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= By producing a good estimate for f where
the variance of ¢ 1s not too large, then we
can make accurate predictions for the

response variable, Y, based on a new value
of X.



. We can predict Yusing ¥ = £(X)

where f represents our estimate for 7, and Y
represents the resulting prediction for Y.



Prediction (cont.)

. The accuracy of ¥ as a prediction for Y
depends on:

— Reducible error

— Irreducible error



Prediction (cont.)

. Note that f will not be a perfect estimate for
f; this mnaccuracy introduces error.



Prediction (cont.)

= Even 1f we could perfectly estimate f, there 1s
still variability associated with ¢ that affects the
accuracy of predictions = irreducible error.



Prediction (cont.)

= Even 1f we could perfectly estimate f, there 1s
still variability associated with ¢ that affects the
accuracy of predictions = irreducible error.



Prediction (cont.)

= Average of the squared difference between the
predicted and actual value of Y.

= Var(e) represents the variance associated with ¢.

ra

E[(Y — f(X)?X =z = [f(x) — f(2)]>+ Var(e)
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= Our aim 1s to minimize the reducible error!!



Example: Direct Mailing Prediction

= We are interested 1n predicting how much money
an individual will donate based on observations
from 90,000 people on which we have recorded
over 400 different characteristics.



Example: Direct Mailing Prediction

= We don’t care too much about each individual
characteristic.



Example: Direct Mailing Prediction

= Learning Problem:

« For a given individual, should I send out a mailing?



Inference

= Instead of prediction, we may also be
interested 1n the type of relationship
between Y and the Xs.



Inference

= Key questions:

— Which predictors actually affect the response?
— Is the relationship positive or negative?

— Is the relationship a simple linear one or 1s 1t
more complicated?



Example: Housing Inference

= We wish to predict median house price
based on numerous variables.



Example: Housing Inference

« We want to learn which variables have the
largest effect on the response and how big
the effect 1s.



Example: Housing Inference

« For example, how much impact does the
number of bedrooms have on the house
value?



How do we estimate ?

» First, we assume that we have observed a
set of training data.

{(Xl’Y1)1 (XZ’YZ)’“"(Xn’Yn)}

= Second, we use the training data and a
machine learning method to estimate 1.

— Parametric or non-parametric methods



Parametric Methods

= This reduces the learning problem of
estimating the target function f down to a
problem of estimating a set of parameters.

= This involves a two-step approach...



Parametric Methods (cont.)

= Step 1:

— Make some assumptions about the functional
form of /. The most common example 1s a
linear model:

f(Xi) = o+ B Xy + B, X, "'"""IBpXip

— In this course, we will examine far more
complicated and flexible models for f.



Parametric Methods (cont.)

= Step 2:

— We use the training data to fit the model (1.e.
estimate f....the unknown parameters).



Parametric Methods (cont.)

= Step 2:

— The most common approach for estimating the
parameters 1n a linear model 1s via ordinary
least squares (OLS) linear regression.



Parametric Methods (cont.)

= Step 2:

— However, there are superior approaches, as we
will see 1n this course.



Example: Income vs. Education
Seniority




Example: OLS Regression Estimate

« Even 1f the standard deviation 1s low, we
will still get a bad answer 1f we use the
incorrect model.




Non-Parametric Methods

= As opposed to parametric methods, these do
not make explicit assumptions about the
functional form of /.

« Advantages:

— Accurately fit a wider range of possible shapes
of /.

= Disadvantages:

— Requires a very large number of observations to
acquire an accurate estimate of f.
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Example: Thin-Plate Spline Estimate

= Non-linear regression
methods are more flexible
and can potentially provide
more accurate estimates.
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« However, these methods can
run the risk of over-fitting the
data (1.e. follow the errors, or
noise, too closely), so too
much flexibility can produce
poor estimates for f.




Predictive Accuracy vs. Interpretability

= Conceptual Question:

— Why not just use a more flexible method 1f it 1s
more realistic?



Predictive Accuracy vs. Interpretability

= Reason 1:

— A simple method (such as OLS regression)
produces a model that 1s easier to interpret
(especially for inference purposes).



Predictive Accuracy vs. Interpretability (cont.)

= Reason 2:

— Even 1f the primary
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