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Context

o We want to find patterns in our data which will let us predict one variable from another (or
from more than one variable)

e The oldest and most widely-used prediction method is linear regression

o We're going to review linear regression, as a prediction method

e Without a lot of the mythology from 401

e But with an eye to more powerful methods

Optimal prediction in general
o We want to predict a numerical random variable Y

o We want a one-number (“point”) prediction, not a range or a distribution
e We say how good our guess is by expected squared error

Optimal prediction in general (cont’d.)

What’s the best constant guess for a random variable Y7

p = argminE [(V — m)2]
meR
= argmin Var [(Y —m)] + (E[Y —m])*
= arg;lnin Var [Y] + (E[Y] —m)?

= argmin (E[Y] — m)?

m

— E[v]
(Because: E [Z%] = Var [Z] + (E[Z])?, always)

Optimal prediction in general (cont’d.)

What’s the best function of X to guess for Y7

i = argminE [(Y - m(X))Q]
m:X—R
= argﬂrlnin]E [E [(Y - m(X))2|X”



For each z, best m(x) is E[Y|X = z] (by previous slide)

n(z) =E[Y|X = a]

Optimal prediction in general (cont’d.)

Learning arbitrary functions is hard!
Who knows what the right function might be?

What if we decide to make our predictions linear?

Optimal linear prediction with univariate predictor

Our prediction will be of the form
m(x) =a+ bz

and we want the best a,b

Optimal linear prediction, univariate case

(o, B) = ar%r?inE (Y = (a+bX))?]

Expand out that expectation, then take derivatives and set them to 0

The intercept

E[(Y —(a+bX))?] = E[Y? -2E[Y(a+bX)]+E [(a+bX)?] (8)
= E[Y?] —2¢E[Y] - 2bE[Y X] + (9)
a® + 2abE [X] + b°E [X?] (10)
aguz (Y - (a+bX))?] = 2E[Y]+2a+28E[X]=0 (11)
a a=a,b=0

a = E[Y]-pE[X] (12)

.. optimal linear predictor m(X) = o + X looks like
m(X) = a+pX (13)
= E[Y]-BE[X]+6X (14)
= E[Y]+B(X -E[X]) (15)

The optimal linear predictor only cares about how far X is from its expectation E [X] And when X = E [X],
we will always predict E [Y]



The slope

%E[(Y—(aerX))z} - = —2E[YX]+2eE[X]+28E [X?] =0
0 = -E[YX]+ (E[Y]-BE[X])E[X]+ BE [X?]
0 = E[Y]E[X]-E[YX]+B(E[X?] -E[X]®)
0 = —Covl[Y,X]+ fVar[X]
5 = Cov Y, X]
Var [X]

o If we replace X with X’ = X — E[X], 8 doesn’t change
o If we replace Y with Y/ =Y — E[Y], 8 doesn’t change
e .. centering the variables doesn’t change the slope

The optimal linear predictor of Y from X

The optimal linear predictor of Y from a single X is always

Cov [X,Y]

a+ﬂX:E[Y]+< Var [X]

) x-ELx)

What did we not assume?

e That the true relationship between Y and X is linear
e That anything is Gaussian

o That anything has constant variance

e That anything is independent or even uncorrelated

NONE OF THAT MATTERS for the optimal linear predictor
The prediction errors average out to zero

EY -m(X)] = E[Y —(E[Y]+5(X -E[X]))]
EY]-E[Y]-BE[X]-E[X]) =0

o If they didn’t average to zero, we’d adjust the coefficients until they did
o Important: In general, E[Y — m(X)|X] #0



The prediction errors are uncorrelated with X

Cov[X,Y —m(X)] = E[X(Y —m(X))] (by previous slide)
B Cov Y, X]
— B |x(-EW]- STl - B L)
B Cov|Y,X], ., = Covl|Y, X]
) [XY — XE|Y) = S () + oy (YE [X])}
— E[XY]-E[X]E[Y] - ME [X2] + C@;r[}[/x)]ﬂ (E [X])?
B Cov[Y, X]
= COV[X,Y}—T[X](VM[X])
= 0

e If the errors weren’t uncorrelated with X, we’d adjust the coefficients until they were

The prediction errors are uncorrelated with X

Alternate take:

Cov[X,Y —m(X)] = Cov]X,Y]—Cov[X,a+ 8X]
= Covl]Y, X] - Cov[X, 5X]
= Covl]Y,X] - 8Cov [X, X]
= Covl[Y, X] — gVar [X]
— Cov|Y,X]— Cov[Y,X] =0
How big are the prediction errors?
Var[Y —m(X)] = Var[Y —a— gX]
= Var[V — 5X]

After-class exercise: Reduce this to an expression involving only Var [Y], Var [X] and Cov [Y, X|;

if you get the right answer you should see that it’s < Var [Y] unless Cov [Y, X] =0

= Optimal linear predictor is almost always better than nothing. . .

Multivariate case

e We try to predict Y from a whole bunch of variables
Bundle those predictor variables into )§

e We need a vector of slope coefficients

e Solution:

m(X)=a+f-X =E[Y] + Var {X’}

and
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Var [Y - m()Z)] = Var[Y] — Cov [Y, X} " Var [)?] ' Cov [Y, )?}

(Gory details in the back-up slides)

What we don’t assume, again
e That the linear predictor is correct

o That anything is Gaussian
e Anything about the distributions of Y or X

Estimation: Data, not the full distribution
o Var[X], Cov[Y,X], E[(Y — (a+bX))?] all involve the true distribution, which we don’t
know
e . We can’t just calculate 5

o What we do know is (z1,41), (x2,¥2), .- (Tn, Yn)
— That is, n pairs of predictor and outcome

Estimation: Ordinary Least Squares (OLS)

Set up the mean squared error, and minimize it:

n

1
MSE(a,b) = = i — ba;))?
SE@0) = i (o bn)
(&,8) = argmin MSE(a,b)
a,b
Do the calculus:
OMSE I
e D )
OMSE 1O
5 = E;fQ(yi — (a4 bx;))x;
a = y-pz
5 = YT — Y= COV/[?,X]
2? Var [X]

(with T = sample mean of z, etc.)

Optimum vs. estimate (I)

e Optimal linear model versus Linear model estimated by OLS:

atBr = E[Y]+(W>@-E[X])
a+pfr = y+7COV/[EX](:c—f)
Var [X]



e These are not the same, but we can hope they’re close, and increasingly close with more data

When does OLS/plug-in work?
e “Work” = converge on the optimal linear predictor
o Jointly sufficient conditions:

1. Sample means converge on expectation values
2. Sample covariances converge on true covariance
3. Sample variances converge on true, invertible variance

e Then by continuity OLS coefficients converge on true 8
o None of this requires that the linear model is right, that anything is Gaussian, etc.

Optimum vs. estimate (II)

A little more subtle: for every fized (a,b), by the law of large numbers,

MSE(a,b) = E [(Y — (a +bX))?]

e Mean squared error — expected squared error
o This is almost enough to ensure that minimize MSE will converge on the true optimum
o We’ll come back to this, because this approach generalizes better to other models and loss functions

What do the estimates look like?

Bundle all the regressor values into an n x (p + 1) matrix x, with an extra column of 1s
Bundle all the regressand values into an n x 1 matrix y
Then the (p+ 1) x 1 matrix of least-squares coefficients § is

B _ (XTX)_ley

(as you learned in linear models)
e This is really

- () ()

= (sample variance matrix of regressors) ! (sample covariances between regressors and respofi$6)

What do the predictions look like?

o The prediction at an arbitrary point & = (z1,z2,...2p) is

m@) = [1 =1 o ... x)) f=[1 x1 w9 ... z (x"x)'x"y)

e The n x 1 matrix of fitted values, at the training points, is

m = x(x'x) " 'xTy

o The matrix h = x(x7x)~!x7T is the weight matrix, influence matrix or hat matrix and says how
much y; matters to the prediction of y;



Fitted values and other predictions are weighted sums of the observations

A

81

i — #(x"x)"'xTy (47)

= x(xTx)"xTy (48)

B &

e Every prediction we make is linear in y, it’s a weighted sum of all the observed values of the response
e How much weight do we put on y; when we’re predicting at Z7

Explicit form of the weights for OLS

e For univariate OLS, if we’re trying to predict at the point z and built the model with data
(1,91),- .- (Zn,Yn), we end up with:
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o We give more weight to y; if x; is far from T

e and we give more weight to y; if x is far from T

e Weights don’t care about x — x;, which is stupid, but also required to get a straight line
¢ Same idea, with more algebra, for multiple regressors

Generalizing: linear smoothers

e Linear regression is a special case of a linear smoother

A@) =Y w(@ &)y,

i=1

e Notice: Linear in the ’s, not in &
o General idea: predict at & by finding similar Z;’s and averaging their y;’s
Different choices of w are different ideas about “similar” and about weighted averaging
e Most prediction methods used in practice are linear smoothers
— Nearest neighbors
Trees and forests
— Kernels
— Neural networks, a.k.a. “deep learning”, a.k.a. “artificial intelligence”

What about the rest of your linear models course?

o Say you want to test whether 337 = 1, or to give a confidence set for (a, S12)
e That’s hard to do explicitly without more assumptions
e Generally, you need to know the sampling distribution of

What about the rest of your linear models course? (cont’d)

o The usual (“401”) assumptions give nice formulas for the sampling distribution of parameter estimators,
and so for parameter inference:

1. The true regression function is exactly linear.



2.Y=a+X- E+ € where € is independent of x.
€ is independent across observations.
4. € ~ N(0,0?).

o Assuming (1)—(4), the usual formulas (embedded in R) are exactly right
— Gaussian distribution for B , centered at true (3
o Assuming (1)—(3), non-Gaussian noise, and the influence of any one observation — 0, then the usual
formulas hold as n — co
— Get back the Gaussian distribution by a (complicated) central limit theorem
e Do not use those formulas without checking those assumptions

&

The most important assumption to check

e If the true regression function is exactly linear, then
E[Y - (a+X8)X =7] =0

for all ¥
e So L
E[Y-(@+Xﬁ)|X:f} ~0

e The residuals should have conditional mean 0 everywhere if the linear model is right
— This is something we can check using nonlinear regression methods

Summing up

e We can always decide to use a linear predictor, m()Z) =a+ 5 X
e The optimal linear predictor of Y from X always takes the same form:

m(Y) = E[Y] + Var M " Cov [Y, X’} (X —E {X} )

e Doing linear prediction requires finding those covariances

o We usually estimate those covariances (implicitly) by ordinary least squares

o OLS converges pretty robustly to the optimal linear predictor (not to the truth)

e The usual “401” assumptions are needed for parameter inference, not point prediction

e Once we use OLS, all our predictions are weighted sums of the observations

e The weights for linear regression are weird and implausible

o We're going to explore other ways of weighting

e We're also going to explore minimize other measures of prediction error, over other classes of predictors

A final thought

When you're fundraising, it’s Al
When you’re hiring, it’s ML
When you're implementing, it’s linear regression

e Baron Schwartz, 15 November 2017*

ISince-deleted tweet, but see e.g. [https://twitter.com/bc238dev/status/1225150435729666048]. I've often seen the last line
quoted as “it’s logistic regression”, which fits with computer science’s emphasis on classification rather than regression, but so
far as I can work out that’s a later mutation.


https://twitter.com/bc238dev/status/1225150435729666048

Backup: Further reading

o See Berk (2008), chapter 1, and Hastie, Tibshirani, and Friedman (2009), sections 2.3.1 and 2.6, and
chapter 3 (especially through section 3.4), for more on linear regression as a prediction method

o If you want more from the point of view taken here, see Shalizi (n.d.), chapter 2; if you want a lot more,
see Shalizi (2015)

e If you need to do inference about the coefficients but the usual assumptions don’t hold, your best bet is
the bootstrap (covered in 402, and in some excellent textbooks like Davison and Hinkley (1997)); some
of the complicated procedures developed in econometrics for “robust standard errors” in linear models
turn out to be equivalent to simple bootstraps (Buja et al. 2014)

— If you need prediction intervals or predictive distributions from your linear model, there are also
ways of doing that using the bootstrap — see Davison and Hinkley (1997) again, or again Berk
(2008), chapter 1

-1 .
e The view that the optimal linear model is just Var [X } Cov [Y, X } and all we need is for sample

covariance to converge, goes back to Wiener (1949)

— A notoriously hard-to-read book, but that’s because Wiener was trying to explain this in a
way which made mathematical sense where instead of regressing Y on a fixed-length vector X ,
you're regressing Y on a continuous function, and framing the solution in a way which could be
implemented using 1940-vintage analog electronics. . .

Backup: The optimal regression function

e We set up the problem

p = argminE[E[(Y —m(X))X]] (51)

— axgmin [ dep(a) [ dyplylo)(y — m(a))? (52)

m:X—R

o For each x, we can minimize the inner integral by setting m(z) = E[Y|X = z]
o We just pasted together all of those pointwise minimizers to get
e We could do this because we were minimizing over all possible functions, so minimizing at x; doesn’t
interfere with minimizing at x5
e This doesn’t work if we limit ourselves to a particular set of functions M
— Unless of course u € M, i.e., that model is well-specified

Backup: Gory details for multivariate predictors

m(®) = a+b- £ (53)
(@.f) = argminE (¥ —(a+5- X)) (54)

a,b
E (Yf(a+5~)?))2] - E[Yﬂm%l&:[(z.f)ﬂ (55)

2 [Y (b X)| - 2E[Ya) + 2E [ab - X|
— E[V?+a?+5E[foX|b (56)

—24E[Y] - 25-E {YX’] +24b-E {X’}



Backup: Gory details: the intercept

Take derivative w.r.t. a, set to 0:

0 = —2E[Y]+26E [X}—f—%z

a = E[Y]-

just like when X was univariate

Backup: Gory details: the slopes

_9E {Y)?] 4 OR [X’ ®X’] 8 + 2aE {X’ -0
E[Y}?}—QE[X: — E[}?@X}ﬂ
E[vX|-®[¥]-F E[X)E[X] = E[feX]s
Cov [Y, )Z' — Var [X] 3
B = (Var [)?

Reduces to Cov [Y, X] /Var [X] when X is univariate

Backup: Gory details: the PCA view

-1

The factor of Var [X ] rotates and scales X to uncorrelated, unit-variance variables

Var [X} = wAw?l
Var [X}71 = wA'wl
-1
Var [X} = (WA"V)(w
1 —1/2
= Var [X}
- . -1
0 = XVar [X}
Var [(7} =1
X-f = X Var {X}

= XVar {)ﬂ e <Var {X}1/2>TCOV [X,Y}

= UCov [(7 , Y}

x[x

AT
(ver [4] /)

/2

1Cov {)_(',Y}

10

})*1Cov {Y,)_('}



Backup: Square root of a matrix

o A square matrix d is a square root of ¢ when ¢ = dd”
e If there are any square roots, there are many square roots
— Pick any orthogonal matrix o7 = o~!
— (do)(do)T = dd”
— Just like every real number has two square roots. . .
« If ¢ is diagonal, define c!/? as the diagonal matrix of square roots
e If c = wAw7, one square root is wAl/2

Backup/Aside: R? is useless

e R? = Var [fittedvalues] /Var [Y]
 Suppose we know Y = X + ¢, with Var [¢] = 02 and € independent of X

2Var
e Then R? = 752'3/ a\:FX[ﬁ]UZ

o Consequence 1: R? can be arbitrarily close to 0, even for the completely correct model (shrink Var [X]
and/or grow o?)

« Consequence 2: If we make Var [X] bigger, and the linear model is right, R? will grow 1 1 (unless
B = 0); R? measures the range of the regressor, not goodness of fit

o Suppose the linear model is wrong but we use it anyway; R? = 3?Var [X] /Var [Y]

o Consequence 3: R? can be arbitrarily close to 1 even if every single assumption of the linear model is
badly, obviously broken

« Conclusion: R? tells us nothing about how good or bad our model is that we didn’t already know from
the mean squared error; you'd be better off forgetting about it

o More: Shalizi (2015), chapter 10
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