hyperplane seperating classes

In which M is the minimal distance
between any points and the
decision boundary

C is our total budget for errors
(ϵi​) of how the point violates
our margin



Support Vector Machine

Kernel
Generalization of the inner product
between prediction and actual

An extension from the support vector classifier that enlarge
the feature spaces using kernel  

Give us the same linear
support vector classifier

S: support vectors - data points closest to the
decision boundary

Radial kernel



Classification Model Results

Disclaimer: This is totally based on the data that I have on hand so the overfitting
might be a issue for predicting future data



Visualization of our Classifier



Current shortcomings
Heteroskedasticity in MLR, can try WLS to fix

Limited Datasets so overfitting might be a problem

Data is currently manually pulled from FRED through CSV format then
extract into the notebook

Predictors and Responeses are highly time dependent

Can fixed this with consider Time Series models but that might not be
working as well



Remarks

Correlation does not result in direct causation

We would prefer a simpler models when they are yielding comparable
results

Simpler Models are more interpretable than complex ones

Sometimes, complex models does not yield better results



Thank you

Special thank to Patrick
for all his help this quarter

Feel free to check out my Github repo for your
reference (QR code below)


