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1 Review of Probability Theory

1.1 Introduction to Statistics

Probability theory provides a mathematical language for randomness. It starts from a known
probability model (a distribution F') and studies the behavior of random quantities generated
under that model. Statistics works in the opposite direction: we observe data and use it to learn
about the underlying law of randomness.

Probability versus statistics A typical probability question is: if Xy,..., X, are generated
from a distribution F', what should we expect to see? For instance, one may model a stock return
by an abstract distribution and ask about typical values (mean/median) and risk measures
(variance, value-at-risk).

A typical statistics question is: given observations X1, ..., X,, what can we infer about F
and its features? With 100 observed prices, we may assess whether a lognormal model is plausible
(goodness-of-fit), estimate average level and variability (sample mean/variance), test a claim
about expected return (hypothesis testing), study relationships with predictors (regression), or
build prediction rules (classification).

Populations, samples, and variables

Definition 1.1 (Population). The population is the full collection of individuals/units we want
to draw conclusions about.

Definition 1.2 (Sample). A sample is the subset of the population we actually observe. The
recorded measurements from the sample are the data.

Definition 1.3 (Variable). A variable is a measurable attribute that can take different values
across units in the population.

Variables can be categorical (discrete and unordered, such as gender or department), ordinal
(discrete but ordered, such as a 1-5 rating), or continuous (numerical values on a continuum,
such as height, blood pressure, or stock return). In modeling we often distinguish a response
(dependent variable) from one or more predictors (independent variables). For example, we may
use the items in a shopping cart to predict the customer’s gender.

What statistics does Statistics uses patterns in finite sample data to draw conclusions about
population-level quantities, while accounting for randomness. In this course we focus on the
mathematical principles that justify common statistical methods.

Main topics in this course

1. Statistical inference: uses data to estimate unknown features of an underlying proba-
bility model. Typical tasks include point estimation, hypothesis testing, and confidence
intervals/sets.

2. Regression analysis: describes how a response variable changes with one or more
predictors. For example, linear regression and generalized linear models.

3. Classification: learns a rule from labeled data and uses it to predict the label of a new
observation. Typical methods include linear discriminant analysis, logistic regression,
support vector machine, random forest.

4. Unsupervised learning: extracts structure from data without labels. Typical methods
include principal component analysis, clustering, and dimensionality reduction.



1.2 Probability of Events

We now formalize events and probability measures. These basic objects support everything that
follows, from conditional probability to random variables and expectations.

Sample spaces and events

Definition 1.4 (Sample space). The sample space S is the set of all possible outcomes of an
experiment.

Example 1.1 (Three-horse race). If horses are labeled A, B, C, then the sample space consists
of all possible orderings:

S = {(A7 B, C)? (A7 C, B)? (Bv A, C)v (37 C, A), (C, A, B)7 (Ca B, A)}
Definition 1.5 (Event). An event is a subset of the sample space.
Example 1.2. In the race example, the event “horse B wins” is

E={(B,A,0),(B,C,A)} CS.

Set relations and operations For events F, ' C S, the containment relation £ C F' means
that every outcome in E also lies in F'. Equivalently,

ECF <+« (MzeE)zeF

Two events are equal, E = F, if and only if ¥ C F and F' C E.

Definition 1.6 (Basic set operations). For events E, F C S, define

E¢={zxeS:z¢FE}, (complement)
EUF={zeS:xe€FEorzxecF}, (union)
EnF={zeS:x€FEandxc F}. (intersection)

We say E and F' are disjoint (mutually exclusive) if ENF = @.

Example 1.3. In the race example, let

E = “A wins the first place.”
F = “B wins the first place.”

=1{(4,B,0),(4,C, B)},
= {(B,A,C),(B,C,A)}.

Then,

B = {(B, A, C)’ (Bv C, A)a (C’ A, B)a (C,B, A)}a
FUF = {(A,B,C), (A, C, B), (B,A, C), B, C, A)}7
ENnF =0.

—~

Sometimes the intersection symbol is omitted, writing EF for EN F.

For a collection { E;}, the union | J; F; occurs when at least one E; occurs, while the intersection
(); Ei occurs when all E; occur. These operations are well-defined for finite, countable, and even
uncountable collections of sets.



Mutual exclusivity, exhaustiveness, and partitions

Definition 1.7 (Mutually exclusive). Events E1, E, ... are mutually exclusive if E; N E; = @
for all ¢ # j.

Definition 1.8 (Collectively exhaustive). Events Ej, Es,... are collectively exhaustive if
UZ,Ei=S.

Definition 1.9 (Partition). A collection {E;}i>1 is a partition of S if it is mutually exclusive
and collectively exhaustive.
Probability measures A probability model assigns a number to each event, interpreted as

its likelihood.

Definition 1.10 (Probability measure). A function P that assigns a number P(E) to each event
E C S is a probability measure if it satisfies:

P(E)>0, P(S)=1, IP’( U E) =Y P(E) for any disjoint Ey, B, ...
=1 =1

Two useful inequalities/identities The following results are used repeatedly when manipu-
lating event probabilities.

Proposition 1.1 (Law of total probability). If {C;}i>1 is a partition of S, then for any event
A,

P(A) = iP(A N Cl) = iP(A | CZ)]P)(Cl),
=1 =1

where the conditional probability is defined whenever P(C;) > 0.

Proposition 1.2 (Boole’s inequality (union bound)). For any events Ay, Ao, ...,
[o.¢] o
IP’( U Ai) <3 P4
i=1 i=1

1.3 Conditional Probability

Conditional probability updates probabilities after observing partial information. It is the basic
tool behind Bayesian calculations and many dependence/independence arguments.

Definition and a dice example

Definition 1.11 (Conditional probability). For events E and F with P(F') > 0, the conditional
probability of E given F is
P(EN F)

PE|F) = =5

Example 1.4 (Two dice). The sample space is

S:{ )7

9

9

(1, 1), (
(2,1),(
(3, 1), (
(4,1),(
(5, 1), (
(6,1),(

9



Let E = {sum of two dice equals 8} and F' = {first die equals 3}. Then
5 P(ENF) 1/36 1
2 PE|F) = = =
36’ (E|F) P(F)  6/36 6
The value of P(E | F') depends on how F overlaps with E. For instance, if EN F = & then
P(E | F) = 0, while if F C E then P(E | F) = 1.

Example 1.5. What can you say about P(E | F') if

P(E) =

1. ENF = @: Two events cannot occur simultaneously.
2. E C F: if E occur, then F occur.

3. F C E: if F occur, then F occur.
Think about the case where F = “Rain”, F' = “Cloud”.

Chain rule for probabilities The definition implies a sequential factorization that is often
the cleanest way to compute joint probabilities.

Proposition 1.3 (Chain rule). For events Ai,..., A, with P(Ay--- Ag_1) > 0 for k > 2,
P(A1As--- Ay) =P(A1)P(Asx | A1)P(As | A1A2) - P(A, | A1+ Ap—q).
Example 1.6 (Insurance mixture). An insurer classifies customers as accident-prone (B) or

not (B¢). Suppose P(B) = 0.3, P(A | B) = 0.4, and P(A | B¢) = 0.2, where A is the event “an
accident occurs within a year.” By the law of total probability,

P(A) = P(A | B)P(B) + P(A | BY)P(B°) = (0.4)(0.3) + (0.2)(0.7) = 0.26.

1.4 Bayes’ Formula

Bayes’ formula is a direct consequence of conditional probability and the chain rule. It is the
standard way to “invert” conditioning.

Bayes’ formula Starting from P(ENF) = P(E | F)P(F) = P(F | E)P(E), we obtain the
following.
Proposition 1.4 (Bayes’ formula). If P(F) > 0, then
P(F | E)P(E)
P(F)

Example 1.7 (Insurance mixture continued). With the notation above, if we observe an accident
(A), then

P(E | F) =

_ P(A|B)P(B) _ (0.4)(0.3) 6
P(B[A)= P(A) 026 13

A warning: the prosecutor’s fallacy

Example 1.8 (A base-rate effect). Suppose P(C') = 0.005 that a randomly chosen person
committed a crime. An evidence procedure satisfies P(E | C') = 0.99 and P(E | C¢) = 0.02. If
evidence is found on a person, then

P(E | C)P(C) (0.99)(0.005)
P(C|E) = = ~ 0.199.
(@18) P(E | C)P(C)+P(E | CO)P(Ce)  (0.99)(0.005) + (0.02)(0.995)
A small false-positive rate can still lead to a low posterior probability if the base rate P(C) is
very small.

Remark 1.1. A visual explanation of Bayes’ theorem is given in the 3BluelBrown video: https:
//youtu.be/HZGCoVF3YvM?si=Q-8Hfh6CQbPg2RAK.


https://youtu.be/HZGCoVF3YvM?si=Q-8Hfh6CQbPg2RAK
https://youtu.be/HZGCoVF3YvM?si=Q-8Hfh6CQbPg2RAK

Bayes and total probability for finite partitions If Fi,..., F), form a partition of .S, then
for any event F,

P(E) =) P(E | F)P(F,).
i=1

Moreover, for any j with P(E) > 0,

_ P(E| F)P(F)
P(Fj | E) = S ]p(Ej| Fi)IPz(FZ-)'

1.5 Independent Events

Independence formalizes the idea that learning one event occurred does not change the probability
of another event.

Definition 1.12 (Independence). Two events F and F' are independent if
P(ENF)=P(E)P(F).
Equivalently, if P(F') > 0, then P(E | F') = P(E).

Proposition 1.5. If E and F are independent, then E is also independent of F¢, and E° is
independent of F and F°.

Proof. Using P(E) = P(EF) + P(EF€) and P(EF) = P(E)P(F), we obtain
P(EF®) =P(E) — P(E)P(F) =P(E)(1 - P(F)) = P(E)P(F°),

which is the independence condition for £ and F'°. The remaining statements follow similarly. [J

Multiple events For more than two events, pairwise independence is not enough.

Definition 1.13 (Independence of multiple events). Events F1, ..., E, are independent if for
every subcollection {E;,, ..., E;, },

P(E;, - E;,) =P(E;)- - P(E;,).

Example 1.9 (Pairwise independent but not mutually independent). Toss two fair coins, and
encode outcomes as 0 (tails) and 1 (heads). The sample space is

S ={(0,0),(1,0),(0,1),(1,1)}.

Let
E= {(070)7 (17 1)}7 F= {(1’0)7 (17 1)}7 G= {(07 1)7 (17 1)}

Then P(E) = P(F) = P(G) = 1/2 and P(EF) = P(EG) = P(FG) = 1/4, so the events are
pairwise independent. However, P(EFG) = 1/4 # 1/8, so they are not mutually independent.

The key here is that knowing E and F' collectively give us information about G. To see this, try
to think about P(G|EF).



A classic example: Monty Hall

Example 1.10 (Monty Hall problem). You pick one of three doors. One door hides a car and
the other two hide goats. After your choice, the host opens a different door that is known to
hide a goat, and then offers you the option to switch to the remaining unopened door. The
optimal strategy is to switch; the probability of winning by switching is 2/3.

One clean way to compute this is to condition on whether your initial choice was correct.
With probability 1/3 you initially picked the car; then switching loses. With probability 2/3 you
initially picked a goat; then the host’s action forces the remaining unopened door to be the car,
and switching wins. Hence the overall success probability of switching is 2/3.

Mathematically, let H;, C;, P; be the event of host choosing door i, car in ¢, and player
choosing i. Thus, C; and P; are independent.

P(ColP) = B(Cy) = 5.

You want to compare P(Cy|HsP;) and P(C1|HsP).
Let us calculate P(C2|H3P;). Note taht the behavior of the host depends on the location of
the car and the player’s choice:

1
P(Hs|C1Py) = 5, P(H3|CoP1) =1, P(Hs|C3Py) =0,

Apply Bayes formula

P(H3Co2Py)  P(Hs|CoPy)P(CoPy)
P(H3P1) Y% P(H3|CiP)P(CiPy)
P(H3|CoP)P(Co)P(P1) 2

- S8 P(H;|CiP)P(CHP(P) 3

P(Co|HsPy) =

Independence of C; and P; is key here. If the player has some idea of the location of the car, we
may not have the same conclusion.

{H=3,P=1}
[ap) [ i (] o
I I I I I {¢=1,H=3P=1}
@) T T T | (C=2,H=3P=1}
@)
e}
9 o N o —
*g I I I I I
S 0 an| T | T
5
(@)
— [a] o o (]
N I I I
Ol - | = T T

Player choice P

1.6 Random Variables
Random variables allow us to replace the abstract sample space by numerical values.

Definition 1.14 (Random variable). A random variable X is a function from a sample space S
into the real line R. Its range is the set of values it can take.



Example 1.11 (Sum of two dice). Let the outcome be (D1, D) € {1,...,6}? and define
X = D1+ Dj. Then, for example, X(3,1) =4 and X (6,6) = 12.

Remark 1.2. A random variable “pushes” the probability model on S forward onto R. This lets
us work directly with real numbers without repeatedly referring to the original sample space.

Distribution and CDF For any set A C R, the event {X € A} means {s € S: X(s) € A} C S.
The induced probability measure on R is

Px(A) 2 P(X € A).

Definition 1.15 (Cumulative distribution function). The cumulative distribution function
(CDF) of X is
Fx(z) =P(X < x), z € R.

The CDF contains all distributional information about X. In particular, many calculations
can be performed using F'x without explicit reference to S.

Proposition 1.6 (Basic properties of a CDF). A CDF F satisfies: (i) F is nondecreasing; (ii)
F' is right-continuous; (iii) limz—_ oo F'(z) = 0 and limg_yoo F'(x) = 1.

Theorem 1.1 (Existence of a random variable with a given CDF). For any function F that
satisfies the CDF properties above, there exists a random variable whose CDF is F'.

I L

o—oO
*—oO

0—oO

I

0

1 /

0 0

Figure 1: A typical CDF, showing right-continuity and possible jumps.

Definition 1.16 (Identically distributed). Random variables X and Y are identically distributed
if P(X € A) =P(Y € A) for every Borel set A C R.

Proposition 1.7. X and Y are identically distributed if and only if Fx(x) = Fy(x) for all
z e R.
Discrete random variables

Definition 1.17 (Probability mass function). A random variable X is discrete if it takes values
in a countable set {x1, z2,...}. Its probability mass function (pmf) is

px(z;) =P(X = x;), i=1,2,....

The pmf satisfies > 7, px(x;) = 1, and the CDF can be recovered from the pmf via

Fx(a) = Z px({ri).

z;<a

Conversely, at a support point z;, the jump size equals the probability mass:

px(l‘i) = Fx(l‘l) — il%;l Fx(l‘)

10



Continuous random variables

Definition 1.18 (Probability density function). A random variable X is continuous (more
precisely, absolutely continuous) if its CDF can be written as

Fx(z) = /_ﬂﬂ fx(s)ds

for some nonnegative function fx, called the probability density function (pdf).
If fx exists, then [ fx(z)dz = 1, and (at points of differentiability) fx(z) = &L Fx ().
Remark 1.3 (Interpreting the density). For a small interval (a — ¢/2,a + £/2],
a+te/2
P(a—%<X§a+%> :/ fx(x)dzx = efx(a).

a—ce/2

In particular, for a continuous random variable, P(X = a) = 0 for any fixed a.

1.7 Expectation

Expectation summarizes the average value of a random variable under its distribution.

Definition 1.19 (Expectation). Let X be a random variable. If X is discrete with pmf px,
define

E[X] = Z zipx (4),

whenever the series is absolutely convergent. If X has pdf fx, define

BX) = [ ofx(e)s,

—0o0
whenever the integral is absolutely convergent.
Expectation need not be finite for all distributions.

Theorem 1.2 (Linearity of expectation). For constants ay,...,a, and functions gi,...,gn for
which the expectations exist,

E

> aigi(X)] =Y aElgi(X)).
=1 =1

Remark 1.4 (A recurring question). How do we compute E[g(X)] efficiently? One option is
to find the distribution of Y = ¢g(X) and then apply the definition of expectation to Y. A
more direct option is the law of the unconscious statistician (LOTUS), derived after we discuss
transformations.

1.8 Transformations

Given a random variable X and a function g, the transformed variable Y = ¢(X) is also random.
We often want the distribution of Y, or at least its moments.

Inverse images For any set A C R,
B(Y € A) =P(g(X) € A) = P(X € g71(4)),  ¢7'(4) = {w € R: g(x) € A}.

This identity is the starting point for both discrete and continuous transformation rules.

11



Discrete transformations If X is discrete with P(X = z;) = p;, then for any value y,
PY=y)= > bpi
i:g(zs)=y

Example 1.12. Let X be a fair die roll and Y = | X — 3|. Then P(Y =0) =P(Y = 3) = 1/6,
while P(Y =1) =P(Y =2) =1/3.

Continuous monotone transformations Let X have pdf fx, and let Y = ¢g(X) with ¢
strictly monotone and differentiable, with inverse ¢g~!. Then for y in the range of g,

Fy(y)=P(Y <y)=P(X <g 'y)) if gis increasing,

and similarly with the inequality reversed if g is decreasing.
The corresponding density transformation is the familiar “change-of-variables” rule.

Lemma 1.1 (Leibniz’s integral rule). If a(f), b(0) and f(x,0) are differentiable with respect to
0, then

d b(0) b(6) 9 d .
a0 / » f(z,0)dx = / o 90 (2, 0)dz + F(b(6), ) 156(0) — F(a(8),0) 75a()

Lemma 1.2 (Derivatives of inverse function). If g is an invertible function, differentiable at
9~ (y) and g'(97'(y)) # 0, then

79 W)=

a7 ) 9'(g7 ()

Theorem 1.3 (One-dimensional change of variables). If g is strictly monotone and differentiable
with inverse g, then

d

fr(y) = fx(g7 () ’dyg‘l(y)’
for y in the range of g.

Theorem 1.4 (Piecewise monotone case). Let X have pdf fx. Suppose R can be partitioned
into regions Ao, ..., Ax such that g restricted to each Ay is monotone and invertible with inverse
g,;l. Then, for y in the range of g,

frw)=> fxg:' W) |9 (y)‘-

Think about applying the formula to Y = |X| or Y = X2,

Remark 1.5. Fully generalized version is proved using a measure-theoretic approach: https:
//en.wikipedia.org/wiki/Pushforward_measure

Proposition 1.8 (Law of the unconscious statistician (LOTUS)). If g is measurable and the
expectation exists, then
-0

Elg(X)] = Zg(xz)px(:pz) (discrete), E[g(X)] = /oo g(z)fx(x)dz (continuous).

Definition 1.20 (Variance). If y = E[X], the variance of X is
Var(X) = E[(X — 7],

whenever the expectation exists.
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Expanding the square gives the commonly used identity
Var(X) = E[X?] — (E[X])%.

Proposition 1.9 (Scaling and shifting). For constants a,b,
Var(aX + b) = a® Var(X).

Proof. Write E[aX + b] = aE[X] + b, and expand Var(aX + b) = E[(aX + b — E[aX + b])?]
E[(a(X — E[X]))?] = a® Var(X).

O

1.9 Random Vectors

Many statistical models are multivariate. We extend the one-dimensional notions to random
vectors and joint distributions.

Definition 1.21 (Random vector). An n-dimensional random vector is a function from a sample
space S into R™.

For a bivariate random vector (X,Y'), the joint CDF is
Fxy(o,y) =P(X <o, Y <y).
Marginal distributions The marginal CDFs are obtained by sending the other variable to
+o00:
Fx(z) = Fxy(z,00),  Fy(y) = Fxy(00,y).

Different joint distributions can share the same marginals; dependence is carried by the joint
law, not by the marginals alone.

Discrete and continuous cases If (X,Y) is discrete, the joint pmfis pxy(z,y) = P(X =
x,Y = y), and probabilities are computed by summation:

P(X,Y)€Ad)= Y pxy(zy).
(z,y)eA

The marginal pmf is obtained by summing out the other variable, e.g.,

px(x) =Y pxy(z,y).
y
If (X,Y) is continuous, the joint pdf fxy satisfies
oy
Px<ay <y = [ [ fertuodds
—o0 J—o0

and for any region A C R2,

P((X,Y) € A) ://A fxy (u,v)dudv.

Consider (a,a + da] x (b, b+ db],

b+db pra+da
]P’{a<X§a+da,b<Y§b+db}:/ / f(z,y)dady
b a

~ f(a,b)dadb

f(a,b) indicates how likely (X,Y") will be near (a,b)
The marginal density is obtained by integration, e.g., fx(x) = ffooo fxy(z,v)dv.
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Example 1.13. Suppose the joint density is

2e %, x>0, y>0,

Ixy(z,y) = {

0, otherwise.

1 oo 1
P(X <1) :/ / 2¢ Ye Vdydx :/ e “dz,
0o Jo 0

P(Y > 1) :/ / 2e e dydx :/ 2e2Vdy.
0o J1 1

1.10 Bivariate Transformations

Then

and similarly

We now extend change-of-variables ideas to two dimensions. The Jacobian determinant describes
how areas distort under a transformation.

Two-dimensional LOTUS Let g: R? — R. If (X,Y) is discrete,

E[g(X,Y)] = Zg(wi, Y)px,y (Ti,yj),

and if (X,Y’) has joint density fxy,

Blg(X.V) = [ h / gl y) fr (o y)dyd,

whenever the expectation exists.

Jacobian formula Let (U,V) = ¢g(X,Y) where g : R? — R? is one-to-one with inverse
h = g~!, written as h(u,v) = (h1(u,v), ha(u,v)). The Jacobian determinant is

Ohi  Ohy

ou ov
J(u,v) = Ohy  Ohs |

Ou  Ov

Theorem 1.5 (Change of variables in R?). If (X,Y) has joint density fxy and g is one-to-one
and differentiable with inverse h, then the joint density of (U, V) is

fU,V(ua U) = fX,Y (hl(u7 U)v hQ(Ua U)) ‘J(’LL, U)|

for (u,v) in the range of g.

Consider a simplified case where g : R? — R? is one-to-one, thus has inverse h = g—'. What
is the PDF of (U, V)?

(u,v) = g(z,y) <= (,y) = h(u,v) = (h1(u,v), ha(u,v))

Recall that the density indicates how likely (U, V') will be near (u,v), measured using an

infinitesimal area with length du and width dv:
Plu<U<u+du,v <V <v+dv)

fov(uv) = dudv '

Let’s consider an infinitesimal area with the same volume/probability

fov(u,v)dudv = fxy(hi(u,v), he(u,v))dzdy
dzdy
dudv

= J(u,v) gives information about the distortion of area under the transfor-

e ny(u, U) = f)gy(hl (u, U), hg (u, 7)))

dzdy

The term Tudo

mation.
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Example 1.14 (Polar coordinates). Let (X,Y) be uniform on the unit disc {z? + y* < 1},
so fxy(z,y) = 11,2, ,21. Define (R,0) = (VX2 +Y? arctan(Y/X)). The inverse map is
(x,y) = (rcosf,rsinf) and

cos) —rsinf
sind rcosf

J(r,0) =

Hence ,
fre(r,0) = ;]logrgl, 0<6<2r-

This factors into fr(r) = 2rlo<,<1 and fo(f) = %]loggggm so R and O are independent.

T A yT

area ~ rdrdf
drl [] g(r,0) = (rcos@,rsin0) 4
area = drdf 3 6{]?/,\ rdd
J(r,0) =r %&)\?ﬂ
(7,7 9) aor
) — —
‘a0 0 v

1.11 Conditional Distribution and Independence
We connect conditional laws with operational criteria for independence. Conditional distributions

also motivate hierarchical (mixture) models.

Independence for random variables Random variables X and Y are independent if
P(X € A)Y € B) =P(X € A)P(Y € B) for all sets A, B C R. In terms of distribution functions,
this is equivalent to

Fxy(z,y) = Fx(z)Fy(y) forall z,y.

If densities exist, independence is equivalent to factorization:

Ifxy(x,y) = fx(x)fy(y) forall z,y.

A useful consequence is that, for any functions g and h for which expectations exist,

Conditional distributions
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Definition 1.22 (Conditional pmf/pdf). If (X,Y) is discrete and py (y)

—2|Y=y) = pXY( y)'

pxpy (x| y) =P(X oy ()

If (X,Y) has joint density fxy and fy(y) > 0, define

:P(Y:

fxp(ey) = 2T gy /_Oo Fry (s, y)ds

fr(y)

y) > 0, define

Remark 1.6. The conditional distribution is a genuine distribution in x (it integrates/sums to 1).

If fxjy(z | y) does not depend on y, then X and Y are independent.

Example 1.15 (Uniform square). If (X,Y) is uniform on [—1,1] x [-1

] then fX Y(.I y)

1
4
on the square and 0 otherwise. Here fX|y(;U ly) = ]1 1<z<1 does not depend on ¥y, so X and

Y are independent.

0.6

Example 1.16 (Uniform disc). If (X,Y") is uniform on the unit disc, then the conditional

distribution X | Y = y is uniform on

[—V1—y2 V1-92],

which depends on y, so X and Y are not independent.

Y

N
N

Conditional expectation

Definition 1.23 (Conditional expectation given Y = y). For a function g, define

E[lg(X)|Y =y| = Zg r)pxyy(z | y) (discrete),

o0

Elg(X) [ Y =y —/ 9(x) fxpy (x| y)dz  (continuous).

— 00

The mapping y — E[g(X) | Y = y] is a function of y. When we write E[g(X

) | Y] without

fixing y, we mean the random variable obtained by evaluating this function at the random input

Y.
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Proposition 1.10 (Law of total expectation). If E[|X|] < oo, then
EX]=E[E[X | Y]].
Proposition 1.11 (Law of total variance). If E[X?] < oo, then
Var(X) = E[Var(X | Y)] + Var(E[X | Y]).
Proof. Use Var(X) = E[X?] — E[X]? and apply the law of total expectation to X and X?:
Var(X) = E[E[X? | Y]] - <E [E[X | Y]])2 — E[Var(X | V)] +E[(E[X | Y])?] - (E [E[X | Y]])z.
The last two terms equal Var(E[X | Y]). O

Remark 1.7. Knowing more information typically reduces uncertainty: E[Var(X |Y')] < Var(X),
with equality if E[X | Y] is almost surely constant (for instance, when X is independent of V).

A hierarchical example: Poisson thinning

Example 1.17. Let N ~ Poisson(\) be the number of eggs produced. Given N, each egg
hatches independently with probability p. Let X be the number of hatches and Y the number
of non-hatches. Conditioning on N =i + j gives

. . t+7\ D ar (M) —A1- )()\(1 -p))’
PX =iV =4 = 1 j _ P P .
( " 7) < i )p ( pYe (i +J)! ‘ il ‘ J!
Thus X ~ Poisson(Ap), Y ~ Poisson(A(1 —p)), and X and Y are independent.

1.12 Covariance and Correlation

Covariance and correlation quantify linear dependence between random variables.

Definitions
Definition 1.24 (Covariance). Let pux = E[X] and py = E[Y]. The covariance between X and
Y is
Cov(X,Y) = E[(X — pux)(Y — py)],
whenever the expectation exists.
Expanding the product yields
Cov(X,Y) = E[XY] — E[X]E[Y].

Proposition 1.12. Covariance satisfies Cov(X,Y) = Cov(Y, X) and Cov(X, X) = Var(X). It
is linear in each argument, for example,

Cov(aX +b0Z,Y) =aCov(X,Y)+bCov(Z,Y).
More generally, for random variables {X;}iy and {Y;}7, and constants {a;},{b;},
n m n m
Cov ZaiXi, Zb])/j = ZZaibj COV(X@Y}').
i=1 j=1 i=1 j=1
A useful special case is the variance of a sum:
Var (Z XZ-) = ZVar(Xi) + Z Cov (X, Xj).
i=1 i=1 i#j

17



Covariance matrix For a random vector X = (X1,..., X,), the covariance matrix is

2 = (Cov(X;, X))

1<i,j<n’

For any a € R™, Var(a' X) = o' Xa. In particular, ¥ is positive semidefinite, since a' Xa > 0
for all a.

Independence implies zero covariance

Proposition 1.13. If X and Y are independent and E[|XY|] < oo, then Cov(X,Y) = 0.
Proof. Independence gives E[XY]| = E[X]E[Y], so Cov(X,Y) = E[XY] — E[X]E[Y] = 0. O
Remark 1.8. Zero covariance does not imply independence in general. It does imply independence
under additional assumptions, such as joint normality.

Correlation

Definition 1.25 (Correlation). If Var(X) > 0 and Var(Y') > 0, the correlation is

~ Cov(X,Y)
PXY = Nar(X) Var(Y)

Theorem 1.6 (Correlation bounds and equality cases). We always have —1 < pxy < 1.
Moreover, pxy =1 if and only if Y = aX + b for some a > 0 almost surely, and pxy = —1 if
and only if Y = —aX + b for some a > 0 almost surely.

Remark 1.9 (Geometric view). If we regard centered random variables as vectors with inner
product (X,Y) = Cov(X,Y), then pxy plays the role of the cosine of the angle between X and
Y.

1.13 Marginal and Joint Distributions

Marginals do not determine the joint law. Dependence lives in the coupling between variables.

Same marginals, different dependence

Example 1.18. Let U ~ Uniform(0, 1). The pairs (U, U) and (U, 1—U) share the same marginal
distribution for each coordinate, but

1

Cov(U,U) = Var(U) = %, Cov(U,1-U) = —Var(U) = T

Tail-integral formulas for expectation The following identities are useful when working
with bounds and dependence.

Proposition 1.14 (Expectation as a tail integral). If X > 0 almost surely with CDF F, then
E[X] :/ (1 — F(x))dz.
0
For a general random variable Y with CDF G,
) 0
BV = [T0-Gay- [
whenever the integrals are finite.
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Proof. For X > 0, integrate by parts with u = z, dv = f(x)daz:

E[X] = /000 zf(z)der = —z(1 — F(x))|)” + /000(1 — F(x))dz = /000(1 — F(x))dz

Alternatively, by Fubini’s theorem,

/OOOIP(X>a:)d:r_/OOO /de(t)dx_/Ooo /OtdxdF(t) _/OootdF(t) = E[X]

For general Y, split Y = Y+ — Y~ and apply the first result:
o0 0
BY] = [ (- G- [ Gy
0 —00
=E[YT]-E[Y ] where Y =max(Y,0),Y " = max(-Y,0). O
Proposition 1.15. For any positive random vector X, Y ~ H, we have
o o0
E[XY] = / / P(X > z,Y > y)dydz.
o Jo

Proof. Use Tonelli’s theorem.
%} X rY
E[XY] = E[(/ 1{z < X}dx) (/ 1{y < Y}dy / dydx
0 o Jo

// //dyda: uvdvdu—/ /Oo /Oo/oofuvdvdudydx
)

= / / P(X > z,Y > y)dyde. O
o Jo

Hoeffding’s covariance identity and Fréchet bounds

Proposition 1.16 (Hoeffding’s covariance identity). Let (X,Y) have joint CDF H and marginals
F and G. Under mild integrability conditions,

Cov(X,Y) = / / (H(z,y) — F(z)G(y))dydz.
Proof for positive random variables.
Cov(X,Y) =E[XY]| - E[X]E]Y]
—/ / P(X > z,Y > y)dydz —/ P(X > x)dx/ P(Y > y)dy
o Jo 0 0

/ / P(X >xzY >y)—P(X > 2)PY > y)dydx
o Jo

— [ [ By > ) - (- P - Gl)duds
o Jo
We then use the following probability identity

1+ H(z,y) — F(z) —Gy) =P(X >z,Y > vy). O
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Blue: X <z (mass F(z)) Red: Y <y (mass G(y))

F@) | BX>aY>y) L1+ H(ey) - Fa) - Gly)

Figure 2: Inclusion-exclusion identity for joint and marginal distributions.

Proof for general random variables. We decompose a general random variable using its positive
and negative parts

r=2" -2, where z'=max{r,0},27 = —min{x,0}.
Cov(X,Y)=E[XY] - E[X}IE[Y]
=E[(XT - XT)(Y" Y ) - E[(XT - XT)E[(Y" - Y]
= (E[XTY"] - E[X ] Y] = (B[XTY™] - E[XT]E[Y])
— EXTYT] - EXTIEY ) + (E[X Y] - E[XT]E[Y 7).

We have addressed the first term E[X1TY "] — E[XT]E[Y"]. Let’s look at the second term
—(E[X~Y "] —E[X~]JE[YT]). We want to show

0 o)
_ Cov(X,Y*) = / /O H(z,y) — F(2)G(y)dyda

Cov(X,Y™T) = /Do /OO PX™ <z, Yt <y) -P(X™ <2)PYT <y)dydz
= /OO /Oo P(X > —z,Y <y) —P(X > —z)P(Y < y)dydz
/ / PY <y -PX<—2,Y<y)—(1-PX <—2)P(Y <y)dydz
- [ Heew - PGy
Then we perform a change-of-variable u = —z, yielding
Cov(X~,Y ") = / / H(z,y) — F(z)G(y)dydzx. O

Proposition 1.17 (Fréchet—Hoeffding bounds). Given marginals F' and G, any joint CDF H
satisfies, for all x,y,

H.(w.y) < H(w,y) < H(z,y), H(z,y) =min{F(2),G(y)}. H.(z,y) = (Fl)+Gy)-1)",

where tT = max{t, 0}.
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Proof. Note that
H(z,y) < H(z,00) = F(z), H(z,y) < H(co,y) = G(y).
1-F(x) - G(y)+ H(z,y) =P(X >,V >y) > 0. O

Remark 1.10 (Extremal couplings via uniform rv). If U ~ Uniform(0, 1), then (F~1(U), G=1(U))
has joint CDF H* and attains the largest possible correlation among all couplings with marginals
F and G. Similarly, (F~1(U),G71(1 — U)) has joint CDF H, and attains the smallest possible
correlation. Intuitively, when U is large then F~1(U) and G~1(U) are large, while 1 — U is small
and hence G~1(1 — U) is small.

Generating extremal random variables. Let U ~ Uniform(0, 1), then
a. (X*,Y*) = (F~Y(U),G~Y(U)) has CDF H*.
b. (X.,Y;) = (F~Y(U),GY(1 — U)) has CDF H,.
Among all (X,Y) with marginal distribution F,G,
a. (X*,Y™) attains the largest correlation.
b. (X4, Ys) attains the smallest correlation.

Intuitively, when U is large then F~1(U) and G~1(U) are large, while 1 — U is small and
hence G~1(1 — U) is small.
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2 Properties of a Random Sample

2.1 Random Samples

This section fixes sampling terminology and records distributional properties of common sample
statistics. The key mathematical model is an i.i.d. random sample, which is a good approximation
for many large-population sampling schemes.

Population, samples, and bias A population is the full set of units we want to understand.
A sample is the subset we observe. The way we select the sample matters: if selection depends
on unobserved characteristics, the resulting data may not represent the population.

Remark 2.1 (Selection bias). Common selection biases include the inspection paradox (e.g.,
waiting-time! or length-of-stay bias), survivorship bias, and Simpson’s paradox. These phe-
nomena are reminders that “data” are not the same as “random draws” unless the sampling
mechanism is controlled.

Random samples and the i.i.d. model

Definition 2.1 (Random sample). If X1,..., X,, are independent and identically distributed
with common distribution F', we call (X1,...,X,,) a random sample of size n from F (or from
f(-]60) when a parametric model is specified).

If a model has density/pmf f(- | ), then the joint law factorizes:

n

f@r,. .z | 0) =[] fxi ] 0).

i=1

Example 2.1 (Exponential sample). If X;,..., X, S Exponential()), then

flx|A) = Aexp ( — )\sz) H]ll’izo'
i=1 =1

Remark 2.2 (Finite-population sampling). Sampling without replacement from a finite population
is not exactly i.i.d., but the difference is often negligible when the population size is much larger
than the sample size. In this course we focus on the i.i.d. framework.

Statistics: functions of the sample

Definition 2.2 (Statistic). Given data Xi,...,X,, a statistic is any random variable of the
form T = T(Xy,...,X,) that depends only on the observed sample (and not on unknown
parameters).

Two basic statistics summarize location and spread:

Definition 2.3 (Sample mean and sample variance). The sample mean and sample variance are

1 & 1 <& _
X==) X, 2 = X, — X)? > 2).
nz; 7 S nflz( )° (n>2)

=1

The sample standard deviation is S = V' S2.

"https://youtu.be/wS54Gsq_4sE?si=jadWT1pxBIV-bSwlW
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Proposition 2.1 (Unbiasedness and variance of X). If E[X;] = u and Var(X;) = 02 < oo, then

2
E[X] = pu, Var(X) = —

n .

Proof. By linearity, E[X] = 1 3" | E[X,] = p1. By independence and Var(aX) = a® Var(X),

Var(X Var< ZX) 2ZVM i O

The variance shrinks as n grows, which captures the stabilizing effect of averaging.

Proposition 2.2 (Sample mean minimizes squared error). For observed numbers x1,. .., Ty,
. 1 n ) 2 . . -
the function a v > 1" (x; — a)® is minimized at a = T.

Proof. Use the identity

Z(wz —a)? = z:(xZ —2)? +n(z —a)?

i=1 =1

which separates the within-sample variation from the deviation of a from the sample mean. [

Sample variance The algebraic identity
(n—1)8 Z X? - nX?

is often convenient.
Proposition 2.3 (Unbiasedness of S?). If Var(X;) = 0% < oo, then E[S?] = o2.

Proof. Starting from (n —1)S? = > | X2 — nX?, take expectations:

(n — )E[S?] = nE[X7] — nE[X?] = n(0® + p?) — n(Var(X) + p*) = no® — n% = (n—1)o?

Remark 2.3 (Statistics versus parameters). The statistics X and S? are random because they
depend on random data. Parameters such as pu and ¢ are fixed (but typically unknown).
Keeping track of what is random versus fixed is essential when computing sampling distributions.

Convolution: sums of independent variables

Proposition 2.4 (Convolution formula). If X and Y are independent with densities fx and

fy, then Z = X +Y has density
o0
= / fx(w)fy(z —w)dw

(Conditioning or a Jacobian on (Z,W) = (X + Y, X) gives the same result.) Video:
https://youtu.be/IaSGqQa50-M7si=L0sXvsZUABCURCQu

Remark 2.4. The same formula holds for discrete random variables with summation in place of
integration.
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2.2 Moment Generating Function
Moment generating functions (MGFs) provide a unified tool for moments, distribution identifi-
cation, and convergence arguments.

Definition and basic properties

Definition 2.4 (Moment generating function). The MGF of a random variable X is
ox(t) = E[e"],
whenever the expectation exists (it may be infinite for some ¢).

Proposition 2.5 (MGF of a sum). If X and Y are independent and both MGFs are finite at t,
then

Ox+y (t) = ox(t)y (1)

Proposition 2.6 (MGF generates moments). If ¢x(t) is finite in a neighborhood of 0, then for
each k > 1,
k
6% (0) = E[X*]

Proof. Differentiate ¢x (t) = E[e!X] under the expectation:

¢(t) = %E[etX]:IE [ietX] = E[X e,
1" _ d , _ d X1 d x| _ 2 tX
510 = 30/ = GELXNIB | e | —Blxe)

Evaluating at ¢ = 0 yields qﬁglg) (0) = E[X¥]. The interchange of differentiation and expectation is
justified, for example, by dominated convergence when ¢x is finite near 0. 0

Interchanging limits and expectations The expectation operator is an integral, while
differentiation is a limit. A standard tool is the dominated convergence theorem.

Theorem 2.1 (Dominated convergence theorem (DCT)). If X,, — X pointwise and | X,| <Y
for all n, where E[|Y|] < oo, then E[X,] — E[X].

DCT justifies many common steps such as exchanging limits with integrals and passing
derivatives through expectations when an integrable dominating function exists.

Corollary 2.1 (Differentiation Under the Integral). If f is differentiable int and ‘%(az, t)| < g(x)
with fg < 00 near tg, then

d of

T / f(z,t)de = / a(m,t)dx.

Identifiability via MGF's

Theorem 2.2 (Uniqueness of the MGF). If two random variables have the same MGF in an
open interval containing 0, then they have the same distribution.

This theorem implies that, for many standard families, matching MGFs is a convenient way
to prove equality in distribution.

However, consider two random variables X,Y with CDF Fx, Fy and MGF ¢x(-), ¢y (-). If
ox(+) = ¢y (), can we assert that Fx ~ Fy?
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Binomial and Poisson

Definition 2.5 (Binomial distribution). A random variable X has a binomial distribution with
parameters n € N and p € (0, 1), written X ~ Binomial(n, p), if

n

P(X =i) = <Z,>pi(1 —p)" 7, i=0,1,...,n.

Proposition 2.7 (Binomial mean, variance, and MGF). If X ~ Binomial(n,p) and ¢ =1 — p,
then
E[X]=np,  Var(X)=mnpqg,  ¢x(t) = (pe' +q)"

Proof. Write X = Z?:l Z; with Z; iid. Bernoulli(p). Then E[Z;] = p, Var(Z;) = pq, and
¢z,(t) = pet + q. Independence gives

and the moment formulas follow. O

Proposition 2.8 (Additivity of binomials). If X; ~ Binomial(n;,p) and X3 ~ Binomial(ng, p)
are independent, then X1 + X9 ~ Binomial(ni + ng, p).

Proof. Use ¢x,+x,(t) = ¢x,(t)dx,(t) = (pe! + ¢)™ "2 and uniqueness of MGFs. O
Definition 2.6 (Poisson distribution). A random variable X has a Poisson distribution with

parameter A > 0, written X ~ Poisson(A), if

2\
P(X =) :e*/\,—‘, i=0,1,2,....
i!
Proposition 2.9 (Poisson mean, variance, and MGF). If X ~ Poisson(\), then
E[X] = A, Var(X) = A, ox(t) = exp(A(e' — 1)).

Proof. Compute

© i o0 tyi
ox(t) = Ze”e_)‘/\— =e A Z ()\,e' ) = exp(A(e' — 1)),
i=0 =0

il 7!
and differentiate at ¢ = 0 to obtain the mean and second moment. O

A

Proposition 2.10 (Poisson as a binomial limit). If X,, ~ Binomial(n, —), then XngPoisson()\)
n

asn — oo.

Proof. The binomial MGF is

ox, (t) = (1 + %(et — 1)) — exp()\(et — 1)),

which is the Poisson MGF. OJ

Remark 2.5 (Why Poisson models?). Poisson laws often model counts of “rare and roughly
independent” events in a fixed window (e.g., arrivals per hour, defect counts per batch, misprints
per book).
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Convergence in distribution via MGF's

Theorem 2.3 (MGF convergence implies distributional convergence). If there exists 6 > 0 such
that ¢x,, (t) — ¢x(t) for all |t| < 0, and ¢x is the MGF of X, then X, 5X.

Proposition 2.11 (MGF of X). If X1,...,X, are i.i.d. with MGF ¢, then
ox(t) = [o(t/n)]".

Proof. Since X = 13" | X,

2.3 Sample from a Normal Distribution

Normal-distribution facts appear repeatedly in classical inference, so we collect them here.

Standard normal and location—scale

Definition 2.7 (Standard normal). A standard normal random variable Z ~ A/ (0, 1) has density

z) = 71 6722/2
fz(2) o :
and CDF ®(2) = [*_ fz(u)du.

Proposition 2.12 (Location-scale transformation). If Z ~ N(0,1) and X = p+o0Z with o > 0,
then X ~ N (u,0?) with

e =0 (T8), e = e (1),

g g

More generally, if f is a pdf, then g(x | p,0) = %f (%) is a pdf; u is a location parameter

and o is a scale parameter.

Normal MGF

Proposition 2.13 (MGF of N (u,0?)). If X ~ N (u,0?), then

1
ox(t) = exp (ut + 202152) .
In particular, E[X] = p and Var(X) = o2.

Proof. Completing the square in the exponent yields

E[etX] = /_ Z \/21?0 exp <m - (“2_05)2) dz

1 22> /oo 1 < (ff—(lH‘U?t))Q)
=ex t+ —o“t exp | — dz,
P <H 9 2o P

and the remaining integral equals 1 because it is a normal density. O
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Sums and the multivariate normal

Proposition 2.14 (Sum of independent normals). If X; ~ N(u;,0?) are independent, then

S (S ).
i=1 i=1 i=1
Proof. Multiply MGFs and match the normal MGF form. O

Definition 2.8 (Multivariate normal). A random vector X € R¥ is multivariate normal, written
X ~ Ni(p, X), if its density is

fx(x) = WGXP (—%(;1; —p)' Nz - ,u)) ,

where 3 is symmetric positive definite.

If X ~ Ng(p,X) and A is an m x k matrix, then AX is normal with mean Ap and covariance
AXAT. For a jointly normal vector, zero covariance implies independence, but this implication
does not hold for arbitrary (non-normal) joint distributions.

2.4 Properties of X and S? in the Normal Case

The normal model is special: the sample mean and sample variance are independent, and their
distributions have closed forms.

Theorem 2.4 (Normal sample). If Xi1,...,X, St N(u,c?), then
(n—1)82

o2

2
X~N (,u, (;) , X is independent of S2, ~x_,.

The first statement follows from the sum-of-normals property. The remaining two are
consequences of orthogonal decompositions of a multivariate normal vector.

Chi-squared and a projection lemma

Definition 2.9 (Chi-squared distribution). If Z1, ..., Zy "~ A7(0,1), then
k
Q=Y 7} ~xj.
=1

Lemma 2.1 (Projection matrix trick). Let A be symmetric idempotent (A2 = A) with tr(A) = r.
If X ~ N(0,0%1), then

XTAax

P
o

Proof. A symmetric idempotent matrix has eigenvalues 0 or 1, and tr(A) = r implies rank r.

Hence A=Q" <’8ﬂ 8) Q for some orthogonal Q. With Y = QX ~ N(0,021),

I, 0 .
T Rval T _ 2
XTAX =Y (0 O)Y_ZYZ,
=1
so dividing by o2 gives a sum of r squared standard normals. O

Applying the lemma to the centered vector (X1 — X, ..., X,, — X) yields (n—1)S%/0? ~ x2_;.
Independence of X and S? follows because the mean and the centered residuals are uncorrelated
linear transforms of a jointly normal vector.
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2.5 Student’s ¢t and Snedecor’s F

Two pivotal distributions arise from ratios involving normal and chi-squared variables.

Student’s ¢ distribution
Definition 2.10 (¢ distribution). If U ~ N(0,1) and V ~ x?2 are independent, then
U

VV/v

has a Student ¢ distribution with v degrees of freedom, written 1" ~ t,,.

For a normal sample, the standardized mean

X —pu y
S/
because (X — u)/(c/v/n) ~N(0,1) and (n — 1)S?/0? ~ x2_, are independent.

Snedecor’s F' distribution

Definition 2.11 (F distribution). If Vj ~ X;Q; and V5 ~ Xg are independent, then

(Vi/p)
(Va/q)

has an F' distribution with (p, ¢) degrees of freedom, written F' ~ F, ,.

If X1,..., X ~N(ux,0%) and Yi,..., Y, ~ N(py,0%) are independent samples, then

Sk /%
Sy /o3

anl,mfl-
Also, if T ~ t,, then T% ~ Fy ;.

2.6 Order Statistics

Order statistics capture the distribution of sorted sample values and are used in quantiles,
medians, and nonparametric methods.

Discrete and continuous laws Let Xi,..., X, be i.i.d. with continuous CDF F' and pdf f.
Write the sorted values as
X=X s <X

Proposition 2.15 (CDF of the minimum and maximum). For a continuous distribution,
P(Xqy >z)=P(X1 >2,...,X, >2)=(1-F(z))",

so Fx, (z) =1—(1— F(z))". Similarly, Fx,, (z) = F(z)".

Proposition 2.16 (Density of the kth order statistic). For 1 <k <mn,

n!

F D@ T = Fe) T @)

fX(k) (.T)) =
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Remark 2.6 (Heuristic). The factor F(x)*~1(1 — F(x))"~* represents the probability that k — 1
sample points lie below x and n — k lie above z, while f(x)dx captures the chance that one
observation falls in an infinitesimal neighborhood of . The multinomial coefficient counts which
observation plays which role.

P(X € [x,x + €])

N

k — 1 samples left n — k right

1 in bin

Theorem 2.5 (Joint Density of Two Order Statistics). Ifi < j and u < v,

n!

P50 (00:0) = Gt gy =y O @) P — P~ = P

e Informal proof: f; j(u,v) =P(i — 1 less than u, n — j greater than v, one at u, one at v).
e Be careful about the domain!
o [X(yXi (@1, ) =0l f (1) fwn), 11 < @2 <o < 2

Example 2.2 (Range and Midrange for Uniform(0,a).). For 0 < z1 < z,, < a,

nn—1 _
fX(1)7X(n) (37171'71) = (a”)(xn —x)" 2,

o X(n)-I-X
=——5

Let R = X(,) — X, V (). then with Jacobian 1,

n(n —1)

T T
P2, O<r<a, =<v<a-——.

fryv(r,v) = 5 5

Range and midrange are independent.

2.7 LLN and CLT

We now record the two fundamental large-sample results: the law of large numbers (LLN) and
the central limit theorem (CLT).

Modes of convergence Let X, be random variables and X a random variable.

Definition 2.12 (Almost sure convergence). X,, — X almost surely, written X, ~%5X, if
P(lity o0 Xn = X) = 1.

Definition 2.13 (Convergence in probability). X,, — X in probability, written X,, = X, if for
every € > 0,
P(| X, — X| >¢) — 0.
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Definition 2.14 (Convergence in distribution). X, %X if Fx,(x) — Fx(z) at all continuity
points z of Fx.

Almost sure convergence implies convergence in probability, which implies convergence in
distribution:
S . d
2% implies = implies .

The reverse implications do not hold in general.

Example 2.3 (Convergence in probability does not imply a.s.). Work on (2, F,P) = ([0, 1], B, ).
For k>1andn=2F ... 281 1 write j =n —2¥ +1 and set

Ay, = (Jz;kl, zj—k], Xp(w) =14, (w).

Then for n € [2F, 281 — 1], P(X,, = 1) = A\(A4,) = 27% — 0, so X, — 0 in probability. However,
for any fixed w € (0,1] and each k there is exactly one n € [2F, 28T — 1] with w € A,,, hence
Xp(w) =1 infinitely often. Thus X,, does not converge to 0 almost surely.

Example 2.4 (Convergence in distribution does not imply convergence in probability). Let X
be a standard normal random variable and let X,, = —X. X,, converges in distribution to X,
but not in probability.

Theorem 2.6 (Continuous Mapping Theorem). If X,, — X (in any of the three modes) and g
is continuous, then g(X,) — g(X) in the same mode.

Theorem 2.7. If the limit is deterministic, = and 9 are equivalent.

Example 2.5. Let X(,,) be the max of n independent Uniform (0,1). The CDF of X, is

FX(n) = Fn(l‘) =z" = ]1;,;21.

The CDF converges to that of a constant 1, so X (n)iﬂ. This implies that X(,) = 1. In fact, it
can be directly verified:

P(| Xy =1 >6) =P(X) <1—¢)=(1-¢)" =0
So we have convergence in probability. Furthermore,
P(| X — 1] > €)= (1 —¢)".
Let e =t/n

P(n(l = X)) <t) =P(X(y <1—t/n)=(1—t/n)" — e ".
So n(l — X(n))i> Exponential(1).

Laws of large numbers

Theorem 2.8 (Weak law of large numbers). If X1, ... are i.i.d. with E[X;] = p and Var(X;) <
o0, then

_ 1 &
=1

Proof. By the variance calculation, Var(X,) = 02/n. Chebyshev’s inequality gives
2

— o
P(| X, — < — . O
(1% =l > ) < 5 =0
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Definition 2.15 (Consistency). An estimator T, is consistent for 6 if T, = 6.

Example 2.6. WLLN = X,, is consistent for . Consider the sample variance

512 _ E?:l(Xl - X)Q

n

E(S2 — 02)2
2_ 2 < n .
L AL B R

So if Var(S2) — 0 as n — oo (true for normal), then the estimator is consistent. By continuous
mapping (g(z) = +/z), Sy, is also a consistent estimator for o (but biased by Jensen’s inequality).

Theorem 2.9 (Strong law of large numbers). If X1, Xo, ... are i.i.d. with E[|X1]] < oo, then
X225

Remark 2.7. The strong law is deeper than the weak law. We will typically use the weak law for

intuition and the strong law when we need almost sure statements.

Central limit theorem

Theorem 2.10 (Central limit theorem). If X1, Xo,... are i.i.d. with E[X] = p and Var(X;) =
02 € (0,00), then -
Xn—pu

vn LN(0,1).

Equivalently, for large n,
2
X & N <M7 U> :
n

MGF sketch. Write Z, = \/n(X,, — u)/o. Using the MGF of X,,,

o0 o ()]

A Taylor expansion of ¢ at 0 yields ¢z, (t) — e"/2, the MGF of A/(0,1). O

Example 2.7 (Normal Approximation to Binomial). Let X ~ Binomial(n,p), fixed p, n large:

P(aﬁXﬁb)z@(Z)_m)) —c1><a_"p>.
np(l —p) np(l —p)

Continuity correction: for P(X = a), use [a — 1,a + 1] before standardizing.

Theorem 2.11 (Slutsky). If Xni)X and Y, = a, then XnYnﬁaX and X, + Yn$X + a.

Slutsky’s theorem lets us replace unknown constants by consistent estimators inside limiting
distributions and still keep the same limit.

Example 2.8 (Student’s t statistic converges to standard normal). Student’s ¢ statistic converges
to standard normal:

V(X — ) _ 9 V(X —p) d
=5, 5. f%N(O, 1).

Example 2.9 (Counterexample). X, ~ Uniform(0,1) and Y,, = —X,,. The sum X,, +Y¥,, =0

for all values of n. Moreover, YngUniform(—l, 0), but X,, +Y,, does not converge in distribution
to X +Y.
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2.8 Delta Method
The delta method translates a CLT for X,, into a CLT for smooth functions of X,,.

First- and second-order delta methods

Theorem 2.12 (First-order delta method). If v/n(X,, — u)ix/\/(o, 0?) and g is differentiable at
w with ¢'(p) # 0, then

> d
Vi(9(Xn) = 9(1) =N (0, (g (1)) ?0?).
Proof. By Taylor’s theorem, for some 6,, between Y,, and 6,

g// (On)

9(Yn) = 9(0) + g'(0)(Yn — 0) + (Y — )%

Then use Slutsky’s theorem to the sum. O

Theorem 2.13 (Second-order delta method). If ¢'(u) = 0 but ¢"(u) # 0, then

_ a1
n(9(Xn) = 9(1) = 59" (W)o X1,
under suitable regularity conditions.

Proof. By Taylor’s theorem, for some 6,, between Y,, and 0,
9(Yn) = 9(0) = ¢'(0)(Yn — 0) + 5 "(6n) (Y — 0)*.
Since ¢'(#) = 0, we have
n(g(Ya) = 9(0)) = 59" (0n) [Va(Ya —0)]".

Then use Slutsky’s theorem to the sum. O

Application: estimating odds

Example 2.10. Let Xq,..., X, g Bernoulli(p) with 4 = p and 02 = p(1 —p). The odds are
0 = p/(1 — p), and the plug-in estimator is § = X /(1 — X).
Take g(x) = z/(1 — z), so ¢'(p) = 1/(1 — p)2. By the delta method,

\/ﬁ(é—e)iu\/(o, p(1—p)> :N(o, p )

(1-p)* (1-p)?
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3 Principles of Data Reduction

In statistics, a central task is to turn a large sample X = (X1,...,X,,) into inferences about
the data-generating process—for example, about an unknown parameter 6 indexing a family of
distributions. A basic question is whether we must keep all of the data to make good inferences.

Example 3.1 (A motivating example). Suppose X7, ..., X, ~ Uniform([0,6]) and we observe
[2.16, 0.72, 9.75, 0.89, 2.21].

What can we say about 67

Not all features of the sample are relevant to a given statistical question. A data reduction
procedure discards information that is irrelevant for the parameter of interest, leading to simpler
inference.

Definition 3.1 (Statistic). A statistic T'(X) is any function of the sample; it does not depend
on unknown parameters.

Example 3.2. In the Uniform([0, #]) example, X,y = max{Xy,..., X, } is a statistic.

If T is not one-to-one, it effects data reduction: distinct samples may yield the same value of
T and thus become indistinguishable through the lens of T. A “good” statistic should preserve
information about the unknown parameter 6.
Question. Is there a statistic that contains all the information about 6 in the sample?

If such a statistic exists, we can compress the original data to a simpler object without losing
information about 6.

3.1 Sufficient statistics

Definition 3.2 (Sufficient statistic). A statistic T(X) is sufficient® for amodel P = {Py : 0 € O}
if, for every t, the conditional distribution of X given T'(X) = ¢ does not depend on 6.

Sufficiency is model-dependent: it refers to P3 and hence to the parameter 6. Intuitively,
once a sufficient statistic T' is known, the remaining features of the data carry no additional
information about #; one can estimate 0 just as well from T as from the full sample.

One useful way to see this is to regard the full data as “dummy” randomness generated
around T in two stages. First draw the statistic,

T(X) ~Py(T(X)=t),
and then draw a conditional sample X | T'(X) = ¢. This reproduces the joint law via
Po(X =) =Py(X =a | T(X) =T(x)) Po(T(X) =T(x)).
By sufficiency, X | T(X) =t is free of 6, so all information about 6 is contained in T'(X):
Po(X =2 |T(X)=T(x)) =P(X =z |T(X)=T(x)).

Example 3.3 (Bernoulli model). Let X,...,X,, be a random sample from Bernoulli(#). Con-
sider the count of successes T'= Y | X;. The joint pmf is

Po(X = @) = 027 (1 — 0)" 2%,

*Introduced by R. A. Fisher (1922).
3Think of P as a family of distributions parametrized by 6.
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For t € {0,1,...,n},

~ o PB(X =2, T(X)=1) 0250102 gy oy
Po(X == | T(X) =1) = Po(T(X)=t) (7)ot(1 — )t

The conditional law does not depend on 6, hence ), X; is sufficient for 6.

Question. How should we interpret Pyp(X = « | T(X) = t) here? Given T' = t we are
“uniformly choosing” the ¢ positions of the ones among the n coordinates (the coordinates are no
longer independent under this conditioning).

Example 3.4 (Uniform([0,6])). Conditioning on X,, = T(X) = X(,,) = t, the remaining n — 1
observations behave like a random sample from Uniform(]0, ¢]), independent of 6:

Po(X1 <1, s Xpo1 S ape1 | X = Xy = 1)
CPe(Xy <@y, X1 S @, X=Xy = 1)
- Py(Xn = Xm) = 1)
Po(X1 <@y At,..., Xy <apo1 AL, X, =1t)
Po(X1 <t,...,Xno1 <t, Xpn=1t)
Po(X1 < a1 At)- - Po(Xp_1 < oy At)Po(Xp = 1)
Pop(X1 <t) - Po(Xp—1 < t)Py(X,, = 1)

S riAt i
= H ZT 1iy,>0 i Uniform([0, ¢]).
i=1

Here a A b = min{a, b}. Recall that for indicator functions, 141p = 1 4q5.
Consequently,

Po(X1 <1y, X <y | Xy = t)

n
- ZPQ(Xl Sy, Xy Sy Xy = X | Xn) :t)
i=1

i=1

n .
=2 11 x]t/\t La;>0p X %

i=1 j#i

This does not depend on 6, so by definition X, is sufficient for 6.

Example 3.5 (Normf{l mean, known variance). Let X1,..., X, be i.i.d. N(u,0?) with known
o. Consider T(X) = X = 1 3. X;. Writing

n

Py(X =z | T(X) = T(x)) = (m,
we have
_ LI i — p)?
flz | p) (Varo) P< 552 )
__ 1 i@ —2)* + n(z — p)?
(Varoy (- 2° )



and

n(r — 2
o(T(@) | 1) = q(@ | ) = —— exp(—(m).

Thus X is sufficient for p, but not for o.

Example 3.6 (Order statistics). Let X1,..., X, be a random sample from a distribution with
density f, and set T(X) = (X(1),...,X(y)). For any x that is a permutation (X)) of the
sample,

n
Bo(X = | T(X) = 7(a)) = L= o 700 L
q(T(x)) n'[[Z, flze) n!
Thus, conditional on the order statistics, all n! permutations are equally likely.
This is a nonparametric example: the “parameter” here is the entire density f. There is
little data reduction because T is n-dimensional. Outside the exponential family, it is rare to
have sufficient statistics of lower dimension than the sample size.

3.1.1 Factorization theorem

Using the definition of sufficiency directly can be awkward—both for finding a candidate sufficient
statistic and for checking sufficiency. The factorization theorem streamlines both tasks.

Theorem 3.1 (Factorization theorem). Let f(x | ) denote the joint pdf/pmf of a sample X. A
statistic T'(X) is sufficient for 0 if and only if there exist functions h(x) and g(t | 0) such that,
for all sample points & and all 0,

f(a | 0) =h(z)g(T(x) | 0).

Remark 3.1. The function h may depend on the full sample & but not on the parameter 6. The
function g may depend on 6, but it can depend on @ only through t = T'(x).

Proposition 3.1 (One-to-one transformations preserve sufficiency). If s(-) is one-to-one and T
is sufficient for 0, then S(X) £ s(T(X)) is also sufficient for 6.

Example 3.7 (Order statistic). In the order-statistic example, the empirical cdf

1 n
== lxizo)
i=1

is an equivalent sufficient statistic.
Proof of the factorization theorem. “=" If T is sufficient, let
hiz)=P(X =z | T(X) =T(x)).
Then
f(z]0) = =z | T(X) =T(z)) Po(T(X) = T(z)),

Wthh has the desired form with g(t \ 0) Po(T(X) =t).
<7 (discrete case) If f(x | 0) = h(x) g(T'(x) | 0), let q(t | §) be the pmf of T'(X) and define

Ay ={y:T(y) =t}.

Then
PX=xT=t x|0)1 _
PX=a|T=1t)= (X ==, ) _ S 19 L=y
P(T = 1) > oyea, S 0)
~ h(@) Lipz)=n
ZyeAt h(y) ’
which is free of 6 and proves sufficiency. For a full treatment of the continuous case, see Lehmann
and Romano, Testing Statistical Hypotheses (2015), Section 2.6. O
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Example 3.8 (Uniform([0, #]) revisited). The joint density can be written as

1
CC ‘ 6 H]l{0<xz<9} [H ]l{ccz>0}] 9" ]l{mauxZ 2;<0}+

By the factorization theorem, T'(X ) = max; X; = X (n) is sufficient for 6. In contrast, the sample
mean is not a sufficient statistic for E[X] = 60/2.

Example 3.9 (Normal mean revisited). Consider a normal random sample A/ (u, 02) with known
.
1 2w — 7)? n(z — p)°
f(x ’ lu’) - (\/%O')n exp < 20_2 exp 20_2 .

Then T(X) = X is sufficient, with g(t | 1) = exp <_M)

202

3.1.2 Multi-dimensional sufficient statistics

Definition 3.3 (Multi-dimensional case). Statistics T' = (11, ...,T}) are jointly sufficient if,
for each t = (t1,...,tx), the conditional distribution of X = (Xi,...,X,) given T =t does not
depend on 6.

The factorization theorem applies verbatim to multi-dimensional parameters and statistics.

Example 3.10 (Normal mean and variance.). If @ = (u,0) is unknown, let 77(X) = X and
Ty(X) = S?. Then

1 n—1 nlts — )2
9(16) = gltn,ta [ 1,0) = e (-3 Y e (2R

with h(x) = 1. Hence (X, S?) is sufficient for (u, o).

Remark 3.2 (Mappings of sufficient statistics). Suppose 8 € R*. If f is a one-to-one function on
R* and T is sufficient for 8, then f(T') is also sufficient. More generally, if T" is sufficient and
T = (S) for some (measurable, not necessarily one-to-one) function ¢ and some statistic .S,
then S is sufficient.

Example 3.11. For normal population, the statistics 77 = X, Th = (Xl, S, Xi), and T5 = X
are all sufficient for u.
3.1.3 Partitions induced by statistics

Any statistic T induces a partition of the sample space according to its value,

Example 3.12 (Uniform(0, §) with n = 2.). Figure 3 illustrates three partitions: one induced
by T(X) = X(3), one by the full data T'(X) = (X1, X2), and one by T'(X) = X;.

Remark 3.3. For a statistic to be sufficient, its partition should be fine enough to distinguish
information about different 6. Equivalently, if T is sufficient, we should draw identical statistical
conclusions about # at every point inside a cell A;.

It is this partition, rather than the particular formula defining T, that is the fundamental
object. In measure-theoretic terms, the statistic generates a o-algebra, and sufficiency is a
statement about that generated o-algebra.

36



\

[4
\
4
\
4

(t,1) (t1,t2) (t,t)

Figure 3: Partitions of the sample space induced by different statistics for a sample of size 2
from Uniform(0, ).

3.1.4 Exponential families

Definition 3.4 (Exponential family). A family of pdfs/pmfs is called a k-parameter exponential
family if it can be written as

k
ﬂwW%=M@dmew<§)M®h@0-
=1

This special form is chosen for mathematical convenience.

Example 3.13 (Binomial(n,p).).

fx]p)= <Z>p$(1 -p)" = (Z) (1—p)"exp (wlog : fp) :

Example 3.14 (Normal NV (u,c?).).

1 _@w? 1 M 1 2)
€T ,0) = —F—¢€ 202 = e 202 ex ——L — —5 .
Jelmo) =5z, Varo p(a? 20°

Example 3.15 (Counterexample.). The shifted exponential distributions do not form an
exponential family:

1 0—=zx
10 = goxn ("5 ) L

Natural parameters and canonical form An exponential family is sometimes reparameter-
ized by letting w;(0) = n;:

k
f(z[n) =h(z)c(n) exp (Z i ti(@) ;
i=1
where n = (w1(0), ..., wk(0)) is called the natural parameter. This representation is the canonical
form.
Definition 3.5 (Natural parameter space). The natural parameter space is

o k
H = {77 =M, Mk) - / h(z)exp (th(az)) dz < oo (or Z < oo)}
o i=1

T

Example 3.16 (Exponential distribution). For the exponential distribution, H = {n > 0}.
Using Holder’s inequality, one can prove that H is convex.
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Natural sufficient statistics Suppose Xi,..., X, is a random sample from the canonical

f(@ | m) = hx) exp(Zn” )

Define T' = (T1(X), ..., Tx(X)) by

exponential family

In matrix form,
n
(| ) H )" exp(n' T(z)).

Proposition 3.2 (Natural sufficient statistics). By the factorization theorem, the natural statistic

D oa ) Y (X
j=1 Jj=1

is sufficient for . Moreover, T itself belongs to an exponential family:

Fr(w | m) = hw)le* ()" exp(n " w).
Example 3.17 (Bernoulli(p)). We can write

fl@|p)=p"(1—p)' ™" =(1—p)exp <fc log 1

%)

So k=1, t;(x) =z, and n = log £-. The natural sufficient statistic is
T:Tl(Xl,...,Xn) =X+ -+ X,.

Since n = log ﬁ is a one-to-one mapping of p, T is also sufficient for p.

3.2 Minimal sufficient statistics

For a given parameter, there are many sufficient statistics. Sufficiency implies no loss of
information for #, but by itself it does not guarantee data reduction (for example, the full data X
is always sufficient). This motivates the search for a sufficient statistic that gives the “maximal”
reduction.

Definition 3.6 (Minimal sufficient statistic). A sufficient statistic T'(X) is minimal sufficient
if, for any other sufficient statistic S(X), there exists a (measurable) function 1 such that

T =¢(S5) a.s. under every Py.

Recall the partition induced by a statistic,

AT) = {AY,  Av={z:T(z) =t}

Minimality of 7" implies the following: for any sufficient statistic S, if S(x) = S(y), then
T(x) = T(y). Equivalently, the partition A(T') is coarser than A(S). The simpler the partition
is, the more data reduction we have.

While retaining all information about €, minimal sufficiency identifies the maximal reduction
of the data, the coarsest (simplest) partition of the sample space, and (in measure-theoretic
language) the coarsest o-algebra that remains sufficient.
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\ . \
? L has more reduction than ? L

Proposition 3.3 (One-to-one mapping). Any one-to-one function of a minimal sufficient
statistic is minimal sufficient.

Remark 3.4 (Uniqueness). Minimal sufficient statistics are unique up to one-to-one measurable
transformations: two statistics that are one-to-one functions of each other induce the same
partition, and it is this partition that is the fundamental object.

Example 3.18 (Normal sample: a non-minimal sufficient statistic). For a normal sample with
known o, compare B -

T(X)=X, T(X)=(X,5%.
Recall that X and S? are independent. Therefore T/(X) cannot be written as a function of
T(X), so T" is not minimal.

How can we check whether X is minimal? The following “checking rule” gives a practical
criterion.

Theorem 3.2 (Checking rule). Let f(x | 8) be the pmf/pdf of a sample X . Suppose there exists
a statistic T(-) such that, for every two sample realizations x and y,

flx]0)
fly|0)
Then T'(X) is a minimal sufficient statistic for 6.

does not depend on 0 <= T(x)=T(y).

Example 3.19 (Normal minimal sufficient statistics). Normal minimal sufficient statistics for
0 = p and for @ = (u1,0%). One can examine

fl®|po) oray P (_%> xp (‘M:;TW)

o n—1)s? n(i—1)2 )\
Ty Tmo) ot oxp (~ T exp (- 2007
Proof of the checking rule. Sufficiency. Consider the partition A(T) = {A4;} induced by T,

L

where Ay = {x : T'(x) = t}. Select (arbitrarily) a representative point x; € A; for each cell.
Since T'(x) = T(Z7(s)), the ratio
f(x]0)
hw) & S @10)
O T 10

does not depend on 0. Let g(t | ) = f(x; | 0); by construction, g depends on « only through
t = T(x). The factorization theorem then yields

f(a | 0) =h(z)g(T(x) | 0),
so T is sufficient.
Minimality. Let 77(X) be any sufficient statistic, so f(z | §) = ¢/ (T'(z) | )W (x). If

T'(x) =T (y), then

@) ¢(T@)[ON@) W)

flylo) g (T'(y) [0)W(y) W(y)
The right-hand side is free of 6, so by the assumed equivalence for T we must have T'(z) = T(y).
Hence T'(X) is a function of 77(X), which is exactly minimality. O
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Example 3.20 (Uniform([#,6 + 1]): a two-dimensional minimal sufficient statistic). Let
X1,...,Xy, be iid. Uniform([f,60 + 1]). Using the indicator-function form of the joint den-
sity,

flx]0)  Wo<eq <o <o+1)

F 1) Loy <y <o+1)

By the checking rule, T'(X) = (X(1), X(»)) is minimal sufficient. Notice that the minimal
sufficient statistic has dimension 2, even though the parameter is one-dimensional and the sample
is n-dimensional.

3.3 Complete statistics

This subsection introduces completeness and its interaction with ancillary statistics.

3.3.1 Ancillary statistics

Definition 3.7 (Ancillary statistic). A statistic V(X)) whose distribution does not depend on
the parameter 6 is called ancillary.

Example 3.21 (Location family: an ancillary range). Suppose F'is a cdf and X1,..., X, is a
sample from F(z — ). Then the range R = X(,) — X(y) is ancillary:

Py(R<r)=PFy (maXXi —min X; < 7“) =P (maX(Xi —60) —min(X; —0) < r).

Example 3.22 (Scale family: ancillary ratios). Let Xi,..., X, be a sample from F(z/c). Then
X1/ Xn, ..., Xn—1/X, is ancillary: writing X; = 0Z; with Z; ~ F shows the ratios are free of o.

Remark 3.5. The simplest ancillary statistic is the constant statistic V' (X) = ¢. More generally,
a non-trivial ancillary statistic V(X)) induces a partition A(V) = {{z : V(x) = v} : v} that
carries no information about 6.

If T(X) is a statistic and V(T(X)) is a non-trivial ancillary statistic, then the partition
A(T) contains a coarser partition with no information about 6. This suggests that further data
reduction may be possible.

In this sense, a sufficient statistic looks most “successful” when no nonconstant function of
it is ancillary.

Question. Minimal sufficient statistics represent maximal data reduction while keeping
information about 6. Are they “successful” in the above sense?
Ancillary statistics may in fact appear as components of a minimal sufficient statistic.

Example 3.23 (Uniform(¢,0 + 1): ancillarity inside a minimal sufficient statistic). Let
X1,..., Xy, be a sample from Uniform(6,0 + 1). The range R = X,y — X(y) is ancillary.
We also know that (X(y), X(;)) is minimal sufficient, hence

(X(n) - X1y, Xn) + X(l)) is a minimal sufficient statistic.

Therefore, there can exist a nonconstant function of a minimal sufficient statistic that is
ancillary, so minimal sufficiency is not necessarily “successful” in the above sense. Moreover,
ancillary statistics are not always independent of minimal sufficient statistics.

This motivates the definition of completeness.

Definition 3.8 (Complete statistic). Let X be i.i.d. with pdf/pmf f(- | §). A statistic T'(X) is
complete for 0 if every (measurable) function g not depending on 6 that satisfies

Eglg(T(X))] =0 for all 6
must also satisfy

Py(g(T(X)) =0) =1 for all 6.
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Remark 3.6. Completeness means there is no non-trivial unbiased estimator of 0 based on 7'(X).
It implies that an unbiased estimator of a target parameter, when it exists and is a function of
T, is unique.

A minimal sufficient statistic is not necessarily complete (for example, Uniform([0, 0 + 1])).
Conversely, a complete statistic is not necessarily sufficient (see the examples below).

3.3.2 Examples of complete and non-complete statistics

Example 3.24 (Uniform(6, 6 + 1) revisited). Uniform(6,6 + 1) revisited. T'(X) = (X (1), X(n))
is minimal sufficient. However,

Xy = Xy —E[Xm) — X

has mean 0 but is not 0 a.s., so neither 7'(X) nor X(n) — X(1) is complete. It is important here
that g(-) does not depend on 6.

The range R = X(,) — X(1) itself does not contain any information about #, but combined
with a sufficient statistic, it does (see Casella-Berger, Example 6.2.20).

Example 3.25 (Normal(0, 02) with § = o). Normal(0, 0%) with § = 0 and T'= X. Let g(x) = .
Then E[g(X)] = 0 but P(g(X) = 0) # 1, so X is not complete for o.

Example 3.26 (Normal(y, 1) with 6 = ). Normal(p, 1) with 6 = pand T' = X. IfEy[g(X)] =0
for all 8, then g = 0 a.s.; thus X is complete for pu.

Example 3.27 (Normal(u,0?) and T = X). Normal(u,0?) and T = X. The statistic T is

complete for # = p and for § = (u,0?), but not for § = o2. Completeness does not imply

sufficiency. (Here T is not sufficient for o2, hence also not sufficient for 6 = (u, 02).)

Example 3.28 (Bernoulli: completeness of the binomial count). For a Bernoulli sample with
success probability § = p € (0,1), a minimal sufficient statistic is

T(X)=> X, ~ Binomial(n,p).
=1

Suppose E,[g(T")] = 0 for all p. Then

- n e " e n
0=E,lo(r)] = Yoo ()t - = - Yoo (7)o
t=0 t=0
where ¢ = £~ € (0,00) and (1 — p)"® > 0. The right-hand side is a polynomial in ¢ that is
g Yy

1-p
identically zero, so every coefficient must be 0, hence g(t) = 0 for all ¢. Therefore T" is complete.

3.3.3 Completeness implies minimality under mild conditions

Theorem 3.3 (Bahadur’s theorem). If a minimal sufficient statistic exists, then any complete
sufficient statistic is also minimal sufficient. In particular, a finite-dimensional complete sufficient
statistic is minimal sufficient.

Under mild conditions, a complete sufficient statistic is “all you need”: it implies minimal
sufficiency.

Remark 3.7. The converse is not true. In the Uniform(6, 0+1) example, (X ,,) — X (1), X(n)+X(1))
is minimal sufficient for #, but not complete.

Remark 3.8. If a minimal sufficient statistic is not complete, then there does not exist any
complete statistic.

Completeness formalizes an ideal notion of optimal data reduction, whereas minimal suffi-
ciency is an achievable notion of maximal reduction.
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3.3.4 Order statistics revisited: completeness

We have argued that the order statistics T' = (X (1) - - » X(n)) are sufficient for the nonparametric
model § = f € © = {all distributions with a density}. We now show that T is also complete for
0 co.

Proposition 3.4 (Completeness of order statistics for the nonparametric model). Let Xq,..., X,
be i.i.d. from a distribution with density f. Then T = (X(y),..., X)) is complete for the model
© = {all densities}.

Proof. First, note that a statistic 0 is a function of T if and only if it is symmetric in its
arguments, i.e. 6(x) = d(mx) for every permutation 7.

Consider first the case where 9 is nonnegative. Fix densities f1, ..., f, and consider mixtures
n
f:ZOéifiE@, ai>0,2ai:1.
i=1 i

If E¢[6(X)] = 0 for all such f, then
0= /- [ é(z) - fla)de = [ - [ 6() - (n aifi(:cj)> dx.
[ [l [ fanTT (X

The right-hand side is a polynomial in «, hence all coefficients must be zero.
Consider in particular the coefficient of [[; a;:

0:2/.../5(m)ﬁfi(xﬂ(i))dw

" = n n
:;/.../5(7r_:m)il;[1fi(mi)dm:;/.../5(m)£[1fi($i)dm
:n'//d(:c)ll;[lfz(mz)dw

Now let f; be uniform on an interval [a;, b;]. Then

by bn,
/ / d(x)de =0 = J(x)=0as,
a1l an

because § is nonnegative.
For a general symmetric §, apply the same argument to its positive and negative parts.
Therefore T is complete. O

Example 3.29 (Order statistics and ranks). Now that the order statistic T is complete and
sufficient, consider the ranks of the observations,

R=(Ry,...,Ry), Ri2#{j: X; < X;}.

Then P(R=7(1,...,n)) = 1/nl, so R is ancillary.
In fact, T and R are independent:

P(T:t,R:r):%xn!Hf(ti).
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3.3.5 Basu’s theorem

Theorem 3.4 (Basu’s theorem). If T(X) is complete and sufficient for P = {Py : 0 € Q} and
V(X)) is ancillary, then T(X) and V(X)) are independent under Py for every 6.

Proof. Fix a measurable set B and define
ap(t) =Py(V € B|T(X)=t), pp="Ps(V € D).
Let g(t) = qp(t) — pp. By sufficiency and ancillarity, g does not depend on . Moreover,
Eq[g(T(X))] = Eg[Po(V € B | T(X))] —pp =Po(V € B) — pp = 0.

By completeness, g(T(X)) =0 as., i.e. ¢g(T) = pp a.s.
Now let A be a measurable set for 7. Then

PQ(T € A, Ve B) =[Eg []l{TGA}]l{VEB}] =y |:Eg []l{TeA}]l{VGB} | T]]

=Ry [hTeA}Ee [Lveny | T]] = By [Lireay a5(T)]
:EG[]I{TGA}pB] :PQ(TE A)P@(VGB). O

3.3.6 Completeness for exponential families

Basu’s theorem is a powerful tool for deducing independence, but it requires completeness. For
exponential families, we have general criteria that guarantee completeness.
Let X1,...,X,, be a sample from a k-parameter canonical exponential family

K
f(x|m) =h(z)c(n) exp (Z mtz’(ﬂf)) ;
i=1

where n € = C H is the parameter set.

Definition 3.9 (Minimal exponential family). An exponential family parameterized by its
natural parameters P = {P, : § € H} is minimal if (i) there is no nonzero A € R¥! such that
> Aimi = Ao, and (ii) there is no nonzero A € R¥+1 such that Y, \;T;(z) = Xo.

The first condition rules out the possibility of linearly transforming the k-dimensional
exponential family into an exponential family of smaller dimension. The second condition rules
out unidentifiable cases (i.e., when there exist 1y # 12 such that Py, = Py,).

Example 3.30. Consider X ~ Exp(n1,1n2), where p(z;n1,m2) = exp(—mx — mx + log(n +
12)) L0}

Non-minimal families can always be reduced to minimal families via a suitable transformation
and reparameterization.

Definition 3.10 (Curved exponential family). Suppose P = {P, : n € =} is a k-parameter
minimal canonical exponential family. If = contains a k-dimensional open set, then P is called
full-rank. Otherwise, P is curved.

In a curved exponential family, the 7;’s are related in a nonlinear way.
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Examples (normal family) Consider N(p,0?),

K

f@ | p,o) L . a2
= — o< € —_— —_ .
| u,o \/%0-6 XP 0_256 20_2.’15

It is minimal and full-rank with 7; = /02 and 7o = —1/(202).

If we restrict 1 = 02 = 0, then n; = 1 and 7o = —1/(26), which is non-minimal (for example,
take A\ =1, Ay =0, Ay = 1 so that Zz Ainp = )\0).

If we restrict = o = 6, then 11 = 1/ and 1o = —1/(26?); this yields a minimal but curved
family. The statistic T = (X, S?) is sufficient for 6, but it is not complete: to see this, one can
find a nonzero function of T" with mean 0 for all #, for instance

- nX?

X, 8% =—--3
Theorem 3.5 (Completeness for full-rank exponential families). Suppose P = {Py, : n € =} is a
k-parameter minimal canonical exponential family of full-rank. Then

T(X) =D t(X5),- o, > tr(Xy)
j=1 J=1
1s complete.

Applications of Basu’s theorem Basu’s theorem allows us to deduce the independence of
two statistics once we identify one statistic that is complete and sufficient and another that is
ancillary.

Example 3.31 (Exponential sample and Basu’s theorem). Let Xi,..., X, be a sample from
Exponential(#). Then

Xn

X)=——"—, I'NX)=X1+---+X
0X) = g TX) =X .
are independent. Here Exponential(f) is a scale family, so g(X) is ancillary. It is also a minimal

one-parameter exponential family of full-rank, so T'(X) is complete and sufficient. Therefore
Eolg(X)] = 1/n.

One can also verify minimality using the checking rule, but that is unnecessary once the
exponential-family structure is recognized.

Example 3.32. If we consider N'(,0?) with known o, then X and S? are independent.

Example 3.33 (Normal with known o: ancillary median deviation). For N (p, o?) with known
o, X is sufficient and complete, and med(X) — X is ancillary, where med(X) is the sample

median. Hence

02

Cov (X, med(X)) = ot

3.4 Summary

Consider two experiments: observe X ~ Py, or observe T' ~ Prjy and then generate X | T' =
t ~ Px;. The variable X has the same distribution in both experiments, so inference about 6
should be the same.

If T is sufficient, only the experiment of observing T is informative about 6. A sufficient
statistic induces a partition on which identical statistical conclusions are drawn, and this partition
(equivalently, the generated o-algebra) is the fundamental object.

If no coarser partition of the sample space can retain sufficiency, then 7" is minimal sufficient.
We will return to completeness in the next topic.
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Reading materials

Same level
e Robert W. Keener, Theoretical Statistics, Chapters 2-3.
e (Not recommended) Casella and Berger, Statistical Inference, Section 6.2.
Measure theoretic
e Jun Shao, Mathematical Statistics, Section 2.2.

e Lehmann and Romano, Testing Statistical Hypotheses, Sections 1.9 and 2.6.
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4 Point Estimation

4.1 Introduction

The statistical model P = {Pp : 6 € O} is unknown up to a parameter . After observing a
random sample X = (Xy,...,X,,), our goal is to estimate 6.

A point estimator is a statistic 7'(X) designed to estimate the unknown parameter 6 of
the model P. Keep in mind that an estimator is a random variable: it depends on the random
sample.

Remark 4.1 (Notation). A generic estimator of 6 is denoted by 8. Regular letters (e.g., z,Y,0)
denote scalars, while boldface letters (e.g., , Y, 0) denote vectors. Lowercase letters (e.g., x,y, )
denote deterministic values, whereas uppercase letters (e.g., X,Y") denote random variables or
random vectors.

Parameter Estimator
0 = E[X] X
6 = Var(X) S?
1 < _ _
0 = COV(Yl, Yg) n—1 ;(1/@1 - Yl)(ifi,Q - Y2)

0 = p(Y1,Y2) n—1§;< Svy )< Sy, )

i=

Error A natural first idea is to measure performance via the estimation error.
Definition 4.1 (Error). If T" is used to estimate 6, then T' — 6 is the error of T

The raw error is rarely a stable criterion by itself. For continuous distributions,

PQ(T(X) = 9) =0.

For a Bernoulli sample of size n, if § ¢ {0,1/n,...,1} then X # 0 almost surely. More generally,
the error is random; it can be large with small probability, making single-value comparisons
unreliable.
Bias To remove randomness from the error, we use its expectation.

Definition 4.2 (Bias). If 7' is used to estimate 6, the bias of T' is Ey[T" — 6].

Bias captures systematic error. We call 7' unbiased if Ey[T] = 6 for all § € O, negatively
biased if Ey[T] < 6 for all §, and positively biased if Ey[T] > 6 for all §. A biased estimator
need not be uniformly negative or positive; the sign can depend on 6.

Bias and Mean Squared Error Bias alone ignores dispersion. A more balanced criterion is
MSE.

Definition 4.3 (Mean squared error (MSE)). If T' estimates 6, then Eq[(T — 6)?] is the mean
squared error of T'.

Proposition 4.1 (Bias—variance decomposition).
MSEy(T) = Vary(T) + Biasy(T)?.
Proof. E[(T — 6)?] = Var(T — 6) + E[T — 0]?> = Var(T) + Bias(T)?. O

Often, lowering bias increases variance and vice versa: the bias—variance trade-off.
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Other Evaluations Beyond error, bias, and MSE, other criteria are useful:

Remark 4.2 (Other evaluation criteria). Mean absolute error: Egy[|T — 6|]. Tail probability:
P(|T — 6| > ¢) for fixed e.

MSE is popular because it is smooth and tractable. Mean absolute error can yield more
robust procedures, and the tail criterion P(|T" — 6| > ¢) avoids moment assumptions.

Efficiency For unbiased estimators, smaller variance means smaller MSE.

Definition 4.4 (Efficiency). Suppose U and V are unbiased for §. We say that U is more

efficient than V if Var(U) < Var(V). The relative efficiency of U w.r.t. V is XZTE‘U/;.
r

If the relative efficiency exceeds 1, then U is more efficient than V.

Asymptotic Properties In many problems the sample size grows, so it is useful to study
a sequence of estimators T),(X,,) as n — co. We say that T, is asymptotically unbiased if
lim,,_,o E[T},] = 6, and consistent if T,, = 0, i.e., P(|T,, — 0| > ¢) — 0 for every £ > 0.

Example 4.1. The estimator

is asymptotically unbiased for 2.

If U, and V,, are asymptotically unbiased for 6, the asymptotic relative efficiency of U
to V is
. Var(V,)
lim ———=,
n—oo Var(U,,)

when the limit exists.
Proposition 4.2 (Consistency via MSE). If MSE(T,,) — 0, then T), is consistent.
Proof. For any e > 0, by Markov’s inequality applied to |T;, — 6|2,

E[(T, — 0)°]

P(|T, — 0] > ¢) =P(|T, — 0> > €?) < 5

— 0. ]
€
Example 4.2 (Common estimators). The sample mean X is unbiased and consistent for
§ = E[X] (by the law of large numbers). Two useful special cases are X = 14, where X
estimates P(A), and X = 1;y<,;, where X estimates the CDF value Fy(y). The sample
variance S? is unbiased and consistent for 02 = Var(X), and the sample covariance is unbiased
and consistent for Cov(Y7,Y2).

Example 4.3 (Poisson())). Two natural unbiased (and consistent) estimators of A are the
sample mean X and the sample variance S2. To compare them, look at their variances (hence
MSEs, since they are unbiased):

Var(X) = %, Var(S2) = % <IE[(X MY - E[(X - )\)Q]QZ:i’> _ % <1 +2)‘nil> |

This one needs tedious calculation so the steps are omitted. The asymptotic relative efficiency
of X to S2 is therefore 1+ 2\ > 1, so X is strictly better.

4.2 Constructing Estimators

We first present constructive principles for deriving estimators from model structure.
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4.2.1 Method of Moments

Definition 4.5 (Method of moments). Let Xi,..., X,, ~ f(z | 61,...,0k). The classical method
of moments (MoM) estimates (61, ...,0;) by matching the first k£ population moments to the
corresponding sample moments:

1< 1<
m1(91,...,0k)éE[X]%EZXi, e mk(ﬁl,...,ﬁk)éE[Xk]%gZXf.
i=1 i=1

This yields k equations, which are then solved for the & unknown parameters.

Example 4.4 (Normal A (u,0?)).
_ 1<
EX]=p=X EXY =p+02==-) X2
[X]=pn=X, (X =+ o n; ;

Thus

_ 1 & _ 1 & _
=X 2= X?-X?="2 X, — X)2.

Example 4.5 (Binomial(k, p)).

_ 1<
EX]=kp=X, E[X%=kp(l—p)+k*p?= EZX?.
i=1

Solving gives

E: (6 Z+?), Z/)\:

g

Remark 4.3 (Remarks on the method of moments). More generally, one can match moments of
functions: choose g; and use E[g;(X)] = m;(8), then match these to + > i1 9i(X;) for 1 <i < k.

n
MoM is simple to construct and compute and requires limited distributional detail. On

the other hand, it may yield estimates outside the parameter space (for example, the % above
need not be an integer), and the choice of moments is somewhat arbitrary. In many regular
parametric families, MoM is typically less efficient than MLE.

Example 4.6 (Method of moments for the lognormal model). Let X = e#+°Z with Z ~ N(0,1)
(i.e., X ~ Lognormal(u, c?)).
A convenient approach is to match moments of the transformed variable In X. Take

gi1(x) =Inz, g2(x) = (lnx)Q.

Since E[In X] = p and E[(In X)?] = p? + o2, the MoM equations
lzn:lnX-:u li(lnX‘)QZMZ—FUz
i s i Z

yield

. 1o . 1o .
Fivo = - 2111)(@ OroM = - Z;(lan‘ — TimoM)
1= 1=

Alternatively, one can match raw moments. Here

mi(u,0%) = E[X] = e 72 my(p, 0%) = B[X?] = 2427,
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Thus the MoM equations
1 n
_ 2 2
X = epto?/2 - Z Xz‘2 2120
i=1

give

This approach may not be numerically stable.

4.2.2 Maximum Likelihood

The mazimum likelihood estimator (MLE) is foundational. Historically, it traces back to Gauss
for estimating parameters in Normal models, and its general form is due to R. A. Fisher. The
guiding intuition is simple: a reasonable estimator chooses the parameter value under which the
observed sample is most likely.

Definition 4.6 (Likelihood). The likelihood L(6 | ) = [[;~, f(z; | #) is a function of the
unknown 6 € O, evaluated at the observed «x.

It equals the joint density/pmf of X at @, but is viewed as a function of 6.

~

Definition 4.7 (Maximum likelihood estimator). The MLE 6(X) = argmaxgeo L(0 | X)
maximizes the likelihood for the random sample X (assume a unique maximizer exists).

In practice, we first compute

0(x) = L(6
(x) = argmax L(6 | x)

~

for observed (deterministic) data x, and then regard 6(X) as the resulting statistic.

Remark 4.4 (Sufficiency and the MLE). If T(X) is sufficient for § and an MLE exists, then
there is an MLE that is a function of T', since log L(6 | ©) = log g(T'(x) | 0) + log h(x).

Computing the MLE In simple models the MLE can be obtained in closed form by solving
the likelihood equations 0L/06; = 0 (equivalently, 0l/06; = 0) and checking that the Hessian
of [ is negative semidefinite at the maximizer. Working with log L is usually easier because it
converts products into sums and often yields a concave objective (many exponential families are
log-concave).

Definition 4.8 (Log-likelihood). (6 | ) = log L(6 | ) is the log-likelihood.
If no closed form exists, one typically uses numerical optimization (Newton’s method,

gradient-based algorithms, etc.). In practice, a MoM estimator often provides a useful initial
value.

Example 4.7 (Normal N (u,c?)).

)nexp [—W} . logL = —nlog(v2ro) — T (@i —p)’

202 202

Lo | @)= (o=

Partial derivatives:

OlogL _ iy(wi—p)  dlogL _ n YL (wi—p)?

ou o2 ’ oo o o3

Setting these to zero gives

Lo 1/2
i=X, a=<z<xi—ﬁ>2) 438,



Example 4.8 (Bernoulli(p)).

n n

L(p| @) = pXi=1 (1 — p)" 2i=1 % JogL = ( xz) logp + (n ~ sz) log(1 —p).
=1 =1

Differentiate: .

—logL— sz ( $z>

i=1
The MLE is p = X.
Example 4.9 (Poisson(\)).

n

, logL = —n\ + (Z:}:J log A — log(x1!-- - zp!).
i=1

e_n’\)\z;{lzlxi
LA lx) = N
N

Differentiate: .

d 1
alOgL —TL—F)\;IBz

The MLE is A = X.
Example 4.10 (MLE for Uniform(0, #)). The log-likelihood is
1 | ) = —nlogf +log1(0 < Xy < Xy < 9).
The indicator is 1 if § > X,y and 0 otherwise, so the MLE is
0 = max(X1,...,Xn) = X(n)-

By contrast, MoM gives 9=2X : note it is possible that some z; > 2X. The two estimators
differ markedly.

Invariance of MLEs (One-to-One Case) Suppose we reparametrize via A = h(#), one-to-
one, with A = h(©)

Example 4.11. Exponential distribution: rate A vs. mean = 1/\.

Theorem 4.1 (Invariance of MLE (Injective h)). If§ is the MLE of 0 and h is one-to-one, then
the MLE of h(6) is h(6).

Example 4.12. For Exponential(\), A = 1/X; thus the MLE of p = 1/X is i = X.

Invariance of MLEs (General Case) When h is not one-to-one (e.g., h(x) = x?), multiple
6 map to the same n = h(0).

Definition 4.9 (Induced likelihood). Define the induced likelihood

L'(n|a)= swp L0 ),
{0:h(8)=n}

and call any maximizer i an MLE of 7.

Theorem 4.2 (Invariance of MLE (General)). If§ is the MLE of 8, then for any h, an MLE of
n="h(0) is h(0).

Proof.

L*(n|x)=sup sup L(O|x)= sup LO|x)=LO|x)=L* (h(é\) | x). O
n {h(®)=n}

Example 4.13. If X is the MLE for 6, then X? is the MLE for 6?%; if 5 is the MLE for the
standard deviation, then &2 is the MLE for the variance.
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Bias—Variance Trade-off: Normal Let Xi,...,X, SN (u,02). Then X and S? are
unbiased for p and o2, while the MLEs are i = X and 62 = ”77152.
Since Var(x2_;) = 2(n — 1) and S? is unbiased,

2 4
MSE(S2) = Var(§%) = ——.
n—1
For 52, by the bias—variance decomposition,
2 4
~2\ ~2 22_(”*1)2 2 Uj _2n—-1 4 20
MSE(c?) =E[(5 U)]—inz Var(S)—i—(n == 0 < —7

Thus trading variance for bias improves MSE. Both S? and 62 are asymptotically unbiased
and consistent; their asymptotic relative efficiency is 1.

Bias—Variance Trade-off: Uniform Suppose Xi,...,X,, ~ Uniform(0, ).
Estimator 1 (MoM): d1(X) = 2X.
Estimator 2 (MLE): d2(X) = max; X;. Compare:

Biasg(d1) = 0, MSEy(d1) = Var(d;) = 4 Var(X) = % : fz = g;.
For dy, it is an order statistic with
n .4 n nh?
fa,(x) = e—nx Lo<z<p, Eldo] = m@, Var(dg) = CEDCESIE
Hence
Biasg(dy) = ——* MSEy(ds) = nt” i 207 A

nrl A2+ 12+ m+Dm+2) 3

Comparison of d; and d» By the CLT,
2X ~ N (0,6%/[3n]),
and from order-statistic theory (Topic 2),
Xn) ~ 0 — 0Exp(1)/n.
Thus:
e d; is unbiased; MSE(d;) = 6%/(3n); consistent (WLLN).

e dy is negatively biased; MSE(ds) = 26%/[(n + 1)(n + 2)]; consistent and asymptotically
unbiased.

e Asymptotically, do is more efficient than dy: the leading error of dy is O(n=2) vs. O(n™1)
for di. MSEs that decrease on the order of n=2 are sometimes called super-efficient; in

contrast, the sample mean’s MSE typically decreases at rate n1.

e Unbiasedness alone can mislead: d3(X) = (n + 1)X(y) is unbiased (E[d3] = ) but

Var(ds) = HLHGQ, so it is not even consistent.
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(b) log f( | 1, 0) (€) Zlog f(x| o)  (d) (Zlogf(x|pa))

4.3 Fisher Information and the Cramér—Rao Bound

Best Unbiased Estimators If an estimator is unbiased, it is correct on average. For unbiased
estimators, minimizing variance is the same as minimizing MSE. Since variance (and MSE)
generally depends on 6, a natural comparison is uniform: if Vary(W;) < Varyg(Ws) for all 0 € ©,
then Wi is uniformly better than Ws.

Definition 4.10 (UMVUE). An unbiased estimator W* is a uniform minimum-variance unbiased
estimator (UMVUE) if it is uniformly better than every other unbiased estimator. UMVUEs do
not always exist.

Example 4.14 (Poisson). If X is a sample from Poisson()\), then both X and S? are unbiased:
Ex[X]=2X,  Ex\[S]=A\

We have shown that Vary(X) < Vary(S?), so S? cannot be UMVUE for ).

Fisher Information: Intuition Finding an UMVUE directly can be difficult because there
may be infinitely many unbiased estimators. For instance, in the Poisson example, any convex
combination

Wa(X) =aX + (1 — a)S?
is unbiased for any a € [0, 1]. Before discussing constructive methods, it is helpful to ask what is
fundamentally achievable with a fixed sample size.

Remark 4.5 (Question). Are we fundamentally limited by finite data, or can we achieve arbitrarily
small variance with samples of fixed size?

A random sample carries information about 6. The natural question is: how much information
can a sample provide? If the amount of information is intrinsically upper bounded, then the
efficiency of any estimator is also limited. Fisher information makes this intuition precise.

Example 4.15 (Normal log-likelihood as a function of p). Consider X ~ N(u,0?). The figure
below shows the log-likelihood log f(X | 1) as a function of u.

Observation

If 6 is the true value = L(6| X) £ f(X | 0) is large

= 0 lies near the peak of 1(6 | X) = log f(X | 0)
0

= %l(ﬂ | X) is close to 0.

Definition 4.11 (Score). The gradient of the log-likelihood is the score:

dlogL(0 | X ol | X
s(0] X) = (;0‘ ): (8; )

The score is the instantaneous slope of the log-likelihood in 6.
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Sensitivity and Information If |s(u | X)| is large, then X is highly informative about u:
the slope of I[(u | X) w.r.t. p is large, indicating high sensitivity of the likelihood to changes in p.

(a) log f(x | pu, o) (b) s(u|X):%logf(x|/,L,a)
1T 4 T T T
92| 2 T=2 A
3 0 T =0 s
= —
41 21 i
_5 _4 | | |
—4 -2 0 2 4
T
Figure 4: Normal with variance 1.
(a) log f(z | p, o) (b) s(u | X) = £ log f(z | p,0)
_1F T T T n 4 T T T

Figure 5: Normal with variance 4.

Definition To quantify information, consider

. 0
Var,« (s(,u | X)) = Varx v (ur,02) (aul(,u | X)

u=u*>

A larger variance means the score is often large in magnitude, i.e., more information.

Definition 4.12 (Fisher information). The Fisher information is

Z(9) £ Varg (s(6 | X)) = Vary (889 A X)>

Assume f is differentiable in # and differentiation and integration can be interchanged:

/60 dx—ae/fzxw

Ba[s(0 1 X)) = o | 55001 )] = [ ZETELD o ) o

Hence
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Under the true 6, its mean is zero. But sample to sample the score fluctuates; its variance is
larger when the likelihood is more sensitive to 6.
Information is expected sensitivity of the log-likelihood at 6.

Proposition 4.3 (Alternative expression of Fisher information I).

(50 log f(X | 0))1 / (;0 log f(x | 0)>2f(g; | 0)da

Assume further that f is twice differentiable in # and we may again interchange operations:

9?2 0?2
[ spttal o= [ sl 6)de =

52 Of(x]0)]  uflx]0) [0 ’
392l(9| T) = o0 [ 0($|0) ] o éif(x|9) <3¢91 gf(:L‘]G)) .

Z(0) = Eg

Also,

Proposition 4.4 (Alternative expression of Fisher information II).

2
200) = ~8a | 35101 )] = - [ 21080 10110z | 0)ac

This second form is often the most convenient in calculations.

Interpretation

700) =~y | 751601 %)|.

The quantity —aa—;l(G | X) is the curvature of the log-likelihood at 6. Higher expected curvature
means more information about 6.

Fisher information at a parameter value 6 measures how sharply the likelihood moves when
you nudge 6. A sharper (more curved) log-likelihood means you can localize § more tightly from
the same data.

Remarks—Random Sample For a sample X = (X1,...,X,,), define

2 2
T,.(6) = Vary (s(6 | X)) = B [( 5©1%) ] — 5y | 52101 3]

With i.i.d. data, L,(0 | X) = H?zl f(X;|0)and (0] X) = 2?21 (0] X;), so
Remark 4.6.

Eq [s(0 | X)] = E9[8l9|X:| ZEQ[ Q\X)} 0, Z,(0) = nZ(h).

Example 4.16 (N (i, 0?), unknown 6 = u, known o).

0?2 1 1 n
—aTﬂlogf(w w=— = Iw=— Inluw=_5

Example 4.17 (N (u,0?), unknown 6 = o, known p).

0? 1 -
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Example 4.18 (N (i, 0?), unknown 6 = o2, known p).

0? B 1 (x —p)?
_3(02)2 log f(x | 02) - _2(02)2 + (c2)3

Fisher Information can be extended to vector parameters.

Definition 4.13 (Fisher information (matrix form)). For 8 € R”,

(2101%)) (gro1x))

where the Hessian 88—022[(9 | X) = [80 o7, 1(6] X)} c RFxk,

7(0) = Eo

= —Eq [88;21(9 | X)] ;

Cramér—Rao Bound We now return to point estimators.

Fisher information characterizes how informative the sample is.

With finite information, we cannot estimate arbitrarily well: the variance of any estimator
must be lower bounded by a function of the information. This heuristic is formalized by the
Cramér—Rao inequality.

Figure 6: C. R. Rao (1920-2023), a student of R. A. Fisher.

Derivation via Cauchy—Schwarz The Fisher information is the variance of the score at the
true 6:
Z(6) = Varg (s(6 | X)).

If we know Covyg (5, s(0 | X)), then Cauchy—Schwarz yields

Proposition 4.5 (Cauchy—Schwarz inequality).
(Covg(8, (0 | X)))* < Vary(8) Vary(s(8 | X)) = Varg(8)nZ(0).

At first glance this is unhelpful because the covariance may depend on 0. However, if

A~

m(0) = Egy[f], then (after justifying interchange of differentiation and integration)
Cove (5, s(0 | X)) =, [53(9 | X)}
/9 3””“3 flz | 0)dz

/9 50 flx|0)de = — /9 f(z | 0)dz = m'(9).
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Theorem 4.3 (Cramér-Rao inequality). Let 0(X) be any estimator with m(6) = Eq[0] and

~

Varg(0) < oo. Under the assumption that

m'(0) = /a(:n)gef(aﬂ@)daz, and  Vargf < oo,

we have
N m/ 2
vt > 220)

for all 6.

Unbiased Case For an unbiased estimator T'(X), we have m/(6) = 1; hence, under suitable
conditions,

Corollary 4.1 (Cramér—Rao inequality for unbiased estimators).

Varg (T(X)) > for all 6.

— nZ(0)

Remarks Cramér and Rao developed the inequality independently in the 1940s.

As Z(60) increases, the lower bound on variance decreases; thus it is also called the information
bound.

(nI(G))_1 is the Cramér—Rao lower bound (CRLB): no unbiased estimator based on n i.i.d.
observations can have variance below it (under the regularity conditions).

Corollary 4.2 (Implication). If an unbiased estimator attains the CRLB, then it is the UMV UE.
Example 4.19 (Bernoulli(p)). Bernoulli(p). Since

62 X l—x "
gprleef@lp) =5 - W =a— 5

p
For § = X, E[X] = p and Var(X) = p(1 — p)/n, so X attains the CRLB and is UMVUE.

Example 4.20 (Poisson()\)). Poisson(A). With log f(z | A\) = —A 4+ zlog A — log z!,

Thus, for any unbiased W, Vary(W) > A/n. Since Var(X) = A/n, X is UMVUE.

Example 4.21 (Normal N (u,0?)). Normal N (u,c?).

For p1, CRLB is 02?/n; X attains it and is UMVUE.

For o2, with known p, CRLB is 20%/n and 2 37 | (X; — p)? is UMVUE.

With unknown u, Var(S?) = 204/(n — 1); the CRLB is not attained in this case.
Attainment of the CRLB From the proof, equality in Cauchy—Schwarz (for unbiased 5)

occurs iff R
0=0+a(0)s(0] X),

with nonrandom a(6). In the normal example for o2 (with known p),

no i (X —p)?
S X) = gt E

When p is unknown, no unbiased estimator can be written in the required linear form, so the
CRLB cannot be attained.
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When the Inequality Fails: Uniform If X is a sample from Uniform(0, ), then

Eg [((%logf(X | 9))1 = %-

This suggests the CRLB Varg(W) > 62 /n for any unbiased W. Yet we saw that E[do(X)] = 79,
s0 0 = 2+l 4y (X)) is unbiased with

R 1)2 2 2
Vary(d) = (n+1) nf 0

92
2 it i) =

The issue is that the support of f depends on #, so the required interchange of integration and
differentiation fails.
4.4 Sufficiency, Completeness, and Unbiased Estimators

We now combine sufficiency and completeness to characterize optimal unbiased estimators.

4.4.1 Sufficiency

Using Sufficient Statistics to Improve Estimators Let I estimate 7(0) and let T be a
sufficient statistic for 6. The statistic ¢(T) £ E[W | T] is called the Rao-Blackwell estimator of
7(0).

Theorem 4.4 (Rao-Blackwell). If W is unbiased for 7(0), then
Eolo(T)] =7(0),  Varg(¢(T)) < Varg(W).
Proof. Unbiasedness follows from the tower property:
Eg[¢(T)] = Eg [E(W | T)] = Eg[W] = 7(0).
For variance,

Varg(W) = Varg (E(W | T'))+Eg[ Var(W | T)| = Varg (¢(T))+Eq [ Var(W | T')] > Varg (¢(T)).
O

Why Sufficiency Is Needed For any statistic Y, one may consider E[W | Y], which remains
unbiased and has no larger variance than W. Does this always improve an estimator? Not
necessarily: with X7, Xy N N(9,1), X = (X1 + X2)/2 is sufficient, but ¢'(X;) == E[X | X1] =
(X1 4+ 0)/2 is not a statistic (it depends on ). Sufficiency ensures E[IW | T'] is indeed a statistic
(it is free of 6 given T').

4.4.2 Completeness
Completeness and UMVUE

Theorem 4.5 (Lehmann-Scheffé). If T' is complete and sufficient for 6, then for any statistic
o(T), the estimator ¢(T) is UMVUE for Eo[¢(T)].

Proof. Let W be any unbiased estimator of Eg[¢(T)]. Then g(T') := ¢(T) — E[W | T] satisfies
Eg[g(T)] = 0. Completeness implies g(T') = 0 a.s., hence ¢(T") = E[W | T|. By Rao—Blackwell,
Varg(¢(T')) < Varg(W) for all unbiased W, so ¢(T') is UMVUE. O
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Uniqueness of the Best Unbiased Estimator
Theorem 4.6. If a UMVUE ezxists, it is unique.

Proof. Suppose Wi and Wy are both UMVUESs and set W* = (W1 +W5)/2. By Cauchy—Schwarz,

1 1 1
Varg(W*) < 1 Varg(W7) + 1 Varg(W2) + 5\/Var9(W1) Varg(Ws) = Varg(Wh).

Strict inequality would contradict the optimality of W7, so equality holds and thus W; =
a(0)Wy + b(0) with a(f) = 1 and b(f) = 0 by unbiasedness, i.e., W; = Wa. O

Example—Direct Application of L-S Finding UMVUEs is straightforward when a complete
sufficient statistic is available.

Remark 4.7 (Method 1). Find a function ¢ such that E[¢(T)] = 6, where T' is complete and

sufficient.

Example 4.22 (Bernoulli sample variance). Bernoulli sample variance. For X; ~ Bernoulli(p),
X is complete and sufficient. Since Xi2 = X;

1 - _ no - _
2 2 2 X X
S n_1<z g n ) n—1 ( )’

=1

which is unbiased for p(1 — p); hence S? is the UMVUE.

When CRLB Is Unattainable or Inapplicable

Example 4.23 (N (u,0?) with unknown 1)- S?% is UMVUE for o2 because it is unbiased and a
function of the complete sufficient pair (X, S?).

Example 4.24 (Uniform(0,6)). Let Y = X(,). The CRLB conditions fail here, but Y is
complete and sufficient and ”T'HY is unbiased, hence UMVUE.

Uniform(0,0): General Target If § = () with differentiable g, recall
fX(n) (l‘) = ne_nmn_l]logxgg.

If h(X(y)) is unbiased for 0, then

0
0"g(0) = n/o h(x)z""'dz (6 > 0).

Differentiating,

— n n— 1
nf" " 1g(0) +60"g' (0) = nh(0)0" " = h(X(n)) = 9(X(m) + EX(n)g,(X(n))a

which is therefore UMVUE.
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Example—The Conditioning Method We now present a second method to find UMVUEs
by conditioning.
Remark 4.8 (Method 2). Find any unbiased estimator W; then E[W | T] is UMVUE (for
complete sufficient T').

This works routinely in minimal full-rank exponential families, though E[W | T] may not

have a closed form.
Example 4.25 (Conditioning method for Binomial(k,#)). Consider Binomial(k,#) and the

target
7(0) =Po(X = 1) = ko(1 — 0)F".
., Xy beiid. samples; then T'= " ;| X; ~ Binomial(kn, #) is complete and sufficient.

Let Xl, ..
Find an unbiased W: take h(X1) = 1x,=1 so that Eg[h(X1)] = k(1 — )1
Compute ¢(T) = E [h(X1) | T], i.e., the conditional probability of X; =1 given 7. Condi-

tioning on T' = t,
Pg(Xl = 1)P9 (2?22 X, =t— 1) _
M

P(X,=1|T=1)= By (50, X = 1)

o(t) =

which does not depend on 6 (by sufficiency). Therefore ¢(7") is the UMVUE.
., X, be iid. from an un-

A Nonparametric Example—Empirical CDF Let Xj,
known CDF F. For fixed t, the empirical CDF F,(t) = 13" | 1x,< satisfies nF,(t) ~
Binomial(n, F'(t)), so Fy,(t) is unbiased for F'(t) with MSE = F(t)(1 — F(t))/n. Hence U(X) =
1 — F,(t) is unbiased for § =1 — F'(t) with the same MSE.

When © is the set of all distributions with a density, the vector of order statistics is complete
and sufficient; in this setting the empirical CDF is sufficient and complete, so U(X) is UMVUE

for 6, and F,, is UMVUE for F'.

1072
3
i ——mse of T'
RN ----mse of U
2 ,’I \‘\\ -
& III \\\\‘\\~~
= ’l’ el
1} ! |
0 ! ]
0 2 4 6 8 10
0

Figure 7: Cover illustration of Jun Shao’s book.

Using Model Structure to Improve Nonparametric Estimators If we know F' is

Exp(1/6), then X is complete and sufficient for 6 (hence for e=*/¢ = 1 — F(t)). By Lehmann-
E[U(X) | X] is unbiased and is UMVUE, improving the MSE relative to U(X)

Scheffé, T(X) =
in this parametric submodel.
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Summary (UMVUE Toolkit)

1. Check whether an estimator attains the CRLB (often not constructive, but useful for
benchmarking).

2. Solve directly for ¢ with E[¢(T")] = 0 using a complete sufficient T' (algebraic tricks may
help).

3. Condition any unbiased estimator on a complete sufficient 7' (choose W to simplify the
conditional expectation).

Reading Materials Same level

Robert W. Keener, Theoretical Statistics, Chapter 4 (see §4.5 for another introduction to
Fisher information).

Casella and Berger, Statistical Inference, Chapter 7. Advanced

Jun Shao, Mathematical Statistics, §§2.3, 2.4.1, 3.1 (see §3.1.2 for the case where a complete
sufficient statistic is not available).
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5 Hypothesis Testing

What is a hypothesis? A hypothesis is a scientific claim. For example, “smoking damages
health” or “the coin is not fair.” A statistical hypothesis is a mathematically precise version of
such a claim. For instance, one may posit two life-expectancy distributions F' (non-smokers)
and G (smokers) with up — pug > 0, or a Bernoulli head probability p for the coin with p # 0.5.

A scientific claim becomes statistical when we specify a model that could, in principle, have
generated our data. The move from “smoking damages health” to a statement about distributions
F and G introduces two crucial ingredients: (i) a probabilistic description of variability (people
live different lengths of time even under the same conditions), and (ii) a numerical consequence
that can be checked (a positive mean difference). This translation from words to math is what
makes a hypothesis testable.

Definition 5.1 (Statistical hypothesis). A statistical hypothesis is a hypothesis that is testable
on the basis of a sample of data.

Remark 5.1. “Testable” means that the hypothesis makes predictions about the distribution
of observable quantities. If repeated sampling from the postulated model would frequently
contradict what we actually see, the hypothesis can be rejected. This is akin to Popper’s notion
of falsifiability: the hypothesis exposes itself to potential refutation by specifying what would
count as incompatible data.

Null and Alternative Hypotheses In hypothesis testing, we ask whether there is sufficient
statistical evidence to reject a presumed null hypothesis in favor of a conjectured alternative
hypothesis. We observe a random sample X = (Xi,...,X,) as the “evidence.” The null
hypothesis Hy represents a status-quo claim one seeks to challenge (e.g., smoking does not affect
health), while the alternative hypothesis H; represents the claim we suspect (e.g., smoking
affects health).

The roles are asymmetric by design: Hj is given the benefit of the doubt and is rejected only
when the data would be unlikely if Hy were true. This mirrors the legal principle “innocent until
proven guilty.” The test does not prove Hi; rather, it shows that Hy is implausible given the
data.

Definition 5.2 (Generic formulation). For a parametric family indexed by 6, we typically write
Hy: 0 €0 versus Hi: 00O,
where ©p N ©; = () and often ©; = 6.

Remark 5.2. The decomposition © = Oy U ©1 expresses competing pictures of the world. In
many applications ©1 = Of, but sometimes scientific or regulatory constraints lead to a more
nuanced ©1. For instance, testing bioequivalence involves two one-sided alternatives excluding a
region of practical equivalence.

Types of Hypotheses A hypothesis is simple if it specifies a single distribution, e.g.,
Hy:0=09 versus H;:0=0,.

It is composite if it allows multiple distributions, e.g.,
Hy:0€ 0y versus H;:0¢€ 0.

Example 5.1 (One-sided hypotheses). One-sided hypotheses:

Hy:0<0yvs. Hi: 60> 0 or Hy:0>0¢vs. Hi:0 <6,.
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Example 5.2 (Two-sided hypothesis). Two-sided hypothesis:
H0:9:00VS. H1:97é90.

Remark 5.3. Whether a hypothesis is simple or composite has deep consequences. The Neyman-—
Pearson lemma provides exact optimal tests for simple-vs-simple problems. For composite
alternatives, optimality typically requires additional structure (such as a monotone likelihood
ratio), and truly optimal tests may not exist for two-sided problems; one then turns to likelihood-
ratio, unbiasedness, or invariance principles.

Tests and Critical Regions Because the sample X is the only available statistical evidence,
our decision has to be based on X.

Definition 5.3 (Nonrandomized test). A nonrandomized test of Hy versus H; is specified by a
critical (rejection) region R: reject Hp if X € R and do not reject Hy if X ¢ R.

Equivalently, a test is a statistic p(X) € {0,1} with rejection region R = {x : p(x) = 1}.

A critical region is a rule that partitions all potential datasets into two sets: those that count
as “too surprising under Hy” and those that do not. In practice, we almost always implement R
by thresholding a test statistic (such as a t- or z-statistic), thereby turning complex data into a
single number whose tail behavior is known under Hy.

5.1 Characterizing Tests
Error Types Given a test for Hg versus H; with rejection region R,

do not reject Hy <—= X ¢ R, reject Hy <— X € R.

How can we say that this test is good, i.e., the critical region R is reasonable? We aim to reduce
false decisions:

Decision of the test

State of nature Do not reject Hy Reject Hy

Hj true Correct Type I error
Hyj false Type II error Correct

Remark 5.4. Type I and II errors are also called false positives and false negatives. Which
error is more serious depends on context: in clinical safety studies, a false positive (approving a
harmful drug) is worse; in screening for rare diseases, false negatives may be more consequential.
This asymmetry motivates fixing a small bound on Type I error.

Probabilities of Error Let ¢(X) € {0,1} be the test function and R = {x : p(x) = 1}. If
0 € ©¢ (null is true), the Type I error probability is

a(f) = Eg[p(X)] = Py(X € R).

For simple Hy this is a single number; for composite Hy it is a function over Qy. If § € O,
(alternative is true), the Type II error probability is

1—5(0) =Py(X ¢ R) =1 - Eg[p(X)].

Both errors cannot be minimized simultaneously: shrinking R lowers Type I error but raises
Type II error, and vice versa. For example, if R is the entire sample space, Type II error is 0
but Type I error is 1.

The size of R controls a fundamental trade-off: a wide net catches more true effects (higher
chance to reject under H;) but also hauls in more false alarms (higher chance to reject under
Hjp). Good tests calibrate this trade-off explicitly rather than implicitly.
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Significance Level and Power In the mathematical formulation above, Hy and H; appear
symmetric. In applications they are not: Hy generally represents the status quo, or what someone
would believe about 8 without compelling evidence to the contrary. For this reason, attention is
often focused on tests that have a small chance of falsely rejecting Hy (Type I error).

Definition 5.4 (Significance level / size). The level of significance is the worst-case Type 1
error:

a = sup a(f) = sup Py(X € R).
[ASCH [ZSISN)

In words, the level « is the worst chance of falsely rejecting Hy.

Remark 5.5. In some texts, « is called the size of the test, while the level of the test is any
number > «. Some authors distinguish level-a tests (size < «) from size-a tests (size = «).
In continuous models, the supremum is often attained at a boundary point of ©g; in discrete
models, exact size @ may be impossible without randomization (see below).

Recall that the probability of Type II error is
1—p(0) =1 - Eglp(X)] = Py(p(X) = 0) = Po(X ¢ R).
Definition 5.5 (Power). For 6 € ©1, the power is
B(0) = Eglp(X)] = Py(X € R).

The power is the ability to reject when the alternative hypothesis is correct. It depends on
the specific value of 6; for composite alternatives, it is a family of probabilities {5(0) : € ©1}.

Power typically increases with larger departures from Hy, larger sample sizes n, and lower
noise levels. Thus, beyond the significance of a result lies its detectability: small but real effects
require more data to be found with high probability.

We typically fix «a (e.g., 0.05) and seek tests that are as powerful as possible.

Definition 5.6 (Uniformly more powerful). A test ¢y is uniformly more powerful than @9 if
Eg[p1(X)] > Eglp2(X)] for every 6 € ©5.

Remark 5.6. Pointwise comparisons at a single # can be misleading; uniform dominance across
all 6 € ©1 is a much stronger, and often unattainable, requirement. Existence of uniformly most
powerful (UMP) tests hinges on structural properties of the model (e.g., a monotone likelihood
ratio).

The choice of « is usually somewhat subjective. In some applications, the tolerance for Type
I error is much tighter, e.g. in criminal-justice systems (presumption of innocence).

Power Function The significance level and the power can be summarized into a single function
called the power function, defined as the chance of rejecting Hg as a function of 6 € ©.

Definition 5.7 (Power function). The power function is

Type I error probability, 0 € O,

0) 2 Ey[p(X)] =Py(X € R) =
pe) olp(X)] of ) {1 — (Type II error probability), 6 € ©;.

In particular, 5(6) = a(f) when 6 € ©g, and 1 — §(0) is the Type II error when 6 € ©;. The
size is o = supyeg, A(f), and larger 3(0) for 6 € ©1 indicates a more powerful test.

Remark 5.7. Plotting B(0) gives the classical operating characteristic of a test. For one-sided
tests, the power function is typically increasing with 6 under standard regularity conditions; for
two-sided tests, it often has a valley near 6y and rises symmetrically in either direction.
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Example 5.3 (Binomial power function). Let X ~ Bin(5,6) and test Hy : 8 < 0.5 vs. Hy : 6 >
0.5.

Test 1: R={5} = pB1(0) =Py(X =5) =6,

Test 2: R = {3,4,5} = [a(0) = (2) 03(1 — 0)* + (Z>04(1 —0)+6°.

1 -
— B1(0) 1
07572 (0) |
S ,'
Q e
g 051 K :
0.25 :
0 _—’/’\ |
0 025 05  0.75 1
0

Figure 8: Illustration of two power functions for different rejection regions.

Remark 5.8. At 0 = 0.5, Test 1 has size £1(0.5) = (0.5)° = 1/32 ~ 0.03125, while Test 2 has size
B2(0.5) = P(X > 3;n=>5,p=0.5) = 0.5. Thus Test 2 is far more powerful but violates a typical
« = 0.05 constraint. In discrete problems, an exact level like 0.05 is often unattainable with a
nonrandomized rule; one then either accepts a conservative test (like Test 1) or uses boundary
randomization to calibrate the size (see “Randomized Tests” below).

p-values Consider a family of tests with rejection region R, at significance level a. As «
decreases, R, shrinks, so a fixed observation « will eventually fall outside the rejection region.
The p-value is the smallest level a at which we would reject Hy.

Definition 5.8 (p-value). Given a family of tests with rejection regions R, at level «, the
p-value of an observed sample « is the smallest « such that @ € R,. Under Hy,

Po{p(X) < a} = a.

When a = p(x), the sample x lies on the boundary of R,. Intuitively, p(x) is the probability
of an outcome “as or more extreme than” x under Hj.

The p-value is a calibrated surprise index under Hy: smaller values indicate outcomes that
would have been rarer if Hy were true. It is not the probability that Hy is true, nor the error
rate after seeing the data. Its precise definition depends on what counts as “more extreme,’
which is determined by the alternative (one-sided vs. two-sided) and the chosen test statistic.

9

Example 5.4. In a one-sided z-test for a mean with known variance, the test statistic Z =
(X — po)/(o/y/n) is N(0,1) under Hy. Observing Z = zups yields p = 1 — ®(zops). For a
two-sided alternative one uses p = 2min{®(2zops), 1 — P(20ps) }-

Sufficiency and Tests When a sufficient statistic T" is available, we may restrict our attention
to tests based on 7.
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Theorem 5.1. If T'(X) is sufficient for 0, then for any test ¢ the test (1) = E[p(X) | T| has
the same power function:

Eg[o(X)] =Eg[¢p(T'(X))] for all 6.

Sufficiency ensures we can base tests on 1" without loss of power. This is the testing analogue
of Rao—Blackwellization: conditioning on a sufficient statistic preserves all information about 6.
Any decision rule can be “smoothed” by averaging over the irrelevant parts of the data (those not
captured by T') without changing its operating characteristics. Note, however, that sufficiency
alone does not guarantee better power; it only guarantees no loss when passing from X to 7.

Randomized Tests When we want to achieve a specific level o, we may need to randomize
at the boundary of R.

Definition 5.9 (Randomized test / critical function). A randomized test uses a function
¢ : X — [0,1], where ¢(x) is the probability of rejecting Hy given X = x.

The power is still
B(0) = Py(reject Hy) = Eg [Py(reject Hy | X)] = Eg[e(X)].

A nonrandomized test corresponds to ¢ = 1, and convex combinations of randomized tests are
randomized tests.

In discrete models, probabilities jump in steps, so one cannot always hit a target size exactly
using a simple threshold. Randomization at boundary outcomes “dithers” the decision to achieve
the exact level. In continuous models, ties have probability zero and randomization is rarely
needed.

Example 5.5. Continuing the binomial example with n =5 and testing Hg : 6 < 0.5 at level
a = 0.05, start from R = {5} (size 1/32 ~ 0.03125). Add outcome = = 4 with probability
when it occurs. At 6 = 0.5,

a=P(X=5)+7P(X =4) =3 +74 =005 = y=00532=1_012

Randomizing at x = 4 with probability 0.12 yields an exact level-0.05 test.

Uniformly Most Powerful (UMP) Tests Let C be a class of tests for testing Hy : 0 € ©
versus Hp : 0 € ©F. We aim to find the best test in C.

Definition 5.10 (UMP). Within a class C of tests (e.g., all level-a tests), a test with power
B(+) is uniformly most powerful if

B(9) > B'(9) for all § € O,
for every competitor with power 5'(-) in C.

If C denotes the class of level-a tests, then such a test is called a UMP level-a test. UMP
tests are considered to be the best, but they may not always exist.

Remark 5.9. In the following sections, we will see that the Neyman—Pearson lemma characterizes
UMP tests for simple vs. simple hypotheses as likelihood-ratio tests. For one-sided problems in
one-parameter exponential families with a monotone likelihood ratio, UMP level-a tests exist
and are again likelihood-ratio (threshold) tests. For most two-sided problems, no UMP test
exists; one then uses likelihood-ratio tests for their asymptotic optimality, or restricts attention
to unbiased tests or tests invariant under symmetries of the model.
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5.2 Simple Hypotheses
Simple vs. Simple With Hy:60 =0y and Hy : 6 = 61, a test ¢ has

a=Eglp(X), B =Eq[p(X)]

We consider the constrained maximization problem of maximizing the power 5 among all tests ¢
with significance level at most o = Eg,[¢(X)]. In other words, for a simple alternative, finding a
UMP test amounts to maximizing 8 = Eg, [p(X)] subject to the level constraint.

This is a classical constrained optimization: we want as many rejections under H; as possible
while capping the false rejections under Hy at . Geometrically, we are choosing a region R in
the sample space that has Py, (R) < a but maximizes Py, (R). The optimal region places all
available “Type I error budget” where the likelihood of H; relative to Hy is largest.

Lemma 5.1. Suppose k > 0 and ©* maximizes

B, [o(X)] = kEg, [(X)]

over all test functions, with Eg,[¢*(X)] = a. Then ¢* mazimizes Eg, [o(X)] among all tests
with level at most a.

Proof. For any ¢ with Eg,[¢] < «,
B, [¢] < Eg, ] — kg, [¢] + ka < Eg, [¢*] — kEg, [¢*] + ko = Eq, [¢7]. O

Remark 5.10. We need only consider tests with level/size exactly a: if the constraint is not
tight, we can enlarge the rejection region slightly to increase power while keeping Type I error
< «. The lemma above is a Lagrange-multiplier argument in disguise: k plays the role of the
multiplier that prices Type I error.

Likelihood Ratio Tests (LRT) for Simple vs. Simple To maximize the power, note that

Eg, [0] — kEg, [ f(@|01) — kf(x|00)]p(z)dz

\\

|f(@]01) — kf (2|00) | () da
(:1:‘91 >kf :l:|l9()

—-// £ (]61) — kf (/60 () dz
f(x]01)<kf(x]00)

Clearly, any test ¢* maximizing this expression must have

w@ﬂ:{L f(l6r) > kf (|6o).
0. flelfr) < kf(xl6o).

Equivalently, in terms of the likelihood ratio

we reject for large A(x). The proof for the discrete case follows exactly the same lines.

The integrand is positive precisely where H; explains & much better than Hy. An optimal
rule therefore uses the entire Type I error budget on such points and never wastes it where Hy
fits relatively well. Thresholding the likelihood ratio A(x) implements exactly this idea.

When A(x) = k on a set with positive Hy-probability (typical in discrete models), no
nonrandomized test can hit exact size &. Randomization at the boundary is then necessary to
calibrate the size.
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Definition 5.11 (Likelihood ratio test (simple vs. simple)). A likelihood ratio test has

, AMz) > Fk,
p(x) =q7<€[0,1], Mz)=k,
0, M) < k,

with k,~ chosen to attain level a.

Example 5.6 (Exponential). X ~ Exp(f), fo(z) = e "1,50. Test Hy: 0 =1vs. Hy: 0 =
6, > 1.

Reject for small z: A(z) >k <= z <k = 1056(197_1{@. (When X = £’ the test can take any value
in [0, 1], but the choice will not affect any power calculations since Py(X = k') = 0.) The level is

a=Py (X <k)=1—-¢% = K =—log(l-a).
Thus the level-aa UMP test is: reject if X < —log(1 — «).
Hence, if

1, X <—log(l—a),
Pa(z) =
0, X >—log(1—a),

then ¢, maximizes Ey, [p(X)] over all ¢ with level at most «.

Here larger 6 makes small X more likely (the distribution is stochastically smaller as the
rate increases). The optimal rejection region therefore collects small 2. A pleasant surprise is
that the critical value depends only on «, not on the particular #; > 1: this foreshadows the
UMP result for composite one-sided tests under monotone likelihood ratio.

Remark 5.11. In continuous models such as the exponential, Py, (X = k") = 0, so randomization
at X = k' is immaterial. In discrete models (next example), we must randomize at the boundary
to attain an arbitrary target size.

Example 5.7 (Binomial example). X ~ Bin(2,6). Test Ho: 6 = § vs. Hy : = 2. Under H,
we have

L z=o,

- Qo s [T
JEERCE R

4 Tr = 2.

For o = 0.05, any nonrandomized choice with z = 2 in R yields o > Py, (X = 2) = 1 > 0.05. To
attain a = 0.05 we must randomize at z = 2: set ¢(2) = 1/5, ¢(0) = p(1) = 0.

Previously, when we derived that the likelihood ratio test is optimal, we did not specify
Eg, [¢] = a. As we see from the binomial example, a randomized test is needed to achieve level
« in a typical discrete situation.

Calibrating « here solves a = Py (X =2) - v = %’y, giving v = 0.20. Randomization at the
most extreme outcome allocates just enough probability mass to reach the target size.

Remark 5.12. Operationally, work with the Hy-distribution of A = A(X). Choose k as a
(1 — a)-quantile of A when possible; otherwise, interpolate stochastically by randomizing at the
atom at k.

This construction procedure yielding a level-a LRT is always possible, leading to the existence
of UMP tests in simple-vs-simple problems.
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Algorithm 1 Procedure to find an LRT with level a (simple vs. simple)

1: Compute the likelihood ratio A = A(X') under Hj.

2: Choose k so that Pg (A > k) < a <Py (A > k) (i.e., o is bracketed by the jump at k).

3: If Py, (A = k) > 0, choose 7 € [0, 1] such that Py, (A > k) + vPp, (A = k) = a.

4: Reject when A > k; randomize with probability v when A = k; do not reject when A < k.

Theorem 5.2 (Neyman—Pearson Lemma: Existence). For any « € [0, 1] there ezists a likelihood
ratio test with level o, and any such LRT maximizes power among all tests with level at most c.

Theorem 5.3 (Neyman-Pearson Lemma: Uniqueness). Fiz a. Let @q be a level-ao LRT with
critical value k and B = {x : N(x) # k}. If ¢* also mazimizes power at level o, then ¢* and ¢,
agree on B almost surely.

Remark 5.13. Thus, for simple vs. simple, an optimal test must be an LRT (up to randomization
on a null set). If the measure of B is 0 (usually the case for continuous distributions), then there
is a unique nonrandomized test; otherwise, a randomized test is necessary to achieve the desired
.

Proof. Assume k < oo and let By = {x : A(x) > k} and By = {x : A\(z) < k}.
Let o be the UMP likelihood ratio test. Then Eg, [¢*] = Eg, [@a]. Since ¢, maximizes
Eg, [¢] — kEg, [¢], we have

kE@o [9004] = ka < kE90 [90*] = IEeo [‘P*] = Q.

Hence,
E91 [9004] - k]EGO [9004] = E91 [90*] - kE@o [<,0*]
Recall that

Ep, [p0] — KB, (0] = / L, |/ (]61) — K (x]60) e

Therefore,

[ 1alr(@io) ~ ki@l - o @)de+ [ 1l f(alor) - k(i) (@)dz = 0.

Since the integrands are nonnegative, they must be 0 almost surely. O

The Neyman-Pearson lemma (1933) established the likelihood ratio as the canonical form of
most powerful tests in simple-vs-simple settings. Its influence extends to composite problems
via monotone likelihood ratios and, asymptotically, to likelihood-ratio tests in general models.

Corollary 5.1. If T(X) is sufficient with density g(t | 0;), i = 0,1, then the LRT based on T,

t]é
oT,0(t) = Lzp)>k and possibly randomize at \(t) = k, A(t) = 9(t| 1),
9(t | bo)
18 also UMP among level-a tests.
Proof. Factorization theorem implies that
f(x)0:) = g(T(2)|0:)h(x), i=0,1. O

Sufficiency means 1" captures all information about 8. Replacing the full data by 1" cannot
degrade a likelihood-ratio comparison between Hy and Hj; the optimal rejection region can
therefore be drawn on the T-axis without loss.
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5.3 UMP for One-Sided Tests

Previously, we studied UMP tests for simple hypotheses. The case where Hy and H;y are both
simple is mainly of theoretical interest; when a hypothesis is not simple, it is called composite.
We already saw an example with an exponential distribution (Example 5.6) where a UMP
likelihood-ratio test for a composite H; exists. Unsurprisingly, likelihood-ratio ideas remain
central for composite hypotheses.

Remark 5.14. For composite alternatives, “UMP” is a strong requirement: the test must dominate
all competitors for every 6 in the alternative. This is rarely possible without additional structure;
the key property that rescues one-sided problems is a monotone likelihood ratio.

Composite Hypotheses and MLR Recall that a test ¢* with level « is called uniformly
most powerful if

p7(0) = Bole*] = B(0) = Eglp], VO € O,

for all ¢ with level at most «.

When H; is composite, UMP tests generally only arise when the parameter of interest is
univariate, § € © C R, and the hypotheses are of the form Hy : 8 < 6y versus H; : 6 > 6y, where
O is a fixed constant. In addition, the family of densities needs to have an appropriate structure.

Recall the exponential example (Example 5.6), where UMP exists for composite hypotheses.
We now extend that result to a class of parametric problems in which the likelihood functions
have a special property.

Definition 5.12 (Monotone likelihood ratio (MLR)). A family f(x | 0), § € © C R, has
monotone likelihood ratio in a statistic T'(X) if for 6y > 60, the ratio f(x | 02)/f(x | 61) is
nondecreasing in T'(x) (on the set where at least one density is positive).

Remark 5.15. We assume the distributions are identifiable: Py, # Py, whenever 6; # 6,. Natural
conventions concerning division by zero are used, with the likelihood ratio interpreted as +oo
when f(xz | #2) > 0 and f(x | #1) = 0. On the null set where both densities are zero, the
likelihood ratio is not defined and monotonic dependence on 1" is not required.

MLR says that, as 6 increases, the likelihood shifts monotonically with 7T: larger 1’s
systematically favor larger 6’s. This aligns the direction of evidence so that a single-threshold
rule on T can serve as the most powerful test for every point in the alternative.

Example 5.8 (Exponential family). If
(z]0) (H h(zx;) ) " exp (n(@) Zt(ml)),

with strictly increasing 7(#), then for 6y > 6 the likelihood ratio

;Eﬂ% - ZZEZ?; exp <(n(92) —n(61)) Zt(xﬂ)

i

is increasing in T'= ), t(x;) (hence MLR in T'). Typical examples include binomial, Poisson,
negative binomial, normal (known variance), exponential, gamma, beta, etc.

Example 5.9 (Uniform(0,6)). For 62 > 6y,

flx]62) 07 Lag, <o,

fl@]6) 05 Lo, <o’

which is nondecreasing in x(,) (on the relevant support).
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Theorem 5.4 (UMP for one-sided tests under MLR). Consider Hy : 0 < 0y vs. Hy : 0 > 0y. If
f(x | @) has MLR in T(X), then the test

, T(x) > c,
pi(x) = q7€0,1], T(z)=c,
0, T(x) < ¢,

with ¢,y chosen to have level o, is UMP among level-a tests.

Lemma 5.2. If f(x | 0) has MLR in T and ¢ (T) is nondecreasing, then g(0) = Eq[)(T)] is

nondecreasing in 0.

Proof. Let 61 < 65. Define

A=Az f(x|01) > f(x|62)},  B={x: f(z[0) < f(x[2)},
and let

a=suwy(T(z)), b= infP(T(z)).
xeA xe

Then b > a because of MLR and because 1 is nondecreasing. Now
o(62) ~ 9(62) = [ H(T@)(F(al6) - f(olpr)de
> a [ (f(elhe) ~ flalon)da +b [ (F(alfe) - f(alpr)de
= (b= | (F(alfe) ~ f(alor)de

> 0. O

Proof of Theorem 5.4. Consider simple hypotheses 8 = 6 versus 6 = 61 > 63. By the Neyman—
Pearson lemma, a UMP test for this simple-vs-simple problem is a likelihood-ratio test

1, AMx)>c
o@) =497 A=z)=c
0, Az <ec

Since the family of densities has monotone likelihood ratio, this UMP test can be chosen to
depend on the data only through T'(x); call it ¢*(x) = ¢*(T'(x)). This test does not depend
on the particular 6; > 6y (because T'(X) is a statistic), hence it is UMP for 6 = 6y versus the
composite alternative Hy : 6 > 6.

Moreover, ¢* is nondecreasing in 7', so the lemma above implies that 5(0) = Eg[¢*(T(X))]
is nondecreasing in 6. Therefore, for all § < 6y we have 5(0) < 5(6y) = «, and ¢* is a UMP
level-a test for Hy versus Hi. ]

Remark 5.16. The essence is: MLR aligns evidence so that the same tail of T" is most informative
against Hy for all 6 > 6y. Thresholding 1" therefore simultaneously solves all simple subproblems
Hy vs. 01 > 0y, yielding UMP for the composite alternative.

Corollary 5.2 (Exponential families). If X is in a one-parameter exponential family with strictly
monotone 1(0), then: (i) if n is strictly increasing, the UMP for Hy : 0 < 0y vs. Hy : 6 > 6
rejects for large T'; (ii) if n is strictly decreasing, or for Hy : 6 > 6y vs. Hy : 0 < 0y, the UMP
rejects for small T

The sign of 7/ (#) dictates which tail of T' carries evidence against Hy. “Large-T” and “small-T"
tests are simply mirrors of each other across this sign change.
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Example 5.10 (Normal mean, o known). Test Hy : u < pg. Here T(X) = X and MLR holds.
The UMP is

reject if X > pg + (nonrandomized).

o
ﬁzl—a
Remark 5.17. Under Hy with equality p = po, Z = Xopo N(0,1), so the critical value is the

o/vn
(1 — a)-quantile z;_,. No randomization is needed because the distribution is continuous.

Example 5.11 (Bernoulli p). Hy : p < pg. Take T(X) = >, X; with strictly increasing
n(p) = log (%). A (typically randomized) critical value on T yields a level-a UMP.

Example 5.12 (Poisson 6). Hy : § < 6y. Take T(X) = > . X;, n(f) = log# increasing.
Randomization is typically needed for exact level « in the discrete case.

Example 5.13 (Uniform(0,0)). MLR in X(,). The UMP rejects for large X, with

Cc

6o n
o =Bl =" [ e e =1 ()

s0 ¢ = 0y(1 — a)'/™ (nonrandomized).

For Uniform(0, ), the maximum X, is sufficient and stochastically increases with 6. Ev-
idence against Hy : 0 < 0y accumulates in unusually large maxima, hence a right-tail test on
X(n) is UMP.

5.4 Two-Sided Tests

Now we consider the two-sided hypothesis
Hy:0=00 versus Hj:60#6.

Remark 5.18. Typographical note: in a two-sided problem, the alternative is usually written as
H1 10 7& (90.

Definition 5.13 (Two-sided test). A test ¢ is two-sided if there exist ¢; < t3 such that

)1, T(x) <tyor T(x) > ta,
ww){a:ﬂ@e@h@%

and it is not equivalent to a one-sided test.

A two-sided test flags evidence on both tails of a statistic T": values of T' that are unusually
small or unusually large under Hy constitute evidence against Hy. Symmetry of the rejection
region is often motivated by symmetry in the model (e.g. normal mean with known variance),
but the central message is that departures in either direction are relevant.

Nonexistence of UMP Two-Sided Tests Consider testing Hy : 0 = 0y versus Hy : 0 # 6
for a population with a one-parameter exponential family, i.e., with density

c(0)h(z)e"T@) g e o,

Assume that 7(#) is strictly increasing. Decompose the two-sided alternative into two one-sided
problems: Hy: 0 =60y vs. Hy : 0 > 60y and Hy: 0 = 0y vs. Hy : 8 < 0y. There are two level-a
UMP tests for these one-sided alternatives,

1, T(x)>cy, 1, T(x)<c_,
oi(x) =17, T(x)=cy, and o_(x)=17, T(x)=c_,
0, T(x)<cy, 0, T(x)>c_.
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If 0_ < 60y < 04, then ¢4 has the maximal power at 6, and ¢_ has the maximal power at 6_.
Decomposing further into Hy : 8 = 60y vs. Hy : 0 = 60_ or Hy : = 0, the uniqueness part of the
Neyman—Pearson lemma shows that there cannot be a UMP level-a two-sided test.

Two-sided problems must be powerful in both directions. But the one-sided UMP tests ¢
and (_ point in opposite directions, and each is tailored to a different alternative. A single
test cannot simultaneously dominate both, hence no UMP exists in general. This is why extra
criteria (e.g. unbiasedness) are introduced to select a “best” two-sided test.

Example 5.14 (One-sided vs. two-sided power). Consider three tests for a normal mean (known
variance): Test 1 with rejection region Ry = (—o0, 6y — oz(«)/4/n) and power function ;; Test
2 with rejection region Ro = (6p + oz(a)//n, 00) and power function B2; and the two-sided Test
3 with R3 = Ry U Ry and power function (3.

1 Fm-wls
~g

5 — One-sided Hy : pu > o

% 0.5 --- One-sided Hy : pu < pyo

A~ ---- Two-sided Hi : u # 1o
0 ‘

Figure 9: Illustrative power functions: the two-sided test cannot dominate both one-sided
tests uniformly.

Unbiasedness and UMPU When a UMP test does not exist, we impose reasonable restric-
tions on the class of tests, then find the best one among the restricted class. One such restriction
is that the test should be at least as good as a “silly guess” that rejects Hy with probability «,
independent of the observation.

Definition 5.14 (Unbiased test). A level-a test with power §5(0) is unbiased if 3(0) > « for all
6 € ©; and 5(f) < « for all f € Oy.

When UMP does not exist, one seeks a uniformly most powerful unbiased (UMPU) test. A
UMP test (if it exists) is always unbiased, so UMPU is mainly relevant when UMP fails.

Unbiasedness rules out perverse two-sided tests that, near 6y, have power lower than the
level a. In exponential families, an elegant characterization emerges: among level-a tests, those
whose power curve is flat to first order at 6y (i.e. 3'(6p) = 0) are the UMPU tests.

Theorem 5.5 (UMPU in exponential families (without proof)). Consider Hy : 6 = 6y wvs.
Hy : 0 # 0y in a one-parameter exponential family c¢(0)h(x) exp(n(0)T(x)) with differentiable
strictly increasing n(0) and 0 < n'(6y) < oo. There exists a two-sided level-a test ©* with
B (00) = 0, and any such test is UMPU.

Remarks UMPU tests in normal families (where UMP two-sided does not exist) include
one-sample two-sided z-tests, one-sample two-sided t-tests, two-sided x? tests (with certain
unequal tails), and one- and two-sided two-sample F-tests and two-sample t-tests.

Remark 5.19. In these classical settings, UMPU tests are obtained by LRTs together with
symmetry and unbiasedness. For the t-test, sufficiency and a pivot (the t statistic) deliver exact
finite-sample calibration and the UMPU property.
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5.5 Likelihood Ratio Tests

Previously, we introduced likelihood ratio tests for simple hypotheses. We now consider general
hypotheses, possibly composite.

General LRT (Composite Hypotheses) Let © be the full parameter space and ©y C ©
the null set. The likelthood ratio statistic is
L0
)\(m) _ Supeeeo ( | (I}) ]
supgee L(0 | x)

The denominator is the MLE over © (the maximizer of L(# | ) over ©), and the numerator is
the constrained MLE over ©g. We reject for small A(x).

Definition 5.15 (LRT rule). An LRT rejects for small \(x):
1, Mx)<eg, ..

T) = randomize if A\(x) = ¢).

olz) {07 N S5 andomie it Aw) =0

The LRT compares the best possible fit under the null to the best possible fit overall. If
the null’s best fit is much worse, the data lean away from Hy. In regular problems, LRTs are
natural, often optimal, and enjoy powerful asymptotic guarantees.

Example 5.15 (Normal, variance known). Let X1, X, ..., X, be a random sample from N (6,1).
Consider testing Hy : 0 = 0y versus Hi : 0 # 6.

Az) = (V2m) " exp [—5 2014 (i — 60)*]
(V2m)~mexp [—5 Do, (2 — )]
— exp {_% [Z(mi —00)> = > (i - 55)2} } —exp [~ 2(z — 60)2].

The rejection region {x : A(x) < ¢} for some ¢ € [0, 1] is

{x: |7 — 60| > /—2Tog(c)/n}.

This has the same form as the classical one-sample z-test for a normal mean, with a one-to-one
correspondence between ¢ and «. Similarly, the one-sided tests are also LRTs. Note that the
test depends on the sample only through the sufficient statistic z, and it is a UMPU test.

Remark 5.20. The algebra uses Y (z;—00)% = 3 (2;—2)?+n(z—0)%. Thus —2log A = n(z—0y)?,
which under Hy is x? when o2 is known and scaled appropriately. This aligns the LRT with the
familiar z-test.

Example 5.16 (Shifted exponential). Let X, Xs,..., X,, be a random sample from f(z|f) =
e~ (=0 2> 0. Consider testing Hyp : 0 < 0y versus Hy : 0 > 0.
The likelihood function is

— > xi+nb 6 < —~
—_ e ) > x(l)a _
L(6|X) { 0, 0> 2. =  O=xzq).
So
]-7 x(l) < 00)

A(X) = {

e—n(:v(l)—Oo), Z(1) > 0.

The rejection region is

log(c) .

: > —
{x:z0) >0 -

The test depends on the sample only through the sufficient statistic zj).
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Remark 5.21. Here the minimal order statistic z(q) is sufficient and increases stochastically with
6. The LRT is therefore a simple threshold on z(y), agreeing with the UMP result under MLR.

If T(X) is a sufficient statistic for 6, we can obtain its likelihood function (pdf/pmf)
L*(0|t) = g(t|0), which yields an LRT statistic A*(¢).

Theorem 5.6 (Sufficiency and LRT). If T'(X) is sufficient and X\*(t) and A(x) are the LRT
statistics based on T and X, then

AN (T(x)) = Nx) for every x.
Proof. Apply the factorization theorem:

Ma) = 2P0 L(f|z) _ supe, f(x|0) _ supg, g(T(x)|0)h(x)
supg L(0|x)  supg f(z|0)  supe g(T(x)|0)h(x)

The statistic A*(-) depends on the sample only through 7'(-), as in the previous two examples. [

= X (T()).

Remark 5.22. (Asymptotic calibration — Wilks’ phenomenon.) Under standard regularity
conditions, —2log A\(X )gxz with d = dim(©) — dim(0g). This provides large-sample critical
values for general composite tests without needing the exact finite-sample distribution.

Example 5.17 (Normal, o unknown). Let X1, Xo, ..., X, be a random sample from N (u, o).
Consider testing Hg : o < pg versus Hy : pp > .

SUD ;< 0,020 L(11, o|x) 1, if i < po,
)\(QE) = = L(uoﬁg\w) o~
SUPuer 0220 L(1, 0|2) TG.52w) if 70> po.

Recall that (11,5%) = (X, 21$?) is the MLE of (u,0?). For the constrained problem, using
the method of Lagrange multipliers, the MLE yields (p,53) for 52 = % S (X — po)? when
1t > pg. The rejection region of the LRT is

~{ = <

It has the same form as the classical one-sample t-test,

R= {\/ﬁ();—uo) > tn-1(1 —a)},

using the algebraic identity.

Remark 5.23. Using > (X; — pi0)? = (n — 1)S? + n(X — po)?, one rewrites the ratio in the LRT
as a monotone function of T = /n(X — pg)/S. Hence the LRT is equivalent to the classical
t-test and enjoys UMPU in the one-sided normal-mean problem with unknown variance.

5.6 Sequential Testing

In all previous tests, we have fixed the sample size n in advance. But in many applications (e.g.,
clinical trials), we often observe the data sequentially: we continue to gather samples until a
confident conclusion can be made. This idea goes back to Wald (1945), and is referred to as the
sequential probability ratio test (SPRT).

Wald showed that, for given error probabilities, the SPRT minimizes the expected sample
size among all (possibly sequential) tests—a striking optimality that explains its central role in
quality control, biostatistics, and A/B testing.
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Algorithm 2 SPRT decision rule

Choose thresholds 0 < ¢ < ¢1 < 0.
At time n, compute A, (X,,).
if \,, > c1 then
Reject Hy.
else if \,, < ¢y then
Accept Hy.
else
Continue sampling.
end if

Sequential Probability Ratio Test (SPRT) Instead of a fixed n, observe data sequentially.
For testing

i.id. ii.d.
Hy: X; "< fo versus Hp:X; ~ fi,

define the running likelihood ratio

The running likelihood ratio accumulates evidence multiplicatively. Crossing the upper
boundary indicates strong cumulative evidence for Hi; crossing the lower boundary indicates
evidence for Hp; values in between call for more data. Plotting log A,, turns this into a random
walk with two absorbing barriers.

Thresholds and Error Control The thresholds ¢y and c¢; are chosen to control the Type I
error @ = Py(A,(X,,) > ¢1) and the Type I error 1 — 8 = P1(\,(X,,) < ¢p). Let us express the
two types of error:

L
B> PLOW(X,) > o) = / @) | ()dz = / (@) Lo (z)dz
n(@)>e;r Lo(T) An(@)>e1
> 01/ Lo(x)dx = 1.
)\n(w)zcl
Similarly,
Lo(x)

1—a>Py\(X,) <c) = / Lyi(z)dx = / e MY (x) Lo(x)dae

n(@)<co Ly (93)
2051/ Lyi(z)dz = ;' (1 - B).
n(w)SCO
Now we have
B>ca, and 1—a>cl(1-7).

This implies that

1—
C1§é7 and ¢y > b
a l—«
So we set
B _1-p
cp=—, and c¢o= ,
o 11—«

to guarantee both Type I and Type II errors are controlled at level a and 3, respectively.

75



Remark 5.24 (Conventions vary). Some authors write the error constraints as Py (reject Hy) <
a and Py(accept Hy) < Berr (where Be is the Type II error, not the power). Under that
parameterization, the classical Wald approximations use

1- Berr /Berr
«

1l -«

A= and B =

for the upper and lower likelihood-ratio boundaries. The bounds derived above (8 > cia,
1—a>cy*(1— B)) are one-sided inequalities; equalities hold only approximately, and the final
choice of constants must be aligned with the notation in use.

Expected Stopping Time and Wald’s Identity Let us consider the expectation of the
log-likelihood ratio statistic at a fixed time n:

21 b ZE o P58 = - KLl o),

where KL(f1|fo) = E1 [log f(l)g Xﬂ is the Kullback—Leibler divergence between fi and fy. Simi-

Eq[log An]

larly,
Eollog An] = —n - KL( fol| f1)-
We have one complication: we do not know when the test will stop, i.e.,
T=inf{n >0: A, > ¢y or Ay, <o}
is a (random) stopping time. More importantly, 7 is not independent of \,,.
Luckily, we have Wald’s identity.

Theorem 5.7 (Wald’s identity). Let Y1,Ya,... be i.i.d. with mean p. Let T be a random variable
such that E[T] < co and the event {T =t} is determined by Y1,...,Y; and independent of Y; for

i >t. Then
-
5|3o%
i=1

By Wald’s identity, if Y; are i.i.d. with mean p and E[r] < oo, then Ep[Y ], Y;] = puE[7].

Applying this to Y; = log ﬁgzg, we obtain

= pE[7]

EillogA;] = Eq[7] - KL(f1fo) = Ei[r]= Im’
and
Eollog Az] = —Eo[7] - KL(fol /1) = Eolr] = %

Approximations using the thresholds give

alog(8/a) + (1 = a)log((1 = B)/(1 = a))

Eolr] ~ —KL(foll f1) ’
£ [r] ~ 0108(3/0) + (1= B)log((1 = 9)/(1 — )
' KL(f1] fo) '

Hence, expected sample size grows as errors tighten (smaller a or 1 — /3) or as the models fo, f1
become harder to distinguish (smaller KL). Wald’s SPRT is optimal: it minimizes E[7] among
tests with the same («, ).

KL divergence measures the per-observation information separating fo and fi;. The average
sample number is roughly “boundary height divided by information per step.” When fy and f;
are similar (small KL), evidence accumulates slowly and more data are needed.

Remark 5.25. Under Hy, (Ay)n>1 is a nonnegative martingale with Eg[A,] = 1. Optional stopping
(under suitable integrability) explains why one can bound error probabilities in terms of the
thresholds c¢g, ¢; and why the SPRT is efficient.
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Reading Materials on Sequential Testing

e Keywords to search: sequential testing, always-valid inference, p-value, e-value, Ville’s
inequality, nonnegative martingale.

e Papers:
— Robbins, H. (1970). Statistical methods related to the law of the iterated logarithm.
The Annals of Mathematical Statistics, 41 (5), 1397-1409.

— Shafer, G., Shen, A., Vereshchagin, N., & Vovk, V. (2011). Test martingales, Bayes
factors and p-values.

— Ramdas, A., Ruf, J., Larsson, M., & Koolen, W. M. (2020). Admissible anytime-
valid sequential inference must rely on nonnegative martingales. arXiv preprint

arXiv:2009.03167.

— Johari, R., Koomen, P., Pekelis, L., & Walsh, D. (2022). Always valid inference:
Continuous monitoring of A/B tests. Operations Research, 70(3), 1806-1821.

— Ly, A., Boehm, U., Griilnwald, P., Ramdas, A., & van Ravenzwaaij, D. (2025). A
Tutorial on Safe Anytime-Valid Inference: Practical Maximally Flexible Sampling
Designs for Experiments Based on e-Values.

e A lecture note by Aaditya Ramdas, especially .13, 1.14, L.18: https://www.stat.cnu.
edu/~aramdas/martingales18/

e More specific to adaptive sampling in bandit models:

— Kaufmann, E.; & Koolen, W. M. (2021). Mixture martingales revisited with appli-

cations to sequential tests and confidence intervals. Journal of Machine Learning
Research, 22(246), 1-44.

Reading Materials Same level
e (Casella and Berger, Statistical inference, Chapter 8.
e Lehmann and Romano, Testing statistical hypotheses, Chapter 3.1-3.4, 3.7.
e Keener, Theoretical statistics, Chapter 12.1-12.3, 12.6.
Advanced

e Jun Shao, Mathematical statistics, Chapter 6.1, 6.2, 6.4.1-6.4.3.
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6 Confidence Set

6.1 Introduction

Point estimation summarizes the data by a single number. Confidence sets keep a measure of
uncertainty explicit. The goal is frequentist: under repeated sampling, a (1 — a) confidence set
contains the fixed, unknown parameter with probability at least 1 — «. It does not assign a
posterior probability to 6 (that is Bayesian).

Point estimation typically starts from a statistic (an estimator) for the unknown parameter.
For each realized sample, that statistic returns a single value, so a point estimate by itself
provides little information about accuracy. Confidence sets (especially confidence intervals in
one dimension) address this by producing a random set that is designed to bracket the true
parameter with high probability.

Confidence sets Let 8 € O be a k-vector of unknown parameters of an unknown population
PeP.

Definition 6.1 (Confidence set). Let C(X) C © be a measurable set depending only on the
sample X. If

inf P(@ € C(X))>1—a,

PeP

where o € (0,1) is fixed, then C(X) is called a confidence set for @ with (at least) confidence
level 1 — a.

Remark 6.1 (Terminology). Many authors reserve “significance level” for tests and say a confi-
dence set has confidence level 1 — «. The definition above uses a uniform (worst-case) coverage
over P, which is stronger than pointwise coverage at a single P.

A confidence set is a random element that covers the unknown @ with the stated probability.
The quantity infpep P(0 € C(X)) is called the confidence coefficient of C(X), i.e., the worst-case
coverage probability. This parallels hypothesis testing: confidence level and confidence coefficient
play roles analogous to the test level and size.

Definition 6.2 (Confidence interval). For a real-valued parameter 6, if C(X) = [0(X), (X)),
then C(X) is called a confidence interval for 6. If C(X) = (—o00,0(X)] or C(X) = [6(X), ),
then C'(X) is called an upper (or lower) confidence bound for 6.

A confidence set (or interval) is also called a set (or interval) estimator of 6.

A confidence interval balances two desiderata: coverage (probability to include the true )
and precision (short expected length). Widening the interval trivially improves coverage, but
useful procedures aim for high coverage at the shortest possible lengths.

Example 6.1 (Confidence interval for a normal mean with known o2). Since X is sufficient for
p when o2 is known, it is natural to consider endpoints of the form §(X) and (X). Consider
intervals

(X —¢, X+,

where ¢ > 0 is a constant. Because X ~ N (i, 0% /n), we have

P(ue[X —c, X+c]):P(\X—u|§c):]P<X_“ < \/ﬁc)

YN
:2q><\/ﬁc) —1=1-20 <—\/ﬁc>,

g g

which is independent of p. In particular, choosing ¢ = z,/90/y/n gives a (1 — ) confidence
interval.
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Two cautions are worth keeping in mind. First, we can make the confidence coeflicient
arbitrarily close to 1 by letting ¢ — oo, but the resulting interval may be so wide that it is
practically useless. Second, if o2 is unknown and we still use a fixed-width interval [X — ¢, X + ¢,
then the worst-case coverage over o is 0 (letting 0 — 00), so such a procedure is not suitable for
uniform inference over (u,0?).

Remark 6.2 (Frequentist interpretation). For fixed p and o, the random interval covers p with the
stated probability across repeated samples; after observing data, we do not assign a probability
to the fixed event { € C(X)}. This subtlety often causes confusion.

The example above suggests a standard design principle. First, choose a target confidence
level 1 — v € (0,1) and construct a confidence set with that level. Second, among all confidence
intervals with the desired coverage, prefer those that are more precise. For a two-sided interval
C(X) = [0(X),0(X)], the (random) length is §(X) — §(X). For one-sided bounds, the length
is infinite, so one typically evaluates precision through the distance from the bound to the true
value (e.g., 8(X) — 6 for an upper bound).

Example 6.2 (Normal model with 8 = (i, 02) at a given level 1 — ). In the normal model,
(X, S?) is sufficient for (u,0?), so we focus on confidence sets of the form C(X,S?). Recall the
standard pivots

X —p (n—1)5 v 2
Z=—~N(0,1 W = ~ X L S
O‘/\/ﬁ N( ) )7 0_2 Xn—1s
Choose constants Cq, €1,o, and ca o such that
P(—Co < Z <ép)=V1—a, Pl < W <c2q) =V1—a.

By independence of X and S? (equivalently, of Z and W),

- X — ~ n—1)52
P <—Ca < T\/g < Cq, Cla < (02) < 62706) =1-a, V(M,O'Q).

Geometrically, this produces a rectangular (1 — ) confidence set in (u, o2)-space.

o2

A

NI

Remark 6.3 (Typographical note). In the normal model, the standard facts are

X—MN (n—1)8?
N N(0,1), e

The construction above leverages independence to build a rectangular (1 — ) set in (u, 02)-space.

NX721—17 X uE 52'
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Definition 6.3 (Asymptotic significance level). Let 8 € © be a k-vector of unknown parameters
of an unknown population P € P, and let C,,(X) be a confidence set for 8 constructed from a
sample of size n. If

liminf inf P(6 € C\(X)) > 1—a,

n—oo  PeP

then we call 1 — v an asymptotic significance level (equivalently, asymptotic confidence level) of
Cpn(X). If the limit
lim inf P(0 € C\(X))

n—oo PeP

exists, it is called the limiting confidence coefficient of Cp(X).

Asymptotic guarantees justify approximate intervals built from asymptotically pivotal statis-
tics (via CLT or the delta method). They assure that, for large n, coverage is near the target
uniformly over the model.

Example 6.3 (Uniform(0,0)). For a sample X1,...,X,, from Uniform(0,0), Y = max; X; is
the MLE. Then

1 Y 1 1 1
Py (0 € [aY,bY]) P@(b_ ; _a> peiale
d Y c c\" d\"
Py €Y +c,Y +d]) =Py (1 gy =1 6) (1 0) (1 0)

What is the confidence coefficient and the limiting confidence coefficient for each case?

Remark 6.4. For [aY,bY] (constants independent of 6), the coverage does not depend on 6, so
the confidence coefficient equals (1/a™ — 1/b™). If a = a,, and b = b,, are chosen to make this
equal to 1 — «, then the confidence coefficient is exactly 1 — « for every n. For [Y 4 ¢,Y + d]
(fixed ¢ < d), the infimum over 6 is 0 because, as § — oo, the coverage tends to 0; hence both
the confidence coefficient and the limiting coefficient are 0.

6.2 Construction of Confidence Sets

We next develop constructive methods for deriving confidence sets with controlled coverage.

6.2.1 Pivotal Quantity
A common method for constructing confidence sets is based on pivotal quantities.

Definition 6.4 (Pivotal quantity). A known (Borel) function @ of (X, 8) is called a pivotal
quantity if and only if the distribution of Q(X,0) does not depend on P € P.

A pivotal quantity may depend on P through @, but its distribution is fixed once the model
family is fixed. A pivot is usually not a statistic (because it involves unknown parameters), even
though its distribution is known. In applications, we typically want a pivot that depends on
the data and the target parameter, but not on nuisance parameters; this is different from an
ancillary statistic.

Pivots are “calibrated rulers”: we transform data and the parameter into a quantity with a
fixed reference distribution. Inverting tail probabilities of this fixed law yields confidence sets
with exact (or approximate) coverage.

Given a pivot Q(X, ), choose constants a and b so that

P(a<Q(X,0)<b)>1-a.

Then
C(X)={0cO: a<Q(X,0) <b}

80



is a level 1 — « confidence set.

If Q(X, 0) has a continuous distribution, one can typically choose a and b so that P(a < Q <
b) = 1 — a, giving confidence coefficient 1 — . If @ is discrete, exact equal-tailed choices may be
impossible; coverage is then conservative (at least 1 — a) unless one allows randomization.

Computing C(X) Once Q(X,0) and (a,b) are chosen, we compute C(X) by inverting the
inequality a < Q(X,0) < b for 6 at the observed sample. When @ is real-valued and, for fixed
X, the map 0 — Q(X, ) is monotone, the inversion yields an interval

C(X) = [0(X),0(X)).

If monotonicity fails, the set can become a union of several intervals, which is harder to interpret.
For multivariate 6, inversion can be algebraically complicated and often requires numerical
computation.

Example 6.4 (Location-scale families). Consider a location-scale model where X; = u+ 0Z;
with a known distribution of Z;.
(i) # unknown, o2 known (target 6 = ). Then X — p (equivalently (X — p)/(c/\/n)) is
pivotal, and B ) B

CX)=Ap: a<X—-p<e}=X-c, X-—al

The choice of (c1,c2) is not unique; an often-used choice is the equal-tailed ¢; = —ca.

(ii) 02 unknown, i known (target § = o2 or o). Many functions of the standardized

variables (X; — u1)/o have distributions independent of o; for example, S/o, (X — p)/o, and
[T, ((X; — p)/o) are pivots. For instance,

C(X)={o: a1 < Sjo <} =[5/ca, S/eil,
and similarly,

C(X)={o: a < (X —p)fo <} =[(X —p)/ea, (X —p)/er].

(iii) 0? unknown, y unknown (target § = 02). A useful pivot is S/o; note that quantities
such as (X — p)/o or [[;~,((X; — p)/o) involve the nuisance parameter p and are therefore not
directly useful for a confidence set for o2 alone.

(iv) 6 = (1, 0%) both unknown. Under normality, v/n(X — p)/S has a t distribution and
V(X — p)/o is standard normal; these can be used to build joint (typically unbounded)
confidence sets such as

OX) = {(1.0%) : o1 < (X —p)fo < ca}.

If the model is normal, the blue region below illustrates an unbounded set compared with a

bounded confidence set.




Remark 6.5 (Equal-tailed vs. shortest intervals). Equal-tailed choices (¢; = —¢2) yield symmetric
intervals but may be suboptimal in skewed settings. Shortest (highest-density) intervals place
endpoints at equal density and include the mode (see the theorem on shortest intervals below).

Pivoting the CDF

Lemma 6.1. Let T(X) = (T1(X),...,Ts(X)) be independent statistics. Suppose each T; has a
continuous CDF Fr, g indexed by 6. Then

Q(T,0) =[] Pre(T:(X))
=1

18 a pivotal quantity.

Proof. For each i, the probability integral transform gives U; = Fr, 9(T;(X)) ~ Uniform(0, 1).
Independence of the T; implies the U; are independent, hence @ = [[;_, U; has a distribution
that depends only on s (not on 8). O

A naive choice is T(X) = X; (s=1) or T(X) = X (s =n), but that is usually not ideal,
one typically seeks a low-dimensional and informative T' (often a sufficient statistic).

Corollary 6.1. Suppose 0 and T in the lemma are real-valued, and let a1,a0 > 0 satisfy
a1+ as =a < 1/2. Then the set

CT)={0: a1 <Q(T,0) <1—aa},  Q(T,0) = Fre(T),
has probability 1 — a.

Proof. Because Frg(T) is Uniform(0,1) when Frg is continuous, we have P(ay < Frp(T) <
l—az)=1-a. O

There is no guarantee that C'(7T") is an interval. However, when 6 — F74(t) is monotone for
each fixed ¢, we can invert the inequalities to obtain a (possibly one-sided) confidence interval.

Theorem 6.1 (Inverting a monotone CDF). Assume the setting of Corollary 6.1. Suppose that,
for each t, the map 0 — Frg(t) is monotone.

(a) If Frrp(t) is nonincreasing in 6 for each ¢, define
0 =inf{f: Fro(T—) <1—as}, 0 =sup{f: Froy(T)> a1}
(b) If Frrp(t) is nondecreasing in 6 for each ¢, define

0 =inf{0: Fro(T)> a1}, 0 =sup{0: Fro(T—)<1—as}.

Then [0,0] is a (1 — «) confidence interval.

Proof. In the special case where Fry(t) is continuous and strictly monotone in 6, the set
{0 :a1 < Frgo(T) <1—as} is an interval and the endpoints are obtained by inversion of the two
inequalities; the coverage is 1 — a by Corollary 6.1. The general version (allowing discontinuities
and non-strict monotonicity) uses left limits 7— and is treated in detail in standard references
(e.g., Shao, Theorem 7.1). O
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Illustration
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Remarks This method works even when the CDF Fry(t) is not continuous, and it does not
require strict monotonicity (see Theorem 7.1 of Jun Shao). Moreover, when the parametric
family has a monotone likelihood ratio in 7', the CDF is monotone in #, so CDF inversion
produces valid (1 — «) confidence intervals.

MLR guarantees that larger T favors larger 6 (or the reverse). Thus, inverting CDF
inequalities produces contiguous intervals rather than disjoint unions.

Example 6.5 (Location exponential). If Xi,..., X, is a sample from
flalp) = e 5y,
then Y = min; X; is sufficient for p with density
Ty (ylw) = ne_n(y_u)]lyz;r

The CDF is
Fyu(y)=1—e07m  y>y,

which is strictly decreasing in p. For fixed «, solve the equal-tailed equations

o @
Fy 1y () (y) = 9’ L= Fy ) (y) = 9"
Equivalently,
1 — e ny—nu() = & e ny—ne(y) — &
2’ 2’
SO

po() =y + ~log(l—a/2),  prly) =y -+ log(a/2).

Thus, a (1 — «) confidence interval is
1 1
Y + —log(a/2), Y + —log(1 —a/2)| .
n n

Remark 6.6. Because Y — pu is exponential with rate n, the interval above is exact and has
constant length on the natural log scale, reflecting the memoryless property.
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6.2.2 Inverting Acceptance Regions of Tests

Another popular method of constructing confidence sets uses the duality between confidence
sets and hypothesis tests. The idea is simple: for each point null Hy : 6 = 6y, design a level-a
test; then collect all 6y that are not rejected. The resulting set is a (1 — «) confidence set. Thus,
good tests often generate good confidence intervals.

For a (nonrandomized) test ¢, the set {x : p(x) = 0} is called the acceptance region. (For
randomized tests, one should interpret acceptance in terms of the test function; the inversion
principle still works but the set language becomes less literal.)

Theorem 6.2 (Invert tests to get confidence sets). For each 8y € O, let @g, be a test for
Hy : 0 =6y (versus some Hy) with significance level at most o, and let A(6y) = {x : pg,(x) = 0}
be its acceptance region. For each x, define

C(x)=1{6p: € Ay)}.

Then C(X) is a level 1 — « confidence set for 0. If pp, has size a for every 6y, then C(X) has
confidence coefficient 1 — .

Proof. For any 6y € ©,
]P’go (90 S C(X)) = P@O (X S A(@o)) =1- Ego [QDQO(X)] >1—a.

Taking the infimum over y gives the stated confidence level. If Eg,[pg,] = o for every 6, then
the inequality holds as equality. O

Theorem 6.3 (Invert confidence sets to get tests). Let C(X) be a confidence set for 6 with
confidence coefficient 1 — . Fixz 6y € © and define

A(@()) = {w : 90 S C(CC)}

Then the test (X) = 1 — 1 4(5,)(X) has significance level at most a for testing Ho : 6 = 0y
versus some Hy.

Proof. Under Hy (i.e., under 6 = 6y),
Eg, [o(X)] = Py, (00 ¢ C(X)) < v,
which is exactly the level requirement. O

Three quick remarks: it is often easier to construct a level-a test than a confidence set
directly; in general there is no guarantee that the inverted set is an interval; and tests with good
power properties typically lead to confidence sets with good precision properties.

Example 6.6 (Normal mean with known o). For a sample X1,..., X, from N(u,o?) with
known o, consider testing Hy : p = pg versus Hy @ p # pg. A size-a test rejects when
|Z — po| > 24/20/+/n. Inverting the acceptance region yields

P(X— "2 <o < X+22% |p=po) =1-a. Vo,

Vvn Vn
< ZQ/QO' 3 Za/QO' _
=>PH(X— \/ESMSX‘FW)—l_OZ-

One-sided tests analogously give upper or lower confidence bounds.
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INlustration Suppose A(6y) ={Y : a(fy) <Y < b(hy)} for some real-valued statistic Y (X)
and some nondecreasing functions a(f) and b(#). Then the inverted confidence set C'(X) is an
interval obtained by slicing the acceptance band at Y = y.

Binomial one-sided Let Xj,..., X, be ii.d. Bernoulli(p) and consider testing Hy : p = po
versus Hy : p > po. The sufficient statistic is T = ) ;" | X; ~ Binomial(n,p). The binomial
family has a monotone likelihood ratio in T', so a UMP level-a test rejects for large T' and has
an acceptance region of the form A(pg) = {t: t < m(py)}, where m(pg) is chosen so that

n n

> <Z>Pg(1 —p)"V<a < Y <Z)pg(1 —po)" V.

y=m(po)+1 y=m(po)

As p varies, m(p) is an integer-valued, nondecreasing step function. Given an observed ¢, define

p=inf{p: m(p) > t}.

Then (p,1] is a level 1 — a confidence interval for p. (The confidence coefficient may exceed
1 — «; randomized intervals remedy this, but we omit that discussion here.)

Remark 6.7. Inverting exact binomial tests yields the classical Clopper—Pearson intervals, which
are conservative (coverage > 1 — a). Score or Wilson-type intervals trade small coverage
oscillations for shorter expected length.

Good tests and good confidence intervals The test—CI duality suggests that better tests
should give better confidence intervals. Concretely, let C'(X) be a confidence set constructed
from a UMP test ¢* for Hy : 6 = 6y versus Hy : 6 > 6, and let C'(X) be a competing confidence
set. Define a test ¢'(X) =11if 6y ¢ C'(X) and ¢'(X) = 0 otherwise. Then ¢ has level at most
a. Since ¢* is UMP, for any 6 > 6,

Py (6o ¢ C(X)) = Eolp*] > Eg['] = P (b0 ¢ C'(X)),

which implies that C'(X) has a smaller chance of covering the incorrect value 6y when the true
parameter lies to the right:

Pg(eo € C(X)) < Pg(@o € C,(X))

Better power against 6 > 6, translates (via inversion) into a smaller chance that the CI
contains the false value 6y. This is one mechanism linking test optimality to CI precision.
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Expected length via Fubini In practice we care about the (expected) length of a confidence
interval, and the quantity Pyp(fy € C(X)) may seem indirect. Fubini’s theorem makes the
connection precise. Let § € R and let A(A) denote the length of a set A. Then

%
lmp«xxww—mﬂM=ﬂm[[ namwwmﬂ

. o
= //_ Lo(a) (60) dfo dPy(z)
:/0 Pg(@oGC(X))d@o

0
< / Py (0 € C'(X)) do = Eg[MC'(X) N (o0, 0])].
Remark 6.8. This integral identity formalizes the heuristic: tests with greater power produce Cls

with shorter expected length, at least on one side of #. Similar calculations apply to the upper
tail.

Shortest confidence interval of the form |[a, ]

Definition 6.5 (Unimodal). A function f is unimodal if there exists «* such that f is nonde-
creasing on (—oo, z*] and nonincreasing on [z*, 00).

Theorem 6.4 (Shortest fixed-mass interval under unimodality). Let f be a unimodal pdf with a
mode x*. Suppose a < b satisfy

/bf(x)dazzl—a, f(a) = f(b) >0, a<z*<b.

Then [a,b] has the shortest length among all intervals I such that [, f(x)dz =1 — o

For symmetric densities such as the standard normal and the ¢ distribution, the shortest
fixed-mass interval is the familiar central equal-tailed interval, using &z, /o or £t,_1 o/2-

Among all intervals with fixed mass 1 — o under a unimodal density, the shortest is the
highest-density one: endpoints have equal height and the interval straddles the mode.

Optimizing expected length For a normal population with unknown o, one may use the
pivot T'= (X — pu)/(S/+/n) ~ tp—1. Consider confidence intervals of the form

_ S . S

X—-b—<pu<X—-a—,

va -t t T tA

where a < b are constants chosen so that P(a < T < b) = 1 — a. The interval length is
(b — a)S/+y/n, so minimizing expected length reduces to minimizing b — a under the coverage
constraint. Because the ¢ density is unimodal and symmetric, the minimum is achieved at the
symmetric choice a = —b =1,,_1 o/

6.3 Asymptotic Confidence Sets

Using the MLE to construct confidence intervals The MLE is often a good point
estimator of a parameter 6. To turn it into a confidence interval, two questions are central: is (/9\n
consistent (i.e., 0, > ), and what is the limiting distribution of \/ﬁ(gn —0)?

Suppose \/ﬁ(é\n — 6) = P where the limit law does not depend on 6. Choose c1, ¢2 so that

P<C1S\/ﬁ(§n—9)§62>%1—0¢7
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and invert the inequalities to obtain an approximate CI for 6.

The MLE often behaves like a noisy version of the true parameter with noise ~ N(0,Z(0)~!/n).
A (1—a) Cl is obtained by backing out the set of 6 for which the observed §n is not too surprising
under that approximation.

Assumption 6.1 (Technical conditions for MLE consistency). Assume:

1. Strong identifiability. For every € > 0,

é:|éii1;2€KL(9,9) >0, KL(9,0)=E, [log <;Zg;>} .

2. Uniform LLN. Let Ro(6,0) = £ Y1 log (254 ). Then

sup \Rn(e, §) — KL(9, é)\ L
0

Remark 6.9. Strong identifiability keeps the true 6 separated (in KL) from alternatives; the
uniform LLN lets empirical log-likelihood ratios concentrate around their expectations uniformly
in 6. Together they ensure the population KL maximizer at ¢ is mimicked by the sample
likelihood maximizer 6,,.

Theorem 6.5 (Consistency of the MLE). If Assumption 6.1 holds, then the MLE is consistent.

Consider the log-likelihood ratio R, (0, 0~) Its population version equals —KL(#8, é), which is
uniquely maximized at 6 = ¢. Uniform convergence transfers that maximizer from population to
sample, giving 6,, — 6.

Inconsistency of the MLE The MLE can fail to be consistent if the model is not strongly
identifiable, or if the uniform LLN fails (e.g., the parameter space is too large).

Example 6.7 (Neyman-Scott incidental parameters). Suppose {Y;1,Y; 2 i N(pi, o)} ,.

We want to estimate o2.
lo®, ) = ~nlog® = 2 S (Vs - w)? + (Yo — )
o ,p)= —nlogo 20_2 v i,1 i 2,2 g .

The MLE for p; is j1; = (Y51 + Yi2)/2, and the MLE for o? is

—~ I — N R 1 & o2
5% = o Z[(Yi,l - /~Lz‘)2 + (Yi2 — Mi)Q] ~ in Z(Yi,l - Yi72)2 = o
i=1 i=1

Remark 6.10. This is the classic incidental parameters problem: there are n nuisance means
; with only two observations each. Information about o2 is lost to estimating many nuisance
parameters, and the MLE of 2 is biased and inconsistent.
Limiting distribution of the MLE
Example 6.8 (Bernoulli(p) MLE). The MLE is p,, = X,,. By the CLT,
Pn—p
—n £
p(1—p)

Since the Fisher information for one observation is Z(p) = 1/[p(1 — p)],

V(B — p) = N(0,[Z(p)] ).

= N(0,1).
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Asymptotic normality of MLEs typically follows from a Taylor expansion of the score around
the true parameter and the CLT:

.o~

0=0(0) ~ £(6) + £(6)(6 — 0).

Wald intervals for p can behave poorly near the boundary 0 or 1 (variance estimates degenerate).
Score-based (Wilson) or exact (Clopper-Pearson) intervals have superior coverage in those
regimes.

Limiting distribution of the MLE (counterexample)
Example 6.9 (Uniform(0,6)). The MLE b, = X(n) satisfies

n(6, — 6) = —Exp(1/6),

which is not normal. This is a non-regular problem: regularity conditions fail because the
support depends on 6, and Fisher information is not defined in the usual way.

Remark 6.11. Non-regular problems require different asymptotics (often extreme-value or bound-
ary limit theory). Likelihood-ratio methods still apply but can have non-y? limits.

Assumption 6.2 (Sufficient conditions for asymptotic normality of the MLE). Assume:
1. The parameter dimension d is fixed (does not grow with n).
2. f(z|0) is smooth (thrice differentiable) in 6.
3. Conditions in Cramér—Rao hold.
4. The parameter 0 is identifiable.
5. If & € © C R?, then 0 lies in the interior of ©.
Theorem 6.6 (Limiting distribution of the MLE). Under Assumption 6.2,
V(0 — 0) = N (0,[Z(0)] ).

Remark 6.12. Interior points avoid boundary effects; positive definite Z(8) ensures local curvature
of the log-likelihood. A standard proof uses a mean-value expansion of the score and the
continuous mapping theorem. For a rigorous treatment (under more general conditions), see
Section 9.3 of Keener, Theoretical Statistics.

Asymptotic confidence set Assume (for scalar § € R) that

V8, —8) = N (0,[Z(8)] 7).

Then
V/nZ(0)(6, — 0) = N(0,1),

which is an approximate pivot. Hence,

Py (x/nI(G)]é\n -0 < za/Q) —1—a,

and a (1 — «) asymptotic confidence set is

C(X) = {0 cO: \/nZ(0)|6, — 6| < za/Q}.

This is the population-information version of a Wald set: keep those ¢ at (information-
weighted) distance at most z,/2/+/n from 6.
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Asymptotic confidence interval The set

C(X)= {9 €0: /nZ(0)|6, — 0| < Za/2}

need not be an interval because Z(#) depends on 6. If Z(-) is continuous and bounded away from
0, then by the continuous mapping theorem,

\/Z(0,)/Z(0) B 1.

nZ(,)(6, — 0) = N(0,1),

By Slutsky’s theorem,

which leads to the Wald interval

Za/2 4 Za)2 .
\/nZ(6y) ’ \/nZ(6y)

Wald intervals are not invariant to reparameterization and can misbehave near boundaries or
under skewness. Likelihood-ratio or score-based intervals are often more robust in finite samples.

0, — O,

Observed information Our asymptotic CI uses the expected Fisher information Z(0) =
—Eg[¢" (0] X)]. Since we may expect —¢" (0| X)/n = Z(0), another common choice replaces Z(6,)
by the observed Fisher information:

Raf2 Raf2
— + —— |-
\ —(01X) \ —(01X)

Remark 6.13. Observed information adapts to the local curvature of the realized likelihood and

~

can improve finite-sample behavior relative to using Z(6,,).

0, — O,

Profile confidence interval Can we use the full lik@\lihood shape rather than just curvature
at a point? Taylor expand £(6|X) about 6,, (where ¢/(6,]|X) = 0):

20(0,| X) — 20(0|X) ~ [ —0"(0,| X)(0,, — 9)} 2 :

Under regularity, we expect
20, X) — 20(0|X) = Z% ~ \3.
This motivates the profile likelihood-ratio confidence set

O(X) = {9 €0 200,]X) - 20(0|X) < xia}-

Remark 6.14. (Wilks phenomenon.) Under regularity, —2{¢(0) — €(§)}i>xf (often even in the
presence of nuisance parameters). Profile-LR intervals inherit invariance and typically outperform
Wald intervals in finite samples.
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Profile confidence interval (illustration)

14

(6.1%) -+~

Poisson population Suppose Xj,..., X, are i.i.d. Poisson(#). Then

(0| X) =nXlogl —nd — log (H XZ»!> .

=1

The MLE is 6, = X and the Fisher information (per observation) is Z(6) = 1/6.
Three common large-sample intervals are:

Cl(X):{9>O: V1016, — 6] <za/2}:{0>0: (5n—0)2<z§/2%}

2
~ z
:{9>0: «92—29n9+§,3<“—/29},
n

V/XT /X
C3(X) = {0>0: 200,1X) = 20001X) <30} = {0>0: 0 - X — Xlog(6/X) < ﬁj}

The endpoints of C; and C3 are always positive; the Wald interval Cs can have a negative lower
endpoint when X is close to 0. The LR interval C3 is computed numerically.

CQ(X) _ (X— Za/2 X"‘ 20/2 )’

Remark 6.15. Solving the quadratic inequality in C' yields roots
) 2 Za/ ) 2
0 20 + 25 5/1 + T;,Mwn + 25 5/m
2 9y

so Cp = (#_,0,). In small samples or for X near 0, C3 (profile LR) typically attains better
coverage than the Wald interval Cs.

Higher dimension Under regularity, the MLE is asymptotically normal:
Vn(8, —8) = N (0,[Z(8)] 7).

If we are interested in a scalar functional ¢g(@), the delta method provides the asymptotic
distribution.

Theorem 6.7 (Multivariate delta method). If g : © — R is differentiable at 6, Z(0) is positive
definite, and \/n(0,, — 0) = N(0,[Z(0)]71), then

Vi(9(8,) — 9(0)) = N (0,17(0)),  12(68) = (Vg(6)) Z(8) ' Vy(6).
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Ellipsoidal sets and x? If v, is a consistent estimator of v/(), then an asymptotic CI for

g(0) is
oL Ra/2Vn ~ Ra/2Vn
<9(9n) NG , 9(0n) + NG )

For 0 itself, quadratic forms lead to x? confidence sets.

Theorem 6.8. For' Y ~ N(u,X) with positive definite 3,
(Y =) 'Y — ) ~ x5
Proof. Let ¥ = UAU " be an eigendecomposition. Then Y’ 4 p+UAY2Z with Z ~ N(0,1), so
(Y —p)' SN (Y —p) = Z"ANVPUTWUAUT)WUNZ =27 Z ~ X2, O

Remark 6.16. In practice, a (1 — «) ellipsoidal CI for 0 is

~

{0:n@-9)TO)O-0) < 21w}
Componentwise intervals can be derived by Bonferroni if needed.

Remarks In constructing asymptotic Cls, several approximations are made: the MLE is
treated as asymptotically normal; (Z(6,,))"! is used as a proxy for (Z())~!; and, for ¢(8), g(6,)
is linearized by a Taylor expansion. Under the stated conditions these are valid as n — oo, but
finite-sample accuracy is not guaranteed, so coverage is often checked by simulation.

Poisson coverage (simulation)

Example 6.10 (Poisson(6)). We have y/n(f — 6) — N(0,6). Using the Wald interval

{_Za/Q < \/ﬁ(\ig\_e) < za/?} )

simulated coverages (desired 90% and 95%) are:

Desired 90% Desired 95%
=01 =1 0=5 =01 =1 0=5
n =10 0.63 0.91 0.90 0.63 0.93 0.95
n = 30 0.79 0.89 0.90 0.80 0.93 0.95
n = 100 0.91 0.90 0.90 0.93 0.94 0.95

These are based on Monte Carlo: simulate n i.i.d. Poisson samples, compute the CI, check
coverage, repeat many times, and report the fraction covered.

Remark 6.17. Under-coverage at small 6 reflects skewness and boundary effects. Profile-LR or
variance-stabilizing transforms (e.g. Anscombe’s 2,/ X + 3/8) typically improve coverage.

6.4 Bootstrap

We now move to nonparametric inference, where we treat the data-generating distribution P
itself as unknown (not necessarily indexed by a finite-dimensional #). In this setting, many
targets are naturally expressed as functionals of P.
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Statistical functionals

Definition 6.6 (Statistical functional). A statistical functional is a map 1 that sends a
distribution P to a real number (or vector).

Examples include the mean ¢ (P) = [z dF(x), variance, median, quantiles, and many other
features. In parametric models, a functlonal is snnply ().

Plug-in estimators Given data X, define the empirical CDF F,(t) = 2 3, 1 y,<;. For any

function g,
1
g= dF,(z) = — X
7= [ gla)aFu(e) = - >l

Definition 6.7 (Plug-in estimator). Let P, be the empirical distribution based on X. The
plug-in estimator of ¢(P) is

Plug-in estimator examples

Example 6.11 (Plug-in estimator examples). The sample mean X, the sample variance
LS (Xi — X)?, the sample covariance 2 > (X; — X)(¥; — Y), and 137, g(X;) (estimating
E[g(X)]) are all plug-in estimators. Question: how do we get confidence intervals for functionals
based on plug-in estimators?

What do people do in practice? A common workflow is: find an estimator 12 for 1); estimate
its standard deviation & (the standard error); assume (¢ — 1)/ — N(0,1) (in a nonparametric
setting there is no Fisher information); and then report a (1 — «) CI, e.g. for a = 0.05,

[ — 1.965, ¥ + 1.965].

A rough rule of thumb is “2¢ from the mean = significance.”
The normal approximation may be poor for small n, heavy tails, or skewed functionals (e.g.
g\uantiles). Bootstrap offers a data-driven alternative to approximate variability and quantiles of

0.

Monte Carlo: a naive approach @Zn is a function of X = (X7,..., X,); its variance is itself
a functional on R"- valued distributions. A direct Monte Carlo > approach would: draw n i.i.d.
samples and compute 1/Jn to obtain wn 1; repeat B times to get ¢n Tyens ,Q/Jn,B, and estimate the

variance by
1 & 2
E Z(d}mz - wn)
i=1
But this requires n x B fresh draws from PP, which is infeasible when only one dataset is available.

Definition 6.8 (Bootstrap sample) Suppose X1, -+, Xy is a sample from CDF F. A bootstrap

sample is (Xl, e, X ), where X; are i.i.d. from the empirical distribution
1 n
=D Txise
n -
=1
Equivalently, draw with replacement uniformly from {Xy,..., X,}.
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Bootstrap replicates Consider B bootstrap samples:

(Xl(l), e (1)) — QZ(l)
(‘)(:52)7 . 7X(2 ) — 1/)(2)

(XD, X o 5

Then @ZS), . ,1/}% ) estimate the sampling distribution; the bootstrap SE is their sample SD.

Remark 6.18. The bootstrap approximates £(¢n|F) by (wn\Fn) When F,, — F and wn is
smooth in F', this works remarkably well even for complex functionals.

Failure of bootstrap

Example 6.12 (Uniform(0,0)). Estimate the distribution of n(6 — X)), known to be Exp(6).
The nonparametric bootstrap uses n(X(n) - X (]15; )). Since X (E:l ) equals X(,) with probability
1—(1—-1/n)" ~ 0.63, the bootstrap distribution has a ~ 0.63 point mass at 0, which can be
far from Exp(f) near 0. In such settings, one often prefers a parametric bootstrap if the model
(Uniform) is credible.

Nonparametric bootstrap struggles with statistics driven by sample extremes (max/min)
or by very sparse events. Parametric bootstrap (if the model is trustworthy) or alternative

resampling (e.g. m-out-of-n bootstrap) can help.

Parametric bootstrap If Py is known up to 6, the bootstrap can be made parametric:
estimate @ by 0 from the observed sample, and then resample from IP’A This is useful when the
parametric family is well justified but one cannot collect new samples from the true distribution.

Definition 6.9 (Parametric bootstrap sample). Given Xi,---,X,, a parametric bootstrap

sample is (5(1,--- ,Xm) with X; s P

The rest of the algorithm is as before. Nonparametric bootstrap is useful when the family is
uncertain (model misspecification).

Why does bootstrap work?

Real World Bootstrap World
I=========-"- 1
Unknown distribution : Observed sample 1 Empirical distribution Bootstrap sample
1
! \ \ \
F — X : > I y XM ... xB)
1

__________

known

1
bootstrap esflimation

1
istribution deterrgines y 1 B
T(X) — > V(Pr) ¢— Y(Ppr) &—— T . 7P
Statistic of interest ! Statistical functional of TI Boptstrap plug-in estimator Bootstrap replicates
_______________
want

Two asymptotic regimes matter: B — oo and n — oo. As B — oo, Monte Carlo error
vanishes and we obtain the exact functional of the empirical distribution. As n — oo, the
bootstrap distribution should converge to the true sampling distribution. The theory is involved;
see Efron’s paper and follow-ups: B. Efron, Better Bootstrap Confidence Intervals, JASA, 1984.

93



Bootstrap confidence intervals Two basic constructions are widely used. If é\n is asymptot-
ically normal, then a (1 —a) CI is R
O £ Raf 26717

where 7, is the bootstrap SE. Alternatively, the percentile interval is

(5@/2» 5(1—a/2>> )

where 5(7) is the 7-quantile of the B bootstrap values of @L

Remark 6.19. Other popular choices include the basic bootstrap interval, the studentized
(bootstrap-t) interval, and Efron’s BCa interval which corrects for bias and skewness. These
often have better coverage than the raw percentile method, especially for skewed statistics.

6.5 Bayesian Intervals

Bayes estimation: introduction In Bayesian inference, the parameter @ itself is treated
as random with a prior distribution 7(6). After observing data X, we update to the posterior
m(0] X)) via Bayes’ rule. Bayesian point estimation and interval estimation are both functions of
the posterior.

The Bayes estimator depends on a loss function, and the posterior mean is optimal for
squared-error loss. The Bayesian credible interval (or credible set) is defined by posterior
probability content, in contrast to frequentist coverage under repeated sampling. The key
conceptual difference is that Bayesian statements are conditional on the observed data, while
frequentist coverage is a statement about the procedure across repeated samples.

Bayes estimators If the loss is quadratic, the Bayes estimator is the posterior mean:
OBayes = E(0] X).

Other loss functions give different Bayes estimators; for example, the posterior median is optimal
under absolute-error loss, and the posterior mode is optimal under 0-1 loss (MAP estimation).

Example 6.13 (A toy example). Suppose X ~ Bernoulli(f) and we place a Uniform(0, 1) prior
on 0, i.e., @ ~ Beta(1,1). Then the posterior is

0| X =z ~ Beta(l +z,2 — x),
so for z =1 we have 6| X = 1 ~ Beta(2,1) and the posterior mean is
2
E@|X=1)=-.
3
Bayes estimator—binomial Let X, -, X, be i.i.d. Bernoulli(p) and let Y  X; = y. With
a Beta(a, 8) prior on p, the posterior is
p| X ~ Beta(y + a,n —y + f),
and the posterior mean is

-~ yta n Y a+ o
p a+B+n a+B+n n a+B+n a+pB

Thus the posterior mean is a convex combination of the MLE y/n and the prior mean a/(a+ f3),
with weights depending on n and the prior “sample size” o + .
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Bayes estimator—normal Suppose X1,--- , X, are i.i.d. N(u,0?) with known o2, and place
a normal prior p ~ N(a,b?). Then the posterior is normal with mean

nb? — o?
E(plX) = nb? + 0'2X + nb? + o2 @

. 232 . . . = .
and variance #ﬁwz. Again, the posterior mean shrinks X toward the prior mean a.

Conjugate family

Definition 6.10 (Conjugate family). If the posterior distribution is in the same family as the
prior, then the prior family is called conjugate.

The advantage of conjugacy is analytic tractability: posterior updates reduce to updating a
few hyperparameters. The disadvantage is reduced flexibility: conjugate priors may not reflect
genuine prior beliefs.

Conjugate family—exponential family Suppose the likelihood belongs to a full exponential
family:
f(aln) = exp(n' T(x) — A(n))h(z).

A conjugate prior takes the form

fnlT,no) o exp(n’ 7 — noA(n)),

where 7 and ng are hyperparameters. If Xq,---, Xy are observed, then the posterior is in the
same family with updated parameters:

N
DXt Xy~ fnlr + 30 T(Xa), no + N).

n=1

Bayesian intervals A credible set is defined by posterior probability. A 1 — a credible set
C(X) satisfies
POHeC(X)| X)=1-—aq,

where the probability is under the posterior distribution.

Poisson credible set Let Xi,---, X, beiid. Poisson(\) and Y = )", X;. Take a conjugate
Gamma prior A ~ I'(a,b) (shape a, scale b). Then the posterior is

b
X ~T — .
A <a+y, nb—|—1>

2(nb+1) 9
5 ™ Xay)

Equivalently,

Therefore an equal-tailed (1 — «) credible interval can be written as

b 2 b 2
(AL, Au] = [2(nb+1)x2(a+y)71—o¢/2’ 2(nb+1)x2(“+y)’a/2} ’

where (in the common “upper-tail” notation) X?,ﬁ denotes the value ¢ such that P(y2 > ¢) = 7.
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Bayesian optimality A natural Bayesian analogue of “shortest CI” is to minimize interval
length subject to posterior probability content. One seeks C'(X) such that

/ 2(0]X)d0 =1 —a
C(Xx)

and A(C(X)) is minimized, where A(-) denotes length.

Corollary 6.2. If the posterior density w(0|X) is unimodal, then the shortest 1 — a credible
interval is the highest posterior density (HPD) set:

C(X) = {0+ =(01%) > kY,
where k is chosen so that fw(c9|X)>k (01 X)dd =1 — a.

Remark 6.20. HPD sets are invariant under one-to-one transformations only up to reparame-
terization effects on density; in practice, one should interpret HPD intervals with the chosen
parameterization in mind.

Reading materials
e Casella and Berger, Statistical Inference, Chapter 9.
e Keener, Theoretical Statistics, Chapters 9.1-9.5, 12.4.

e Jun Shao, Mathematical Statistics, Sections 2.4.3, 7.1-7.2.2, 7.3.1-7.3.3.
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7 Regression Models

7.1 Multiple Linear Regression

Introduction Simple linear regression studies the linear association between a single predictor
z and a response Y:
Y; = a+ Bz + ¢, i=1,...,n.

Two complementary tasks follow: Estimation (which line best predicts Y from z?) and Inference
(how uncertain are the estimated slope and intercept?). We shall see that, although the formulas
arise from algebra, the geometry is central: ordinary least squares (OLS) projects the data vector
y=(Y1,...,Y,)T onto the span of the predictors.

What if the relationship is not linear? A linear function of z may miss systematic
curvature. The panel below illustrates data generated from a quadratic relation; a simple linear
fit (dashed) fails to capture the pattern.

1.5 4 .
1) . s
= L L °
05 T -7 (o)
——————— © e °
[ &) o ° ©
O © @ @ © )
-1 —0.5 0 0.5 1
T

Y =a+ Bz +e? No!

Y = By + Brx + Box® +¢.

Conventional explanation: Fit a parabola to data.

“Nonlinear regression” can still be linear in the parameters. Quadratic, interaction, and
spline regressions are all linear models in this sense; only models nonlinear in parameters (e.g.,
Y = az?) are nonlinear least squares unless transformed.

Enlarge the Feature Space A natural remedy is to expand the set of predictors.
augment z with z2:

xry =, T2 = $27

and fit
Y = Bo + Bix1 + Baxa + €,
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or include interactions such as zixs in higher dimensions.

These are still linear models because they are linear in the unknown parameters 3; they
remain solvable by OLS using an expanded design matrix (new columns for x2, x1z2, splines,
etc.). Bottom line: although Y is quadratic in z, it is linear in the unknown parameters.

Feature engineering turns curvature into linearity in coefficients. Practical tips: center x
before adding 2 to reduce collinearity; prefer orthogonal polynomial bases for numerical stability;
beware of wild extrapolation with high-degree polynomials.

- 0.
@ 1, o2 04

(o]

8

More generally, use a non-linear feature map ¢(x) and assume
Y =87 ¢(x) +e.

If ¢(x) = (1,2,2%,...,2%) is the vector of polynomial basis functions, this is polynomial
regression.

Remark 7.1 (Choice of basis and orthogonality). The monomial basis (1,z,...,z%) yields
a Vandermonde design that can be ill-conditioned. A numerically stable alternative is to
work with an orthogonal polynomial basis. If {¢j}?:0 are (approximately) orthonormal, then
XTX is (approximately) diagonal and the OLS coefficients decouple. Orthogonality reduces
multicollinearity and improves numerical stability without changing the model class.

Multiple linear regression Multiple linear regression extends the idea of simple linear
regression to p predictors. With x; = (2;1,...,2;)' and a column of ones for the intercept.

Definition 7.1 (Multiple linear regression model). For i =1,...,n,
Yi = Biza + -+ Bpwip + i

In vector form,

. R
Y=XB+e=|x1 x20 ... X |+,

| 1118,
where Y € R™1, X € R™¥P, 3 € RPX1,

X is the design matriz, Y is the response.

The j-th column of X, x; = z.; € R", is the vector of the j-th predictor.

3 is the unknown parameter; €; is the error for observation 3.

We usually set x;;1 = 1 to include an intercept. Goal: find parameter values that fit the data
best. Think of X as p arrows in R", each being a column vector of the design matrix. Fitting
regression means expressing Y as closely as possible as a linear combination of those p arrows.
More on this geometric interpretation later.
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Examples of the design matrix X Location model: p=1, X = (1,--- ,1)T7 B1 =

Y =p+e.
Two-sample model: p = 2,
T
- 10 ... 0 _ T

One-way (simple) ANOVA, compare the mean of k groups: p =k, X =7 In ANOVA, X
typically uses one-hot (dummy) coding for groups. Include an intercept or use k dummies with
a sum-to-zero constraint, but not both (avoid the “dummy-variable trap”).

Simple linear regression: Y = a + fx + ¢,

X = R /3:(0‘7 )T'

1 z,
Higher-order regression: Y = a + 1z + Box? + &,

2
1 z1 =7

X = ) /8 = (avﬁbBQ)T‘

This is powerful together with the Weierstrass theorem.

Theorem 7.1 (Weierstrass). For any continuous f on a compact interval [a,b] and any € > 0,
there exists a polynomial p with

sup |f(xz) —p(z)| <e.
z€[a,b]

Thus, increasing the degree d allows polynomial regression to approximate the regression
function on [a,b] arbitrarily well in principle. In finite samples, however, higher d increases
variance and can overfit; choose d by model selection or regularization (e.g., cross-validation,
ridge), or use localized bases such as splines when appropriate. Alternatively, we will use kernel
methods later.

Multiplicative error: Y = axfe. Taking logs,

1 logx;
log(Y) = log(a) + Blog(z) +¢, X=|: i |, B=(oga,p) .
1 logz,

After a log transform, inference targets the log-scale mean. If we are modeling additive error with
log-scale mean, predicting the original Y requires bias correction (e.g., multiply by exp(c2/2)
under normal errors on the log scale).

Remark 7.2 (Linear in the parameters vs. nonlinear regression). The phrase “nonlinear regression”
refers to models that are nonlinear in the parameters, e.g.

Y, = ozxf + €.
Such models generally require iterative nonlinear least squares unless a transformation yields
a linear form with an appropriate error structure (e.g., if ¥; = amf e®t with multiplicative
log-normal errors, then logY; = log o + Slog z; + €} is linear in the parameters).
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7.2 Least Squares Estimator
Method of Least Squares Consider
Y =X3+e.

For a candidate B, fitted values Y=X ,6
Residuals r-:(,@) Y-Y=Y-X3.
Estimate 8 by minimizing the residual sum of squares (RSS):

B =argmin||Y — X33
B
(RSS is also called SSE or SSR.)

Least Squares Estimator From

B =argmin||Y — X3|3,
B

differentiate (Y — X3) (Y — X3) w.r.t. B and set to zero:
22X (Y-XB)=0 = X' XB=X'Y.
Proposition 7.1 (Normal equation).
X'xp=Xx"y.

The normal equations encode orthogonality: at the minimizer, the residual vector is orthogonal
to every column of X. No further reduction in RSS is possible by moving in any predictor
direction.

Matrix differentiation Let f(x) = (fi(),..., fm(x))" € R™ for € R, and write
Of &
ox

Theorem 7.2 (Matrix differentiation). If f(x) = Ax with A € R™", then gTJ: =A. If
g(x) = =" Bx with B € R™", then

(2]
oz
Proof. (1) For any direction h € R™,

£ [0fi/0x;] € R™*™ (the Jacobian).

— [(B+BM)z] .

Thus the Jacobian (the linear map h +— D f(x)[h]) is A, independent of x.
(2) Let g(x) = ' Bx. For any h,

g(x +th) = (x+th)'B(x+th)=a"Bx+th'Bx+tx' Bh+t*h'Bh.

Hence
Dy(x)[h] = —g( +th) =h'Bx+2"'Bh=h"(B+ B ).
t=0
By the Riesz representation for directional derivatives, Dg(z)[h] = h'Vg(zx) for all h, so
Vg(x) = (B + BT )x and therefore ga: =[(B+BNx". O

Remark 7.3. Only the symmetric part %(B + BT) affects g(x) and its gradient; if B is symmetric,
Vg(x) = 2Bz, and if B is skew-symmetric, then g(x) = 0 and Vg(x) = 0.
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Solving the normal equation Assume n > p and X has full column rank so X "X is
invertible.
Then the least squares estimator (LSE)

B=X"X)"'X"Y, Y=XB=X(X'X)'XTy.

Remark 7.4 (Collinearity). Collinearity arises when one predictor is (nearly) a linear combination
of others. Then X " X has very small eigenvalues (near singular), making parameter estimates
unstable to small perturbations. Remedies include centering/scaling predictors, dropping
redundant columns, or adding a ridge penalty A||3||3 (which replaces (X" X)~! by (XX +
AI)~1). More on this later.

Least Squares—Computational considerations For a tall design X € R"*P with n > p,
the normal equations X ' X B = X Ty are typically solved by either Cholesky on XX or a QR
factorization of X.

Cholesky (normal equations). Factor X ' X = LLT with L lower triangular; then solve

Lz= X"y (forward substitution), LT3 =z (back substitution).

Computation: forming X " X costs O(np?); Cholesky costs O(%pB’); triangular solves are O(p?).
QR (direct least squares). Compute a (thin) Householder QR, X = QR, with QTQ =TI
and R € RP*P upper triangular; then

R = Qly = B by back substitution.

Computation: QR costs about 2np® — %p3 flops (=~ 2np? when n >> p).

Remark 7.5. Forming X " X squares the condition number (the ratio of the largest to smallest
singular value, the larger the more unstable to inversion). QR (and especially SVD) avoids
this and is more numerically stable, which matters with nearly collinear predictors or large p.
When rank deficiency is suspected, use column-pivoted QR or the SVD to obtain a reliable
(minimum-norm) solution.

Example 7.1 (Simple Linear Regression). Assume Y; = a + Sx; 4+ €; with x not constant so
that S, > 0. Write

n n n

Sew = (2i—2)% Syy=>» Yi-Y)’ Spy=)» (x-0)Yi-Y)

=1 i=1 i=1

Proposition 7.2 (Least Squares Estimators).

95)

_ SeaSyy = Sy

B="2Y A=Y -3z, RSS:;(Yi—a—Bxi)Q .

S$33

B is the sample covariance of (z,Y") divided by the variance of x; it is the slope that makes
residuals uncorrelated with x.

Proof. Let 1 € R™ be the all-ones vector, H £ I,, — 2117 (the centering matrix), and

n

T =Hx = (v;—7),_,, g=Hy=(Y;-Y)_,

Then
& Sy=2'9y, Syyv=|9>=9"9
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OLS minimizes ||y — a1l — fz||?>. Using H1 = 0,
min ||y — a1 — fx* = min || H (y — f)||* = min ||y — Bz||*.

Because minimizing over a just projects onto the span of 1.4
The (scalar) normal equation is &' (§ — &) = 0, so

B\: {i:—r'g _ S:cY
z'x Suz

From the first normal equation 1T(y —al — Bg;) =0 we get @ = Yy _ Bf Finally,

B 3 52,  SuuSyy — S2

RSS = |y —Bal> =y y — 28z Ty + BPa @ = Syy — ¥ = 2V T %y O
S:m? Sxx
%
7
L
@OJ
0.

* Lg: fx + al

-

4
column vector 1

Figure 10: For fixed 3, the minimizer over « is the orthogonal projection of y onto Lg =
{Bx + al}, yielding a(B)1; the remaining vector is H(y — Sx).

Geometric Interpretation Let x; € R" denote the j-th column of X:

|
X=|x1 x2 ... %=

Definition 7.2 (Column space of X). A p-dimensional subspace of R™ spanned by the columns

7 [ m -
€ R"*P,

— x, —

of X:
V3 e RP.

X/3261X1+"'+/8pxp7

Projection view The fitted value ? = X(XTX) !X TY lies in the column space.
Normal equations imply (Y — X3)" X = 0: residuals are orthogonal to the column space.

v

O column vector x;

“See the geometric interpretation below.
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Y = PY is the projection of Y onto the column space, where P 2X(XTX)IxT.
€=QY where Q=1 — P; Y'2=0. Note that PQ = QP = 0.

Remark 7.6. P is symmetric and idempotent (P? = P). Its diagonal entries h;; are the leverages;
%ZZ hi; = %. Large h;; signals high influence potential.

Probabilistic Model Assume
FEzogeneity: Ele;] = 0.
Homoscedasticity: E[e?] = 2.
g; are independent normal random variables. Likelihood:

i (Vi — w?ﬂ)2> oM exp (_ |y - XﬁH%) '

202 202

L(B,0%) < o "exp (—

MLE of 3 coincides with LSE (independent of o?).
Normality turns least squares into maximum likelihood. Even without normality, OLS
remains unbiased and variance-optimal among linear estimators (next theorem).

7.2.1 Gauss-Markov Theorem

Best Linear Unbiased Estimator (BLUE) Assume the fixed-design linear model Y =
X3 + & with rank(X) = p, exogeneity E[e] = 0, and homoskedastic uncorrelated errors
Cov(e) = oI, Let

B=(X"X)"'Xx"Y.

Theorem 7.3 (Gauss—Markov). 1. Unbiasedness.

EB) = (X" X) ' XTE[Y] = (X X)X (XB) = 8.
2. Covariance.

Cov(B) = (X' X)X T Cov(Y) X(XX) ' =c?(X X)L

3. Best linear unbiased estimator (BLUE). For any given a, aT,[/i\ is a linear® unbiased
estimator of 0 = a' B. Moreover, among all linear unbiased estimators b'Y of 0, its
variance is minimal.

Proof of BLUE. Fix a € RP and consider estimating § = a' 3. The OLS plug-in aTﬁ is linear
and unbiased with R
Var(a'B) =o’a’ (X" X) la.

Let b'Y be any linear unbiased estimator of 6; unbiasedness is b' X = a'. Then
Var(b'Y)=02b"b, Var(aTﬁ) =o?a" (X" X) la=0b"Pb,
where the last equality uses @ = X "b. Hence
Var(b'Y) — Var(a'8) = o?b (I - P)b=0b'Qb =0 ||Qb|* > 0,

with equality iff @b = 0, i.e., b € col(X). Solving b = X(XTX) a yields b'Y = aT,@, SO
a' 3 has minimum variance among all linear unbiased estimators (BLUE). O

The Gauss—Markov theorem predates widespread use of normal models in regression. Aitken
later extended it to GLS under correlated/heteroscedastic errors.

®An estimator of the form B = AY + p for some matrix A and vector p.
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Properties of LSE
1. E[Y] = Xp.
2. Cov[Y] = o2P.
3. Cov[e] = o%Q.
4. Cov[Y,&] = 0 since PQ = 0.

Proposition 7.3 (Unbiased estimator of o2).

52 _ P O
n—p n—p

Dividing by n — p (not n) corrects for the p degrees of freedom used to fit 1/}; rank(Q) =n — p.

Proof. Note that € =Y — Y = QY. Since QX =0and Y = X3+ ¢, we have QY = Qe.
Therefore

Y (Vi-Y)=e"e=YTQQY =c"Q Qe =< Qe.

Using the cyclic property tr(AB) = tr(BA),

n

D (Vi = Y)? =tr(e' Qe) = tr(Qee ).

i=1
Taking expectations and using Elee "] = 021,,,

n

> (v - 1;)?

i=1

E = tr (Q ]E[EET]) =2 tr(Q).

To compute tr(Q), recall that @ is symmetric and idempotent, so its eigenvalues are either 0
or 1. Hence tr(Q) equals the number of eigenvalues equal to 1, i.e., tr(Q) = rank(Q). Under the
full-rank assumption rank(X) = p, we have rank(P) = p, so rank(Q) = rank(l — P) = n — p.
Therefore tr(Q) = n — p and

=(n—p)o = E[6%] = o°. O

Generalized Least Squares Suppose € ~ N(0,02%) with positive definite ¥ = AAT known
(Cholesky decomposition). Define Y = A~'Y = A1 X3 + A~'e. Then with X = A~'X and
€ = A le, we have E[€] = 0 and Cov[é] = o1.

New independent variables X = A71 X, new i.i.d. error é = A~ le.

Check:

E[e]
Covl€]

E[A e] = A" 'E[e] = 0,
A7 Cov[e)(A™H T = A7 16?(AATY(A™HT =621
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_. (whitening/decorrelation)

4 , >
G — JF

Elliptical iso-density contours Circular iso-density contours
{e: e'le=c} {z: ||z|*/0? = ¢}

GLS Remarks If ¥ = diag(vi,...,v,), minimizing (Y — XB8)TS1(Y — X3) is weighted
least squares.

In practice X is unknown: one may run OLS, estimate S under structure, then apply GLS
(Cochrane-Orcutt).

If ¥ is not positive definite (only semi-definite), one can use the Gram-Schmidt process
(Schmidt orthonormalization) to find a set of standard normal random variables and the matrix
that transform them to the original error terms.

Think about the geometric interpretation of covariance and use the fact that uncorrelated
means independence for normal random variables.

Read the wikipedia page for Gram-Schmidt process.

Remark 7.7. As an alternative to modeling ¥, heteroscedasticity-robust (Huber-White) standard
errors leave 3 unchanged but adjust its estimated covariance, improving inference under mild
model misspecification.

7.3 Statistical Inference

Distributions under normal errors Assume & ~ N(0,021). Recall that
P=X(X"x)1xT.

Y ~ N(XB,02I).

B= (X X) ' XT(XB+e)~N(B,oA(XTX)).

Y = PY = X8+ Pe ~ N(XS,0%P).

€= QY = Qe ~ N(0,0%Q) and is independent of Y because Cov(f’, €) = 0?PQ = 0.

Since 3 = (XTX)_lXT}A’, B is independent of 52 = €113/ (n — p). (Cf. sample mean is
independent of sample variance for normal data.)

Using a standard lemma (below),

-
9, 9 € Qe 2
(n - p)o’ /G = o2 ~ Xn—p-

Lemma 7.1. Let A be symmetric idempotent (A% = A) with r = tr(A). If X ~ N(0,0%I), then

xXrax
~ Xr-

o2
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7.3.1 Hypothesis test and Confidence Interval

Inference for a single coefficient Using independence of B and o2,

~

Bi — Bi
(XTX);!

~ by

Proposition 7.4 (Hypothesis Test for ;).
Hy H; Test Stat. Level « p-value

B;
(XTX);!

Bi=0 B #0 Reject if |T'S| > tp—p(1 —/2) 2P{T,—, > |T'S|}

The 1 — o« confidence interval for §; is

[@—tn_p(l—a/2)8\/(XTX)i_il, B\i—i—tn_p(l—a/Q)& (XTX)i_il].

Remark 7.8. For any contrast c' 3, replace (X ' X);* by ¢" (X T X)~'c. Testing many coefficients
inflates false positives; adjust for multiplicity or report Cls.

Example 7.2 (Simple Linear Regression (inference)). Y = a + Sz +¢.

Test for 8 under Hy : 5 = Bo:
Smc ’\
\/ 52 (/8 - BO) ~ tp—2.

/\

\% SZ‘I

(1—~)CL

<B—-u12(1—-7/2)

Test for o under Hy : o« = vy

Bttuall—2/2) L >.

Spant
S Sl — th—o.
e

2 2
Zz ‘TZ tn 2 1 _ 7/2 Z’L xz tn—Q(]- _ 7/2)
V Sezn Sgzn

Inference for 3 (global F test) To test Hy: 3 = By vs. Hy : B # (o,

(I—7)CL

B-B0) (XTX)B-B)  =E/p
052 = eTQe/(n o ~ Fyn—p (under Hp).

Reject for large values. The (1 — ) confidence set is the ellipsoid
{B: (8- (X"X)(B-B) <p7° Fypuy(1-a)}.

When p = 1, this F' test reduces to the squared t test. Geometrically, it compares the energy
of the fitted component (PY’) to the residual energy (QY).
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True location of the hyperplane For any xg, let Yy = :BOT,B and }A/O = wS—B Then
Yo — Yo
72 (XTX) g

~ tn—pa

yielding a pointwise (1 — ) confidence band:
P(mgﬁ— w(xg) <z B < m&ﬁ%— w(mo)) =1-a.
A simultaneous band over all x uses Cauchy—Schwarz:
20 B — g B = |ag (X" X) (X X)(B - )P = (X X) w0, (XTX)(B-0))°
< (@ (XTX)'20) ((B- )T (X X)(B - B))
and the latter term leads to Fj, ,—p

(B - Bo) (XTX)(B - Bo)

po2

~ Fpnp

giving

2B -2 B < \JzT(XTX) 'z \/p5? Fpny(l - a).

Example 7.3 (Simple Linear Regression (confidence bands)).

<5§§>F'*@m_xP}

~ RSS [1 —7Z)2
Simultaneous band for the line: @+ fSzg £ 1/2F2,—2(1 —7) - \/M {n + (:C()Sw)] .
- rxr

Note: if T' ~ t,, then T% ~ Fy .

CI for mean at xg : a+5x0:|:tn_2(1—'y/2)-\/ 5
n zT

Remark 7.9. The pointwise interval uses t,_2 at a fixed zg. The Working—Hotelling band is
simultaneous over all z( in the design range, hence wider.

Data
—_ Truth
—_ Estimate
— 95% simultaneous CB
—  95% pointwise CB
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Prediction Interval Confidence bands above are for E[Y] = x'3. For a new response
Y =28+ ¢ at x,

Yo — Yo
5/ 1+ @ (XTX) 1

~ by p.

For simple linear regression:

) — 7)2

Response: a + Bxg £ 1, 2(1 — 0‘/2)\/(:)% [1 + n + (xosx)] ’

Prediction intervals add the irreducible noise variance on top of parameter uncertainty, hence
are wider than intervals for the mean.

7.4 Testing of the Nested Models
Nested Model Test— F-statistic Let

1 z190 - o1
X _ 1 :)::22 :U:2p _ (1,X1), 8= (61"“’61))7.
1 Znz o g
Test Hy : By = --- = 3, = 0 vs. Hy unrestricted. The restricted fit is Y. Define

_ Y =Y/ -1)
F = 12 ~ Lp—1n—p-
Y =Y|3/(n —p)

F compares the reduction in RSS achieved by adding predictors (numerator) to the leftover

RSS (denominator), scaled by degrees of freedom. Equivalently, it tests whether the partial R?
is significantly larger than zero.

Y column épace of 1

Nested Models Hi: full model Y = X3 + €.

Hy: reduced model B3 = b (e.g., set some coefficients to zero). A typical case: Bis (p—q)xp
selecting p — ¢ coeflicients to test against zero.

For example, B is (p — ¢q) X p, b = 0. Test if p — ¢ of the coefficients are zero.

1 0 ... 0 o ... 0
B— 0 1 ... 0 0o ... 0
0 o ... 1 0o ... O

Can we represent the relationship by a simpler model?
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Nested Model Test (geometry) If Hy holds, the restricted column space is a subspace of
the full space.

A
N
A
o y

i}(()) _ XB(O) column ,spac,e of reduced model

O

Define RSS = ||Y — }A’H% under H; and RSSy = || |2 under Hy.

Recall the properties of LSE: RSS/(n — p) is an unbiased estimator of o2, under both

hypotheses. (RSSy — RSS)/(p — q) is an unbiased estimator of o under Hy. More importantly,
they are orthogonall

Pythagoras theorem: || I2=|Y - Y2+ Y — 17(0)”%. Thus under Hy,
(RSSy—RSS)/(p—a) _ Y ~YO3/(p—q)
RSS/(n — p)

~

Ey p—q,n—p>
Y =Y3/(n—p)

and we reject the reduced model for large values.

ANOVA as a nested test ANOVA is a special case:

1 -~ 1.0 -0 --- 0 --- 0 T
o --- 01 -+ 1 -+ 0 --- 0 .
X = oo Lo : : . : ’ 5:('“1"""“’“) )
o --- 00 --- 0 --- 1 --- 1
Hy: pp = --- = pg compares group means.

Y —YOR= ||y —Y |2+ [[YOQ - V|2 = SST = SSB + SSW.
Definition 7.3 (Coefficient of Determination).

TSS — RSS RSS Y
RaZ22 0 2 TSS =Y - Y.

TSS is variability not explained by the mean; RS.S is variability not captured by the model.

When R? ~ 1, the fit is nearly perfect; when R? ~ 0, the model is no better than the sample
mean.

Y

y/\
TSS: deviation from g

[:] RSS: residual from f(z)

<
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Also a F' distribution? No!

\
O Y colurmnn épace of 1

Remark 7.10. Use adjusted R?> =1 — % to compare models with different p, and prefer
out-of-sample measures (cross-validation) for predictive performance.

7.5 Box-Cox

We now examine diagnostic checks and response transformations for improving model adequacy.

7.5.1 Diagnostics

Normality Assumption: &; are normal.

Normal probability plot: plot ®~1((i—0.5)/n) vs. standardized order statistics. Residuals
g; = Y; — Y; should be roughly normal for large n.

/

3 2 -1 0 1 2 3
Quantiles of Standard Normal

Homoscedasticity Assumption: i.i.d. errors.
Plot Y; vs. &; to diagnose non-constant variance or structure.

a) . b) ) d)

<>
-
=<

Remark 7.11. Other useful displays: scale-location plot (absolute residuals versus fitted),
leverage-residual plot, and studentized residuals. Patterns suggest missing nonlinearity or
heteroscedasticity; outliers/leverage point to influential cases.
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7.5.2 Box-Cox

Transformation Often we transform Y before fitting. For Y oc 2" - -a:gp ,

p
log(Y) = Bilog(;) +¢.
=1

Box and Cox (1964) propose a systematic approach.

Remark 7.12. To some extent, Box—Cox transformations can mitigate violations of normality or
homoscedasticity.

Box—Cox Transformation Let

Yr—1
Y()\): )\ ) )‘#Oa

logy, A=0.

Definition 7.4 (Box-Cox model).
YO = XTg+e, " N(0,0?).

Box—Cox requires Y > 0. If responses can be nonpositive, shift by a constant ¢ so that
Y + ¢ > 0 before transforming; report results on the original scale.

MLE for Box—Cox The likelihood is

1 YN - X312\ ~ _
L(A,BaUQ‘XaY):(QW)n/QJneXP<—H H H’Yz’/\ 17
i=1

202

where we used transformation of variables with Jacobian J(\,Y) = [, |[dYN/dY| =
[T, (YA
Remark 7.13 (Profile over \). For fixed A:

~ _ =R 1 ~
B = (XTX)IXTYW, 320 = —ly™ -y W2

Plug in:

" n R n
log L(\) = (A= 1) Y log[¥i] — & loga*(A) — =
=1

and set A\ = arg max, log L(A).

Remark 7.14. Plotting the profile log-likelihood over A with a i% X%,lfa reference yields a CI for
A. If 0 lies in the CI, log is a defensible choice.

7.6 Spline Regression

Nonlinear regression Recall polynomial regression

Y =8"¢x) +e, o(x)=1,z,...,2%.

Theorem 7.4 (Weierstrass Theorem). Any continuous f on [0,1] can be uniformly approximated
by polynomials.

111



Spline regression Polynomials may struggle with spatially varying smoothness.
Splines: piecewise polynomials of degree d with d — 1 continuous derivatives; discontinuities
in higher derivatives occur at knots.

Example 7.4 (Linear Splines). Linear spline with knots 71 < 7o:

Bo + Bz, r <1,
f(x) =1 Bo+ Brz + Ba(x — 1)t n <z <7,
Bo+ Brxz + Ba(x — )T + B3(z — )T, x> .
The basis functions
Bo(z) =1,B1(z) = 2,Ba(z) = (x — )", B3(2) = (z — )"
Example 7.5 (Cubic Splines). Cubic spline with knots 71 < 7:
Bo + Brz + PBaz? + B3a?, x € (—o0, 1],

f(@) =1 Bo+piz+ Box? + Baz® + Ba((x — 1) T)3, x € (11, T2,
Bo + Br1x + Box? + Bsxd + Ba((x — 1) T)2 + Bs((x — 72)T)3, 2 € (12,00).

The basis functions
Bo(x) = 1, By (z) = z, By(z) = 22, B3(z) = 2%, By(z) = ((x — 7)) ")3, Bs(z) = ((x — ) ")>.
Definition 7.5 (Spline regression).
Y =8 B(zx) +e¢.
This is a multiple linear regression in the spline basis. Cubic splines are widely used; later

one may study fully nonparametric methods (e.g., kernel ridge regression).

Remark 7.15. Knot placement controls flexibility. Natural splines enforce linear tails outside
boundary knots. Penalized splines (P-splines) place many knots and shrink curvature via a
roughness penalty, selecting smoothness by cross-validation or information criteria.

7.7 Robust Methods

Influence of observations Cook’s distance for observation i:
@ -9 @ -y (BT -B8)T(XTX)(B) - B)

¢ P52 - P52

Large D; indicates influential points (potential outliers). Robust methods mitigate sensitivity to
heavy tails.

Influence blends leverage (unusual z;, via h;;) and residual size.

P is symmetric and idempotent (P2 = P). Its diagonal entries h; are the leverages;
%ZZ hii = £. Large hy; signals high influence potential. A point with high leverage can strongly
affect B even with a modest residual.

Robust Regression (least absolute deviations) OLS solves

n

BoLs = arg min Z(Y’ - }A/;)Q =argmin||Y — ?H%

i— B
i=1

Quadratic loss over-weights outliers. An alternative is

n
BRobust = argminz Y; = Y| =argmin|Y = Y|,
J< B —) B
which corresponds to a Laplace error model:

p(Y | X,B3,b) = Laplace(Y|X, 3,b) < exp(—[Y — z ' B|/b).
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Linear data with noise and outliers

—6— Least squares

2 —{1- Laplace
(Us
>
—2
—4
—6 - - ; ; >
0 0.2 0.4 0.6 0.8 1
x x

LAD via linear programming Introduce ¢; = sj —¢g; with ef,e7 > 0. Then LAD is

AR )
equivalent to
n

min Z(Ej_—l—é‘;) st. x BHel —e5 =Y, ef >0,
Betem

a linear program (dimension p + 2n).

Huber Regression A smooth compromise between OLS and LAD: use the Huber loss

£2/2, el <6,
= - 7.1
ps(©) {5|5| ~ 622, |e| > 6. (7-1)

Derivative p’
=

Remark 7.16. Huber M-estimation can be fit by iteratively reweighted least squares (IRLS),
downweighting outliers while keeping quadratic efficiency near the center. Choice of § tunes
robustness versus efficiency.

Example 7.6 (Robustness of the sample mean). If X; ~ N(u,0?), X is optimal with Var(X) =
o?/n. Under contamination

i =

{N(/,L,O‘Z), 1_67
f(z), 0,

with mean # and variance 72, then

Var(X) = (1 — 5)(;2 + 7: + 5(1n—5)(0 — ).

Heavy tails (e.g., Cauchy) can make Var(X) infinite.
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Median vs. mean The sample median solves argmin, ) . |z; — a| and is more robust. If 4 is
the population median and f the density at 6,

d 1
X =0) 4 (0. ).

The median is the obtained as the estimator of 81 = € in the robust regression for the
location model p = 1, X = (1,---,1)T, B; = 6. Robust regression is more robust than least
square linear regression.

Trade-off: under normality, the median is less efficient than the mean since 1/[2f(0)]? =
no?/2 > o2

Something in-between (Huber estimator) Minimize ) p(x; — a) with Huber p in (7.1).
Tuning ¢ interpolates between mean-like and median-like behavior; asymptotically normal with
variance depending on §.
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8 Model Selection and Regularization

8.1 Introduction

Model Selection and the Variance-Bias Trade-Off

e In previous topics, we are given a set of data and our goal is to find a model that fits the
data well. (LRT, F statistic, R?, nested model tests, etc.)

e This set of data is usually called the training set, and the error of the model is called the
training error.

e In statistical learning, the more important task is to predict the outcome under a future
scenario beyond the training set.

e To assess a model, people use a test set that is independent of the training dataset, but
that follows the same probability distribution as the training dataset. The error over the
test set is called testing error.

The central tension in model building is between how well a model explains the data we
already have and how reliably it will behave on data we have not yet seen. Good training
performance can be achieved by memorizing the quirks of a particular dataset; generalization
requires identifying the stable structure that will persist for new draws from the same data-
generating process. Throughout this chapter we repeatedly translate that qualitative idea into
quantitative criteria that trade off fit against complexity.

Model Selection and the Variance-Bias Trade-Off To make this more concrete, consider
a regression setting:

Example 8.1 (Regression models).

Y = f(X) +e,

2

where ¢ are i.i.d. with E[¢] = 0 and Var(e) = o7.

e From the data (Y, X)), we obtain a regression fit f

e For a future input point xg, the squared-error loss is

~ ~

Err(ao) = E[(Yo — f(x0))?] = 02 + Bias®(f(x0)) + Var(f(x0)).
The bias—variance decomposition!

For the linear regression model, the OLS regression fit is unbiased. We shall see a new ridge
regressiton that is biased, but will have smaller variance.

The decomposition says: expected prediction error at xg is the noise floor o2 plus two
model-dependent terms. Increasing flexibility (more parameters or richer function classes)
usually reduces bias but increases variance. Regularization does the opposite. The optimal
test error occurs where these two forces balance. In linear models with OLS, J?is unbiased,
so all improvements must come from variance reduction—this is exactly what ridge seeks.

e Typically we would like to choose our model complexity to trade bias off with variance in
such a way as to minimize the test error.
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higher variance

v"‘\/l restr

Original model space Restricted model space (convex)

OLS (degree 14) Ridge with degree 14 and A = 1.1

0 - 5 10 15 20 0 5 10 15 20

e Training error is usually smaller than test error, and it does not properly account for
model complexity (overfitting).

1.2

| High Bias Low Bias
Low Variance High Variance

- -

1.0

Prediction Error

0.4

0.2

T T T T T T T T
0 5 10 15 20 25 30 35

Model Complexity (df)

Choose a model as simple as possible while keeping certain prediction accuracy.
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Training error keeps decreasing as we make the model more flexible because the model can
always fit idiosyncrasies of the sample. Test error follows a U-shape: too simple underfits
(high bias), too complex overfits (high variance). The goal is not maximal fit but sufficient
flexibility to capture signal while suppressing noise.

e Not all existing input features are important for prediction.
e Keeping redundant inputs in a model can lead to poor prediction and poor interpretation.
e We consider two ways of variable/model selection:

— Subset selection.

— Shrinkage/regularization methods.

Subset selection tries to remove unhelpful variables; shrinkage methods keep all variables
but reduce their influence, often driving some to zero (lasso). Subset selection is combinatorial;
shrinkage trades combinatorics for continuous penalties that are computationally tractable and
statistically stabilizing.

8.2 Subset Selection

Subset Selection for Linear Models For a regression model with linear predictor n; = :zziT,B,

e Nested model tests can help us determine whether a particular simpler model is good
enough.

e We have a lot of independent variables; which variables should we include in the model?

Even when nested tests (e.g., F-tests) say a larger model fits significantly better, the associated
increase in variance may hurt prediction. Subset selection therefore aims to control complexity
directly by limiting the number of active coefficients while keeping predictive performance high.

Best Subset

e A natural idea: for each k < p, find the subset of {x; }2;:1 with size k that gives the smallest
RSS.

100
|

80
|

3 -
] i H .
g_ .
? 8- L
— ] .
? . i 1] .
:E; | 1 ! .
[ ]
o o | ! | 1 .
T < . H H
=1 — § _ '
2 — 481 _
83 [ ]
i
o |
3
°
T T T T T T T T T
0 1 2 3 4 5 6 7 8

Subset Size k

How to find the best size-k subset?

e There are in total 2P~! possible models. It can be very time consuming!
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e The best subset selection problem is nonconvex and is known to be NP-hard.

o Efficient algorithms make this problem feasible for p as large as 30—40.
How to choose the model complexity?

e Typically we choose the smallest model that minimizes an estimate of the expected
prediction error.

e Cross-validation, Mallows’ Cy,, AIC, BIC. (More later.)

Exhaustive search gives an oracle answer for each k, but the search space doubles with every
new variable. In practice we either limit p (pre-screening) or use heuristics (stepwise) and then
pick k by a criterion that approximates test error. The point is not to find the unique true
subset (which may not exist) but a parsimonious model with strong out-of-sample performance.

Stepwise Method Stepwise method: a greedy algorithm that produces nested models.

e Forward: starting from Y = 3y 4+ €. In each step, add the (one) variable z; that most
significantly improves the fit:

— the largest F-statistic, or
— the smallest deviance, or
— the smallest LRT statistic.

e Backward: starting from the saturated model. In each step, remove the (one) variable
that is least significant:

— the smallest F-statistic, or
— the largest deviance, or
— the largest LRT statistic.

e Stopping rule:

— Forward: Stop until all remaining variables are not significant.
— Backward: Stop until all remaining variables in the model are significant.
— Alternatively, use cross-validation, Mallows’ C),, AIC, BIC.

Remarks

e Ease of computation.

The stopping rule doesn’t necessarily give us the best model, because it is a greedy method.

e Lower variance but perhaps more bias.

Forward and backward can be combined, using two significance levels and going back and
forth.

The order of removing or including variables doesn’t imply the rank of importance.

Backward and forward may give very different solutions.

Greedy procedures look only one step ahead and may get trapped in local optima. Their
selections also depend on the order in which correlated variables enter. Moreover, p-values
used during selection do not have their usual interpretation afterwards (post-selection
inference). These caveats explain why penalization methods, which optimize a single global
objective, are so popular.
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8.3 Shrinkage Methods

Introduction
e MLE picks the parameter values that are the best for fitting the training data.
e For this reason, MLE can result in overfitting.

e If the data are noisy and we are using lots of parameters, we usually end up with complex
functions.

Unregularized least squares minimizes training error with no penalty for complexity. When
predictors are numerous or correlated, the fitted coefficients can be large in magnitude and
unstable across samples. Shrinkage modifies the objective so that simpler explanations are
preferred unless the data strongly support complexity.

Example 8.2 (Overfitting).
OLS (degree 14) Ridge with degree 14 and A = 1.1

0 5 10 15 20 0 5 10 15 20

Fitting n = 21 data points using a degree p = 14 polynomial, while the ground truth is a
degree 6 polynomial.

MLE gives the following estimators:
2.15,18.63, —30.56, —323.75, 655.28, 2707.96, —5281.54, —9834.40,

18116.19,17246.41, —29883.94, —14378.91, 23535.62,4571.71, —7113.99.

Many large values in the MLE.

Small changes in data will result in huge changes in the estimation (high variance).

Shrinkage Methods
e To address overfitting, we usually encourage the parameters to be small.
e Methods that are developed to achieve this goal are usually called shrinkage methods.

Penalties quantify our preference for small coefficients. An [l penalty pulls all coefficients
toward zero smoothly (ridge). An l; penalty applies a constant force toward zero and can stick
some coefficients exactly at zero (lasso), thereby performing variable selection and estimation
simultaneously.
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8.3.1 Ridge Regression

Ridge Regression Ridge regression shrinks the estimators by imposing penalization for large
values:

B — arg min {||Y ~ X813 + NI }.
B
e [ norm as penalization on (3.

e )\ > 0 is a complexity parameter. The larger the value of A, the greater the amount of
shrinkage.

Ridge behaves like adding A\ pseudo-observations that encourage coefficients to be small.
Geometrically, it replaces the unconstrained least-squares solution with the point where
elliptical RSS contours first touch the o ball {||3]|3 < t}. As A grows, the touchpoint moves
toward the origin, reducing variance at the expense of bias.

Ridge Solution The ridge regression is solved by
gride = (XTX +A)7'X Y.

e Compared with OLS, ridge regression adds a positive constant to the diagonal of X T X
before inversion.

e Ridge penalty handles collinearity: It makes the matrix nonsingular, even if X ' X is
not of full rank (multicollinearity).

e This was the main motivation for ridge regression when it was first introduced.

Collinearity makes X " X ill-conditioned: small data perturbations cause large coefficient
swings. The ridge term AI separates nearly equal eigenvalues, stabilizing the inversion much
like adding friction to a slippery system.

Alternative Derivation: Option 1 Ridge regression can be obtained, using the Lagrange
multiplier method, by
B98¢ — arg min Y — X33 such that 183 < t.
B

Ba

G2

Bridge

— —— b
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Proof. Let f(B) = ||Y — X 3|3 and g(8) = ||B||3. Both f and g are closed, proper, convex and
differentiable. For ¢ > 0, the constraint set {3 : g(8) < t} has nonempty interior, so Slater’s
condition holds and strong duality applies to

rrgnf(ﬁ) s.t. g(B) <t

Its Lagrangian is £(8, 1) = f(8) + p(g9(B) —t), p > 0. KKT conditions at an optimum (8*, p*)
are

Vf(B")+u'Vg(B) =0, g(B)<t, p* =0, p(g(B8")—1t)=0.

—2XT (XY )+2u* B+
If the constraint is inactive, u* = 0 and B* is the OLS solution. If active, then p* > 0 and the
stationarity condition is exactly the first-order condition of the penalized problem with A = p*:

min f(8) +A9(8) < 2X'(XB-Y)+2)8=0.

Thus any constrained optimum with active constraint solves the penalized problem for A = p*;
conversely, any penalized minimizer B3()\) solves the constrained problem with t = ||3(\)||3 (by
complementary slackness). If X' X + AI, = 0 (e.g., A > 0), the solution is unique and

BN =(X"X +A,)' XY,

so the correspondence A — t(\) = || B(A)||% is well-defined and nonincreasing, yielding a one-to-
one mapping between A > 0 and the active ¢ > 0. This establishes the equivalence. O

Alternative Derivation: Option 2 Ridge regression can also be obtained by a Bayesian
approach.

Consider N(0,72I) as the prior distribution for 3.

Let the likelihood of Y; given ; and 3 be N(z; 3, 5?).

The connection between A and 7 is A = 02 /72.

One can check that Bridge maximizes the posterior density (MAP estimator). It is also the
posterior mean due to the symmetry of the normal distribution.

The Bayesian view encodes the belief that a prior: large coefficients are unlikely. Data that
strongly contradict this belief can still pull coefficients away from zero, but weak signals are
damped, improving predictive stability.

Proof. Assume the Gaussian linear model Y | 8 ~ N (X3, 0%I,,) and prior 8 ~ N(0,72I,). The
posterior density is

1 1
HBIY) x Y [ 89(8) o exp{ 5LV - XPIE - 813}

Maximizing p(8 | Y') over 3 is equivalent to minimizing the negative log-posterior (dropping
constants independent of 3):

min T‘QHY - XB|3+ QTZHIBHQ-
Multiplying by 202 does not change the minimizer, so with A := 02 /72 this is exactly the ridge
criterion

min [[¥ - X33+ MBIl

The first-order condition gives 2X T(XB - Y)+2)\3 =0, ie. (XX + )\Ip),@ = X"Y, whose
unique solution (for A > 0) is 8= (XX + A\I,) "' X 'Y, the ridge estimator. O
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Ridge Regression—Bias—Variance Trade-off

OLS (degree 14) Ridge with degree 14 and A = 1.1

0 5 10 15 20 0 5 10 15 20

e For A = 1.1, the ridge estimates are
1.32,4.36,—1.09,1.67, —0.47,0.92,
—0.26,0.56,—0.19,0.32, —0.13,0.14, —0.09, —0.003, —0.038

The above observation is confirmed by the following.

Var(8y%) = (X TX + \D) 7' X T X (X "X + A1) 102,
Bias(8}%%°) = —~A\(X ' X + AI)"!.

One can show that
o Var(87%%) < (XTX) 102 for all A > 0.

dMSE(359°)
o LB, )

"\ < 0, so for sufficiently small A, ridge always improves OLS.

A=0

Variance shrinks quickly because directions with small singular values (ill-determined by the
data) are heavily penalized. Bias grows linearly in A but is often tiny along well-determined
directions. This is why a small amount of ridge can reduce total MSE even when OLS is
unbiased.

Proof. Work in the fixed-design model Y = X3 + ¢ with E[e] = 0 and Var(e) = o*I,,. Let
A := XTX (assume A = 0 so OLS exists). The ridge estimator is
Br=(A+AD)'XY = (A+ ) 'AB+ (A+ M) ' X Te.

Hence

E[B)] = (A + M) "'AB = (I MA )\I)*l)ﬁ,

SO

~

Bias(83) = E[B)] — B = ~MA +AI)~'B.
Also, using Var(X Te) = 02 A,

Var(8)) = (A + AI) "0 A(A+ M) "' = 02(A+ M) ""A(A+ )7L,
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1. Variance domination. Write

~ 2
Var(8y)/o? = A1/? (AW(A + AI)‘IAl/Q) A2,

=: B2

Since A + AI = A for A > 0, the Loewner order and inversion give (A + A\I)~! < A1,
hence B = AY?(A + \I)"'A'Y? < I with B = 0. Thus B? < T and

Val"(gx) < 0?AT = Var(EOLs), v > 0.

2. Initial MSE decrease. The mean-squared error is
MSE()) = E[|B - 813 = tr [ Var(8)] + |[Bias(8) I3
=0 tr [A(A+ M) %] + N8BT (A + ) 7?8
Using %(A + A2 = —2(A+\)73,
MSE'(\) = —202 tr [A(A + ) 73] + 2087 (A + A\I)728 — 2\?8T (A + AI) 3.
At A = 0 the last two terms vanish, giving
MSE/(0) = —202 tr(A™?) < 0,

since A=2 = 0. Therefore, for sufficiently small A > 0, ridge strictly improves the OLS
MSE. O

8.3.2 Kernel Ridge Regression

Example 8.3 (Motivation). Consider the true model as a sum of shifted sinc functions (shifted
and rescaled sin(x)/x):

sin(z — 10) N O.SSin(x —50) n 0.3Sin($ - 80)‘

f@) =0.5—"—3 Z— 50 z— 80

Polynomial regression fits on sinc mixture (N = 1000, o = 0.05)

1 o data
—true f(z) .
0.8 d=1 e
d=15
— d=1
0.6 0

— d=15

10 20 30 40 50 60 70 80 90
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The Weierstrass approximation theorem states that for every continuous function, there
exists a sequence of polynomial functions that converges uniformly to it. However, the
theorem only states that a set of polynomial functions exists, without providing a general
method of finding one. See Runge’s phenomenon for the failure of a high-degree polynomial
to approximate a function with equally spaced points (or Gibbs phenomenon for Fourier
series).

e The true model has various degrees of smoothness, hence polynomial regression is not
economical.

e We may use spline regressions, but need to work out the knots.

e Is there a method that does this automatically?

A single global basis (e.g., polynomials) is poorly matched to signals that vary in smoothness
across the domain.® Kernel methods build predictions by measuring similarity to training
points; with the right kernel, the method adapts locally without the analyst hand-choosing basis
functions or knots.

Kernel Ridge Regression We now introduce a nonparametric generalization of ridge regres-
sion.

o It generalizes the idea of enlarging the feature space.

e In particular, it includes penalized polynomial regression as a special case.

Recall the ridge solution
pide — (XTX +AI)'X Y.

ﬁridge _ XT(XXT + )\I)_lY, i}ridge — )(}{T()(}(—r + )\I)_lY
yridee(z) = xX (XX +AI)7lY.

Proof. Because
X' XXT+ M) =X"XX"T+XXT = (X" X +AD)X . O
Note that X X T appears in our new expression of the ridge solution.

e The ij-th entry of XX € R™" is xx; = (z;,x;), the inner product between two
feature vectors.

e The predicted values depend only on ' X T € R”, and the j-th entry is :cTazj = (x,x;),

the inner product between the new observation and the j-th training datum.

Prediction by ridge regression boils down to computing inner products between feature
vectors. This is the foundation of the so-called kernel trick.

SA global polynomial of degree m has a single complexity knob (m) that applies uniformly over the entire
domain. If f is smoother on some subregions and less smooth (e.g., has a kink or rapid curvature) on others, a
single global degree must be chosen to handle the least smooth part, thereby overfitting elsewhere.
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Kernel Trick Suppose we use another “inner product” to replace the usual one.
e Replace (-,-) by a similarity measure K (-,-), called a kernel.
e A symmetric function K : X x X — R is called a positive definite kernel on X if
n n
Z Z CZ'CjK(:Di, a:j) > 0
i=1 j=1

holds for any x1,...,x, € X and ¢1,...,¢, € R.

For ridge regression, we have the linear kernel

K(x1, ) = (x1, @) = x| o.

e Then

X' = (K(z,x1),...,K(z,2,), XX = K= (K(zi,2j))i<ij<n-

The fitted vector is now

Y = K(K+AI)''Y,

and the prediction for a new observation x is

7= (K(z,x),..., Kz xz,)) (K + )Y, (8.1)

This is the so-called kernel ridge regression.

Example 8.4 (Commonly used kernels). e Linear kernel:
K(zi, @) = (i, xj) = @] ;.
e Polynomial kernel of degree up to d:
K(xi,xj) = (1 +z; x;)%.

— This is equivalent to enlarging the feature space to include all polynomials with degree
up to d, hence polynomial regression of degree d.

e Polynomial kernel of degree ezactly d:

K(zi,z;) = (=] z;)".

e Gaussian (radial basis function) kernel:
K (2, xj) = exp(—|zi — z;%).

— Local behavior: The kernel decreases exponentially fast in the distance of two
feature vectors. Points far away have little effect in regression.
— The corresponding feature space is implicit and infinite-dimensional.

Instead of the linear model, we now consider
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e Kernel ridge regression approximates multivariate regression using the kernel functions

{K (s X5) o

e For the polynomial kernel K (x;, x;) = (1 + ccz-T:L'j)d, this is equivalent to polynomial
regression.

The representer theorem (8.1) explains why the prediction uses only K (x,x;): among all
functions in the reproducing-kernel Hilbert space, the penalized risk minimizer lives in
the span of kernel evaluations at the training points. v controls locality for the Gaussian
kernel (smaller v = smoother fits); A controls regularization strength. They should be tuned
together.

Example 8.5 (Gaussian kernel versus polynomial kernel). Consider again

sin(x — 10) n 0'8sin(z —50) n 0,38111(17 - 80).

F@) = 05— Z— 50 z— 80

Polynomial regression fits on sinc mixture (N = 1000, o = 0.05)

1 . data
—_— true f(z) [
0.8| — kernel ridge fit (o = 1) by

10 20 30 40 50 60 70 80 90

Polynomials extrapolate globally and can oscillate wildly between knots; Gaussian kernels perform
localized averaging, adapting to regions of different smoothness. When the signal has localized
features, kernel ridge with a suitable « can dramatically reduce variance without inflating bias.

8.3.3 Lasso Regression

Another very important shrinkage method is the least absolute selection and shrinkage
operator (LASSO).

B\lasso _ argﬁmin{HY — XBH% + )\”/6“1}

e The key difference between lasso and ridge regressions is that lasso uses l;-norm (sum of
absolute values) instead of lo-norm (sum of squares).

126



Comparing Lasso with Ridge Regressions

B%5%° = argmin |Y — (8o + XB)||3 such that ||8|1 <t
s

Bridee — argmin |V — (o + XB)|2 such that [|8|2 <t
s

e There is a one-to-one correspondence between A and t.
B2 B2
,B\lasso Bridge

— — 5 — — b

The Iy ball has corners on the coordinate axes; when the elliptical RSS contours expand to
touch the constraint, they often meet at a corner, setting some coefficients exactly to zero.
Thus lasso both selects variables and shrinks estimates.

Ridge and LASSO Solution Paths

Icavol

04
L

Coefficients
Coefficients

0.0
|

-0.2
L

0 2 4 6 8 0.0 0.2 0.4 0.6 0.8 1.0
df(A) Shrinkage Factor s
d?
_ NP J , : — P13
df(A) = >0, o where d; are the singular values of X. s =1t/3 ", [5j].
J
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The “effective degrees of freedom” quantifies model flexibility after shrinkage. For ridge
it interpolates between 0 (all coefficients shrunk to 0) and p (OLS). For lasso, df is well
approximated by the number of nonzero coefficients along the path, which is why the lasso
path is often plotted against sparsity level. More on this later.

Something in Between

e Lasso results in a “sparse” solution, so that some of the estimators are exactly 0. This is a
type of model/variable selection.

e Lasso estimates do not need to be unique if covariates are collinear. Hence it can be
unstable for high-dimensional data.

e Ridge regression handles multicollinearity.

e FElastic net (Zou and Hastie, 2005) regularization uses a convex combination of both:
. [1
ssgmin { 1Y = X8I+ alBI5 + M8l .

Elastic net inherits sparsity from [; and stability against collinearity from lo. When groups
of correlated predictors exist, elastic net tends to keep or drop them together, improving
interpretability over lasso alone.

Discussion: Subset Selection, Ridge Regression and the Lasso Recall that
B = axgmin {|[Y — XTI + NI}

e Ridge: p=2.
e Lasso: p=1.
e Best subset: p = 0 (assuming 0° = 0).

The contour plot of the penalties are shown below.

M M A\
S U

INlustrations with orthogonal designs Assuming that {x;} are orthogonal, the three

procedures have explicit solutions. Let ,@ denote the OLS estimator. The estimators from best
subset, ridge and lasso are given in the following table:

Estimater Formula

Best subset (size M) E;tubset = Bj . ]l(|B]| > |B\(M)|)
Ridge Bjr-ldge = B; J(1+XN)

Lasso @ﬁsso = sign(ﬁj) (|ﬁj| - A+
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Best Subset Ridge Lasso
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In an orthogonal design, these penalties lead to closed-forms: ridge applies multiplicative
shrinkage; lasso applies soft-thresholding; subset selection applies hard-thresholding.

Least Angle Regression We have not talked about how to compute the lasso solution.

e The lasso problem is formulated as a quadratic programming (QP) problem, so usual QP
solvers can be applied.

e Alternatively, we now discuss an extremely efficient (and intuitive) algorithm to solve for
the entire lasso path, i.e., all solutions with respect to A.

e Efron et al. (2004), Least angle regression.

Least Angle Regression (LAR) starts with all coefficients at zero and moves in the direction
most correlated with the residuals. When another predictor becomes equally correlated, the
path turns to move equiangularly between them. With a simple modification, this path exactly
traces the lasso solutions as A decreases.

Graphical Illustration of Least Angle Regression

X9 ~
Yors

X1
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Algorithm 3 Least Angle Regression (LAR)

1: Standardize each predictor column z; to have mean 0 and unit ¢o-norm, ||z;||2 = 1.

2: Initialize the residual and coefficients: r <~y —y  (equivalently r « y if y is centered),
Bl,ﬁg,...,ﬂp%o.

3: Find the most-correlated predictor: j < arg maxy ’(xg,r>’.

4: Univariate move (enter z;): increase (; from 0 toward its least-squares value (in the
direction sign(x;,r)) until there exists a competitor k # j with ‘(xk,r)‘ = ’(:cj,rﬂ.

5. Equiangular move (active set {j,k}): move 3; and f, in the direction defined by their
joint least-squares coefficients of the current residual on (z;, ) (i.e., along the equiangular
direction) wuntil some other competitor x; achieves ‘(ajz,rﬂ equal to the current active
correlation.

6: Drop inactive variables: If a nonzero coefficient hits zero, drop its variable from the
active set of variables, and recompute the current joint least-square direction.

7: Repeat the “find most-correlated” and “equiangular move” steps, adding one variable at
each tie, until all p predictors have entered (or the process has taken min(/N — 1, p) steps).

8: Output: the piecewise-linear solution path §(-); after min(/N — 1, p) steps the path reaches
the full least-squares solution.

8.4 Model Selection Criteria

For a given data set and some candidate models, a model selection criterion gives each model a
score, and we can pick the model with the highest score.

e Usually the criterion rewards good fit, but penalizes complexity.
e Here we look at

— Adjusted R?: adjusts R2, taking account of the degrees of freedom.
— Mallows’ C),: based on the MSE of the estimations.

— Akaike Information Criterion (AIC): based on log-likelihood.

— Bayesian Information Criterion (BIC): based on Bayesian statistics.

e The general idea is to “estimate” the testing error by making adjustments to the training
error.
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Each criterion is a proxy for out-of-sample performance. They all reduce to “fit — penalty”,
differing mainly in how they define the penalty. No single score is uniformly best; under-
standing their assumptions helps you choose appropriately.

8.4.1 Adjusted R?

Recall the coefficient of determination R? from the linear model

o R? reflects the training error.

e A model with larger R? is not necessarily better than another model with smaller R? when we
consider test error!

Instead of directly maximizing R?, we maximize a penalized version of R2.

The adjusted R?, taking into account the degrees of freedom, is

RSS/(n—p—1)

. 2 —1_
adjusted R SST/(n —1)

e With more inputs, R? always increases, but the adjusted R? could decrease since more inputs are
penalized by the smaller degrees of freedom of the residuals.

e Maximizing adjusted R? is equivalent to

min{RSS/(n —p —1)}.

Adjusted R? is simple and fast, but it implicitly assumes homoskedastic Gaussian errors and OLS
fitting. It is useful for quick screening, less so when models are misspecified or estimated outside
least squares.

8.4.2 Mallows’ C),
We consider the fixed—design linear model
Y =XB+e, E(e)=0, Var(e)=I,,

so that E(Y;) = =, 3 and Var(Y;) = o2. While least squares minimizes the training criterion RSS =
Y — Y3, our ultimate target is prediction accuracy at the design points. A natural measure is the

im-sample prediction risk R R
MSE(Y;) = E[(Y; — =] 8)*].

A simple algebraic rearrangement gives, for each 4,
(Vi -2/ 0)’ = (i = Y)* - (Vi — 2/ 0)° +2(Yi — =/ B)(Yi — =/ B).
Taking expectations and using E[(Y; — ] 3)?] = o? yields
MSE(T,) = E[(Y; — 7] — o + 2 Cov(F:, Y0,
Summing over i and dividing by o2,

i MSE(Y;) _

o2

Y - Y3
2

 Cov(Y;,Y;
—n+2z%’). (8.2)
=1

g
i=1
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Intuition. Equation (8.2) compares what we can compute (the expected training error E[RSS]) to what
we really care about (the expected prediction error of Y against the noise-free signal X3). The last
term is the optimism correction: because we used Y to construct IA/', the two are positively correlated, so
the training error tends to underestimate the true prediction error. The size of this downward bias is
governed by ). Cov(Y;,Y;).

Linear smoothers and effective degrees of freedom. Many estimators used in regression are
linear in the response:

A fitting method is called a linear smoother if we can write
Y = SY,

for some n x n “smoother” matrix S. For ordinary least squares in a given model, S =
X(XTX) !XT is the hat matrix.

In this case N
Cov(Y,Y) = Cov(SY,Y) = S Var(Y) = 028,

S0 .
Z Cov(Y;,Y;) = otr(S).
i=1

Substituting into (8.2) yields the fundamental identity

o 02

i=1

This motivates the definition R
df(Y) = tr(9),

the (effective) degrees of freedom of the fit. For least squares in a p-parameter model (including the
intercept), S = P is an idempotent projection with tr(P) = p.

Degrees of freedom is generally a useful concept because it allows us to put different procedures on
equal footing.

Method S tr(S)
Multiple linear regression X(XTx)"'xT P

2
Ridge regression X(XTX+ADIXT Y, dgix
Kernel ridge regression K(K + M)t Dy Y

d;’s are the singular values of X and v;’s are the eigenvalues of K.

For a linear smoother, (8.3) says:

prediction risk A training error + 202 x df — no>.

The term 202df is the price we pay for flexibility. A smoother that uses more degrees of freedom
(larger tr(S)) fits the training data better but requires a bigger optimism correction.

Mallows’ C),. Identity (8.3) suggests an estimator of the (scaled) prediction risk: replace E[RSS/o?]
by its observed value RSS/o?.

132



Definition 8.1 (Mallows’ C,, for a linear smoother). For a fixed linear smoother Y = SY, define

Cp(Y) 2 Rif —n+ 2tx(8).
g
Then R
S — MSE(Y;)
E[C,(Y)] =) o
1=1

In particular, for ordinary least squares in a p-parameter model,

RSS

Cp=— —n+2p
o

Thus minimizing C}, over a collection of candidate models approximately minimizes the in-sample
prediction risk ), MSE(Y;).

Connection to out-of-sample prediction. Let Y° = X3 + €° denote an independent replicate
at the same design points. The expected prediction error at these points is

E[Y° - Y[3] = Y E[(Y - ¥i)*] = > MSE(Y;) + no?,
i=1 i=1

since Var(Y}?) = 02 and Y is independent of Y;. Combining with (8.3),

(3

RSS

1 ~
;E[HYO ~Y|3] =E [02} + 2tr(S).

Up to the constant n, this is exactly the quantity that C), estimates; the —n in C}, is historical and chosen
so that a correctly specified least-squares model has E[C)] = p (see below). Minimizing C), therefore
aligns with minimizing expected out-of-sample error at the training design.

Example 8.6 (Mallows’ C), model setup). Let X collect all candidate explanatory variables (columns).
Let X, denote the p columns used in the p-th candidate model; write P, := X,(X, X,,)"' X, for
the orthogonal projector onto col(X,). Assume the true mean is generated by some subset X, i.e.
EY] = X8 = X,,8p, with po unknown. For model p, the residual is e, = (I,, — P,)Y’, so

RSS(p) =Y (I, - P)Y =Y ' (In - Xp(X;Xp)_lX;)Y.
Lemma 8.1 (Quadratic expectation). Let X be the covariance of Y. Then for any fized matriz A,
E[Y TAY] =E[Y]T AE[Y] + tr(ZA).
With ¥ = 021, and A =I,, — P,,

ERSS(p)] =E[Y (I, - P,)Y| =B8"X"(I, — P,)XB + tr[(I, — P,)0’I,]
= (Lo — Bp) X B3 + (n — tr(By))0” = [|(Ln — P) X B3 + (n — p)o?,

since P, is a rank-p symmetric idempotent projector with tr(P,) = p. Let S? be an estimate of 02. Then
Mallows’ criterion

RSS
satisties RSS(p) I(I — P)XB)3
p n -
E[Cy(p)] = E| g5 | —n+2p~ T LR

squared bias variance (df)

where the approximation uses S? ~ ¢2.

Case A: Overspecified and correctly specified models, p > py. If the true signal lies in col(X),),
ie., col(X,,) C col(X,), then

(In-P)XB=0 =  ERSS(p)]=(n—p)’
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and hence E[C,(p)] = p. Once all truly relevant directions are included, the projection error vanishes
and only the variance term o%(n — p) remains. Consequently, the C), values for p > py fluctuate around
the 45° line C), = p. Among such models, larger p buys little reduction in expected prediction error but
incurs greater variability.

Case B: Underspecified models, p < py. If the model omits some truly relevant regressors, then the

bias term is positive:
(T, — P,)X B3 > 0.

As p increases within a nested sequence (col(X,) C col(X,+1)), the projector P, grows and the residual
projection (I, — P,)X 3 shrinks, so

0 < [(Zn = Pps1) X B3 < [I(Zn — Pp) X B3

Thus E[C),(p)] decreases with p until the true dimension py is reached; for p > py it levels off near the
line C, =~ p.

e For p < po, the bias term dominates and E[C,(p)] decreases as relevant variables are added.

For p > po, the bias term is 0 and E[C},(p)] & p; points lie near the 45° line.

If the p-th model is (close to) the truth, its C), tends to be close to, and sometimes slightly
below, p (sampling and plug-in variability).

In practice, inspect the plot of C), versus p and choose the smallest model whose C), is among
the minimal values—often the elbow where the curve first meets the line C, ~ p.
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o |

a

O

o]

&

s v
©

£

4=

n

=
o |
e
o

4 5 6 7 8 9 10
Step k —

Practical guidance.

e Model choice. Compute C), for each candidate model and prefer those with smaller C},. A common
diagnostic plot is C), versus p; models with C}, close to p behave approximately unbiased at the
design points.

o Estimating 0. In practice o2 is unknown. Mallows’ original proposal uses an external estimate 52,

typically from a “large” reference model believed to approximate the truth. Then

~  RSS

The closer 02 is to o2, the more reliable the comparison of C), across models.

e Beyond least squares. For any fixed linear smoother Y = SY, the same formula with df = tr(S)
applies. For example, ridge regression has

S, =X(X"X +AI)'XT
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and

p
iaaze(N) = tr(S3) = [ (XTX) (XX + A0 =3
j=117

where {11;} are the eigenvalues of X T X.

e Optimism correction. The expected gap between out-of-sample and training error is

1 0 S2 S0 20.2
CE[IYO-YIE - Y - VIB] = ~—u(S) > 0,

quantifying precisely how reusing the data makes the training error overly optimistic by about 20?2
per effective parameter.

8.4.3 Akaike’s Information Criterion (AIC)

Mallows’ Cp is primarily justified for linear models fitted by ordinary least squares. Akaike’s Information
Criterion (AIC) extends the same bias—variance trade-off to general likelihood-based models and therefore
applies far beyond the OLS setting.

Kullback—Leibler motivation. Let (Y, X) denote the observed data and consider a family of
candidate models for Y | X indexed by a parameter 3 € RF| with likelihood (or density) fy (y; X, 3). Let
B* denote the (unknown) parameter that actually generates the data. AIC is derived by measuring the
discrepancy between the candidate model fy (-; X, 3) and the truth fy (-; X, 8*) using the Kullback—Leibler

(KL) divergence
Dra (1) = [ 0w (LB 1 x. )

Because
Dx1(B||B") = Eg-[log fy (Y; X, 8%)] —Eg-[log fy (Y; X, B)],

constant in 3

minimizing Dkr,(8]|8%) is equivalent to maximizing the (unknown) expected out-of-sample log-likelihood
H(B) £ Eg- [log fy (Y; X, 8)].
Bias correction and the AIC formula. Let

E(ﬁ) £ log fY(yobs; X,ﬁ)

be the log-likelihood for the observed sample, and let B be the maximum likelihood estimator (MLE) in a
given candidate model. A naive plug-in for H(3*) is E(ﬁ), but this is optimistic because the same data
are used both to fit and to evaluate the model.

Under standard regularity conditions, Akaike showed that the leading-order optimism equals the
number of free parameters p in the model (including, for example, variance parameters in Gaussian

models), yielding the approximation
Eg- [E(ﬂ) —p} ~ H(B").

Consequently, an approximately unbiased estimator of —2H (3*) is

-~

AIC = —20(B) + 2p.

Here p denotes the number of estimated free parameters in the model

Interpretation and use. Smaller AIC indicates a model that is estimated to be closer (in KL
divergence) to the data-generating process, hence better from a predictive point of view. AIC values are
relative: only differences across models fitted to the same dataset are meaningful. For a collection of
candidate models {M;}, define

A; = AIC; — AIC .

The relative likelihood of model 7 is
exp(—A;/2).
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e General applicability. Unlike the likelihood ratio test (LRT), which compares only nested models,
AIC imposes no nesting requirement and can rank any set of likelihood-based candidates.

e Relation to C,. In the Gaussian linear model, AIC reduces (up to an additive constant) to
Mallows’ Cj,; the factor of 2 in the penalty produces the familiar 2p complexity term.

Log-likelihood Loss
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o Train
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Ee)
53
o
=
= )|
g -
>
S O\
o O\O
T —0
\0_0___0_,O
w o
o

2 4 8 16 32 64 128
Number of Basis Functions

8.4.4 Bayesian Information Criterion (BIC)

Bayesian Information Criterion (BIC)

BIC = —QZ(E,,) + log(n)p.
e Similar to AIC, applicable to models fitted by maximizing a log-likelihood.
e Motivated by a Bayesian approach to model selection.
e exp(—BIC/2) approximates the posterior probability of the current model, so small BIC means
large posterior probability.
Compare AIC and BIC
e No clear choice between AIC and BIC.
e 2 vs. log(n): BIC is more conservative (more penalty to complicated models).

e BIC is asymptotically consistent: as the number of observations grows, the probability that BIC
will choose the true model approaches 1.

e This is not the case for AIC, which tends to choose models that are too complex.

e For finite samples, BIC often chooses models that are too simple, because of its heavy penalty on
complexity.

8.5 Cross-Validation

K-fold cross-validation is a general-purpose method of prediction/test error estimation, especially in a
data-rich scenario.

Train Train Validation Train Train
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e Divide the data into K parts (before doing anything else).

e For each part, fit the model using data from the other parts (training sets), and calculate the
prediction error on the current part (validation set).

Cross-validation directly mimics the train/test split that matters for prediction. It captures both
bias and variance effects and applies uniformly across modeling families, including those where
information criteria are hard to compute.

Our ultimate goal is to produce the best model with the best prediction accuracy.
e Suppose in the i-th run we obtain a test error MSE; on the validation set.

e Average over the K estimates of the test errors, and obtain
| X

CVigy == MSE,;.
(K) K ;

We then choose the model with the smallest CV error.

Report not only the mean CV error but also its variability across folds. When differences are small
relative to this variability, prefer the simpler model (“one-standard-error” rule).

Leave-One-Out Cross-Validation An interesting special case is the n-fold cross-validation, also
known as the leave-one-out cross-validation (LOOCV).

e K-fold cross-validation is more biased. It estimates the performance of a model trained on a dataset
of size n% If we use a model trained on the full data, it will perform slightly better than the
cross-validation estimate suggests.

e K-fold can also have higher variance if the sample size is smaller (so the training set is even smaller).
e LOOCYV is approximately unbiased (because only one datum is left out).

e LOOCYV has higher variance because in each iteration you are using essentially the same set of
data.

One advantage of LOOCYV is that it is computationally inexpensive for some models, as we will see next.

The leave-one-out CV error (under quadratic loss) is

1< ~ . 9
= — R (72) .
Cv - ;:1 (YZ Y (Xl)) ,

where ?(*i)(Xi) is the predicted value at X; computed using all the data except the i-th observation.
By definition, we need to repeat the fitting process n times to compute this CV error. However, we

can avoid such computation in many popular regression models. In particular, many regression methods
are linear smoothers with different S matrices.

Method S

Multiple linear regression X(XTx)1xT
Ridge regression X(XTX +AN)1XT
Kernel ridge regression K(K+X\I)™!
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Here S is the hat matriz. Tts diagonal S;; measures the leverage of observation i (See how ridge
reduces the leverage of any observation). Points with large leverage influence the fit strongly and, as
we will see, require a larger correction in LOOCV.

~

Assume that a linear smoother is fitted on {(X;,Y;)}" ;. Let & be a new covariate vector and f(x)

its predicted value using the linear smoother. Augment the dataset by including (z, f(x)) and refit the
linear smoother on this augmented dataset.

Definition 8.2 (Self-stable). The linear smoother is said to be self-stable if the fit based on the augmented
dataset is identical to the fit based on the original data regardless of .

e Multiple linear regression, ridge regression and kernel ridge regression are all self-stable.

For self-stable linear smoothers, leave-one-out cross-validation is particularly appealing because in
many cases we have the following reduction.

Theorem 8.1. Ly
1 n » ) 1 n (Y;—Y;)

CV =— Yi—/\(’)Xi = — -,

n§< FE(X)) 72 (15

Proof. Apply the linear smoother to {(X;,Y;) : j # i} to obtain f(_l)(Xl) Apply the linear smoother to
(X,Y) € {(X;,Y;),5 # i, (X, F-D(X;))}. By the self-stable property,

FUNXa) = (SY)i = Suf (X)) + Y Sy
j#i
Hence S8
A=) (x| — i P47
On the other hand,
Y, =(SY); = SuYi + Z Si;Y;.

i
Thus, ~
Y_J/"\(_Z)<X) — v _ Zj;éi Sinj _ Yz_(SHY:L_FZHéz SU}/J) _ Y, -Y;
¢ ' ! 1751" ].*Sl" ].*S”
Substituting into the definition of CV gives the result. O

This is the classic PRESS (predicted residual error sum of squares) identity. High-leverage points
(Si; large) get a larger leave-one-out correction because the model has “listened” to them more
during training.

Generalized Cross-Validation For some smoothers, tr(S) can be computed more easily than its
diagonal elements. To take advantage of this, suppose that we approximate each diagonal element of S
by their average, which equals tr(S)/n.

n ) 2 n 7
ni (1 Su n

)2

Q
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Parameter Tuning Using GCV Now we are ready to handle tuning parameter selection in the
linear smoother. Write S = S, and

GCV()) = 1Y (I-8)7Y
(1 —tr(Sy)/n)”

According to GCV, the best A is
AECVY = arg min GCV()).
A

Remarks
e N-fold CV is generally preferred over a single validation split if computation allows.
e 5-fold or 10-fold CV generally works well.
e Except for the cases with linear smoothers, leave-one-out CV requires n additional trainings per
model, which is not always feasible in practice.
Reading Materials

e Jianqing Fan et al., “Statistical Foundation of Data Science,” https://orfe.princeton.edu/
~jqfan/fan/classes/525/chapters1-3.pdf

e Jerome H. Friedman, Robert Tibshirani, and Trevor Hastie, The Elements of Statistical Learning,
Springer.

e Bradley Efron, Trevor Hastie, Tain Johnstone and Robert Tibshirani, Least Angle Regression,
https://web.stanford.edu/~hastie/Papers/LARS/LeastAngle_2002.pdf

e Rafael A. Irizarry, http://rafalab.github.io/pages/754/section-09.pdf
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9 Generalized Linear Model

9.1 Introduction

General Linear Models Multiple linear regression models the conditional mean of a real-valued
response as an affine function of predictors and adds a homoscedastic noise term. This is the classical
baseline for parametric prediction and inference.

Yi=pixa+ -+ 6pTip+e, t=1,...,n
Here the response Y; is modeled by a linear function of explanatory variables x;; plus an error term ;.
e Multiple linear regression is sometimes called a general linear model.

In this usage, “general” refers to dependence on potentially many explanatory variables (p > 1), as
opposed to the simple linear regression model

Y = fo+ Bz + &

The word “linear” means linear in the parameters rather than “a straight line in x.” A model may
be linear in the parameters even if it is nonlinear in x:

Y; = Bo + iz + ﬁQﬁ + &;.

e The errors ¢; are typically assumed i.i.d. normal with mean 0 and common variance o2.

e In generalized least squares, we may allow a joint multivariate normal with a known covariance
matrix.

e Normality underpins the exact small-sample inference of basic linear models (¢- and F-tests).

e The linear model’s power comes from orthogonality and quadratic loss: normality and homoscedas-
ticity make least squares both efficient and algebraically simple.

Restrictions of General Linear Models General linear models are not appropriate when
e the range of Y is restricted (binary outcomes, counts, bounded proportions);
o the error distribution is markedly non-normal so that Var(Y’) depends on E[Y].

e Poisson distributions suit arrival counts or misprint counts; their variance equals the mean.

Generalized linear models extend linear models to handle non-Gaussian responses and mean—variance
relationships.

e We begin with two special cases beyond linear regression: logistic regression and Poisson
regression.

e Big picture. GLMs separate three ingredients: a linear predictor, a response distribution from the
exponential family, and a link function tying them together.

9.2 Logistic Regression
Motivation Binary outcomes are ubiquitous, e.g., success/failure, alive/dead, default/no default.

e Many applications involve a binary response Y € {0, 1} whose success probability P(Y = 1) depends
on predictors.

e This viewpoint aligns with binary classification: given features, which label (0/1) should we expect?

Because Y; € {0, 1}, the mean u; = E[Y;] € [0, 1]. Plain linear regression can predict values outside [0, 1]
and imposes constant variance, so it is ill-suited here.
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Logistic Regression Recall the linear model

T

Yi=a!B+e, & ~N(00%), withp =mn2z]s.

For binary Y, we instead posit
Y; ~ Bernoulli(u;(n;)), where g(u;) =m0

with linear predictor n; = Bo + B1Ti1 + -+ - + Bpxip = z/BeER.
e The linear predictor spans R; the mean must live in [0, 1].

e A link function g transports p € (0,1) to n € R; we assume g is smooth and invertible.

Logit link and the sigmoid We usually choose the logit (log-odds):

1

m
n=g(u)=log(1u) Al pry
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Prediction: P(Y =1 | z) = p = 1/(1 + exp(—7)).
x) > 0.5.

A simple classification rule is ¥ = 1 iff P(Y =1 |

Logistic Regression as Classification At threshold 0.5,
P(Y=1|z)=05 < n=0 < B =0,

so the decision boundary is a hyperplane. Using features ¢(x) (polynomials, interactions, kernels) yields
nonlinear boundaries:

P(Y =1|z) =05 < B ¢(x)=0.

Geometry. The log-odds are linear in features; curves in input space arise from nonlinear basis expansions.
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o With ¢(x) = (1,21, 32,27, 23, z122), the boundary is quadratic.
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Estimation via MLE We estimate 3 by MLE. Using ¢ = 1/(1 + exp(—n)) we have

o e [
T Og<1—u)'

N Y R S eXp(}/ini) _ exp(}/lmjﬂ)
Pl = =) = T ) ~ 1+ exp(a) B

Thus

For n independent cases,

B " exp(Yiz,] B)
Mm_Lh:&RJE'

The “canonical link” (logit) turns the Bernoulli likelihood into a convex optimization problem in 3.
The log-likelihood is

(B) =logL(B) = »_Yixz]B - log(1+exp(z, B)).
i=1 =1

Its gradient is

or - " x;exp(xz; B) " T 1
Y-t Yiz; — — == Yi—p)zi=X (Y —p), pi=—/——-.
oB ; * ; 1+ exp(z] B) ; ( i) @ ( wop 1 +exp(—z; B)

Analogy. This mimics the normal equation of linear regression but with nonlinearity hidden in u(3).

Estimation Equations Setting the score to zero yields

X' (Y —p)=0.

p = p(B) are the fitted means.
e Y, — u,; are residuals.
e Compare with linear regression: X (Y — X3) = 0.
e Here the equations are nonlinear in 3; we require iterations (e.g., Newton—Raphson).
Intuition. We seek coefficients making residuals orthogonal to predictors, now measured on the probability

scale via the link u = g=1(n).

Newton—Raphson Method (1D) Newton-Raphson maximizes a smooth f(z) by repeatedly
maximizing a quadratic Taylor approximation around zq:

fwo +da) & f(zo) + f'(zo)dz + (o) (dx)?,

so the step is do = —f'(x0)/f"(x0) and 1 = o + dz. Tterate until successive iterates stabilize. Heuristic.
Newton follows local curvature; when the quadratic approximation is faithful, convergence is rapid.
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Newton—Raphson Method (N-D) For f: R? — R twice differentiable, write the Taylor expansion
at xg:
f(xo+dx) = f(xzo) + Vf(wo)wa + %da:TH(aco)dw,

where H is the Hessian, i.e.,

_ 0 f (o)
3xiaxj '

(H (o))
The maximizer of the quadratic leads to
@) = x0 — H (o) 'V (o).

Iterate until successive iterates stabilize.

faq ‘

X2

Current Point i
x(K) e

Predicted Minimizer*

X1 x(k+1) 2

Numerically Solving the Estimation Equations—Hessian & concavity For logistic

regression

0%¢

VUB)=XT(Y —p), H(PB)= 75 = ~XTWX, W =diag(u(l—pm)).
Proof. By the chain rule, du; /08 = Ou;/On; x On; /03, and
0t 9 T T 3 Api T 3
3 = %[X (Y - p)] = —X diag (ﬁ)x = X" diag (j(1 — 1)) X. 0

e Here, y; = 1/(1 + exp(—z; B)) is the fitted value.

e Since W is positive semidefinite, —X "W X is negative semidefinite; under full column rank of X,
it is negative definite.

e Therefore ¢(3) is strictly concave and has a unique global maximizer; Newton converges. (Concavity
is the computational gift of the canonical link.)

With initial By, Newton updates are
-1
Bi1=0B+ (XTWX) X (Y —w),

where p; = pu(6;) and W; = diag(p; (1 — pus)).
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Pseudo-response and IRLS view Rewrite

Biy1 =B + (XTVVIX)_l XY — )
— (XTWX) T (XTWXB+XT(Y — )
= (XTWX) " XTW(XB+ WY — )
= (XTWX) " X T Wz,
where
2= XB+ W N Y — ),

is the pseudo-response.
So Bi+1 solves the weighted least squares problem

n
Bi1 = arg mﬁin Z Wi (21 — ﬂT-’Bi)Q-

i=1
Interpretation. Each iteration fits a linear model to a pseudo-response that corrects the current linear
predictor by the scaled residuals.

Iteratively Reweighted Least Squares (IRLS)
e Initialize 3.
e At step

1
= W = d' '3 1 - 7 I
1 +exp(—azjﬁl)’ l 1ag(m ( i ))

2 =XB+ W (Y — ), By = (X TW, X)X W,z

Hii

Binomial Data For grouped binomial observations (with n; trials at common x; and observed
proportion Y;),

m m
(B)=c+ Y nYix[B =Y nilog(1+exp(z,B)),
i=1 i=1
which leads to the same estimating equations as the binary case. Grouping improves numerical stability
when many identical covariates appear.

9.3 Poisson Regression

Poisson Regression for Counts Count responses arise in mortality studies, insurance claims, trans-
portation, and sports. For counts, variance typically grows with the mean, contradicting homoscedasticity
assumptions.
Assume
Y; ~ Poisson (u(1;)), where g(p;) =1, = x, 8.
e The canonical choice is g(u) = log 1, i.e., u = exp(z, 3), mapping R — (0, 0).
e Hence Poisson regression is a log-linear model.

e Note that g maps positive real line to the entire real line.
Maximum Likelihood Estimation The log-likelihood is
UB) = a]BYi =D exp(a{B)— D log(¥i),
i=1 i=1 i=1

The score and likelihood equations are

n

ol
%:Z(Yi_ﬂi)mi:XT(Y_U)v X' (Y -p)=0,
i=1
with p; = exp(z,; ). Parallel with logistic: Same algebra, different mean—variance function.
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Review: Contingency Table and Chi-Squared Test of Independence Given discrete
pairs (Y1), Y®), test Hy: independence. Build a frequency table of counts: #{Y (1) =4, Y?) = j} =y,
and the marginal frequency y.; and y;., fori=1,...,1 and j =1,...,J. The test statistic is Pearson’s
chi-squared

= ~X(I-1)(J-1)

i=1 j=1 yzyj/n

Classical view. Pearson’s statistic compares observed counts to independence-based expected counts.

An Alternative Test of Independence With total n, the table is multinomial with probabilities
m; =P(YD =i, Y® = j) and marginals m;., 7.;. Test Hp : m;; = m;.7; via MLE/LRT. The likelihood is

L(Y | Hﬂ'lyj”, E(Y) =C+ Zym IOgﬂ'ij.

1,7 ]

Hz .7 yZJ

e Under the alternative hypothesis (full model), we have a constraint ), > ;Tij = 1. Use Lagrange

multiplier to obtain the MLE:
~ Yij
7T7;j = —

o Under the null hypothesis, we have constraints ) . m;,. =1 and ;=1

T = &, Ty = vi o - fij = nm;.m.; (MLE of the expected counts).
n n

Likelihood-ratio Test of Independence The LRT statistic simplifies to the deviance
Yij large n
= 22% log ( - ) X{r-n(s-1
i, Hij

The deviance is always positive, and we reject Hy for large D.
Test of Independence as Poisson Regression Model the I.J cell counts as independent Poisson
variables Y;; ~ Poisson(i;).

e Think of IJ independent Poisson processes of arrivals.

e Conditioning on total n = Z .Y, yields a multinomial with probabilities m;; = p;;/n (Poisson
thinning).

Thus multinomial LRTs have a Poisson-regression counterpart.

e Independence model:

logpij =n+ai+8; = piy=eleiel

e Saturated model:
log pij =1+ ij-

e Conditioning on n recovers the same MLEs as the multinomial derivation; the LRT statistic is the

same (details omitted):
Y.,
D=2 Y;; log <A”> .

Poisson Regression for Three-Way Tables Poisson regression extends naturally to higher-way
tables and richer association patterns.

Example 9.1 (Three-way contingency table). Let S denote social status (I = 4), E parental encourage-
ment (J = 2), P college plans (K = 2).
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Table 1: College plans by social stratum and parental encouragement

Social Parental
Stratum Encouragement College Plans - Total
Lower Low 749 35 784
High 233 133 366
. Low 627 38 665
Lower Middle 1, 330 303 633
. Low 420 37 457
Upper Middle . 374 467 841
Hiohor Low 153 26 179
& High 266 800 1066
Total 3152 1839 4991

Table 2: Three-way contingency table models, hypotheses, and Poisson regression forms

Model Hypothesis Poisson Regression

S+E+ P H, DMk = T T.5. Tk loguijk:77+ai+ﬂj+’yk

SE+ P Hy : mijp = mi. 7k log pije = n+ o + B + v + (aB)i;

SE+ EP Ho @ miji = mi.m i/ 108 paje =1+ o + B + i + (@B)ij + (B7)jk

SE+SP+EP 777 log pijk = 0+ ai + B + vk + (aB)ij + (ay)ir + (B7) ik
Models

e S+ E + P: mutual independence.
e SE 4 P: S associated with E; jointly independent of P.
e SE4+ EP: S 1 P | E (pairwise associations but no SP given FE).

e SE + SP + EP: pairwise associations without three-way interaction.

Deviance:

D:2ZZZYijklog<Yijk>.
i J k

Hijk
e For SE + SP + EP no closed-form MLE exists; fit via iterative algorithms (e.g., IRLS).

9.4 Exponential Family

Motivation: Exponential Family and GLM Linear, logistic, and Poisson regression look very
different on the surface, but they share a common algebraic backbone. In each case, the conditional
distribution of the response belongs to an exponential family. This shared structure makes it possible to
treat them in a unified way, especially when we study mean—variance relations and maximum likelihood

estimation.
For the three canonical examples we have

Linear: Y; ~ N(pi,0?), Logistic: Y; ~ Bernoulli(y;), Poisson: Y; ~ Poisson ;).

Model MLE 151 Deviance d.f. Sig. level 0.05
S+E+ P Y}..Y.j.Yuk/n2 2714.0 10 reject

SE+ P YiiY.i/n 1877.4 7 reject

SE+ EP Yi; Y/ Y . 255.5 6 reject
SE+SP+EP 777 1.575 3 fail to reject
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Figure 11: Illustration of nested models.

Three-way association

(saturated model) SEP
Homogeneous association SE+EP+SP
Conditional
| ORCRONET SR EP SE+SP SP+EP
o >< ><
Joint
: SE+P S+EP SP+E
independence
C let
o ompee S+E+P
independence

e Normal, Bernoulli, and Poisson distributions are all exponential families.

e Generalized linear models (GLMs) exploit this structure to build regression models for any response
family of this type.

It is therefore worth isolating the key properties of exponential families once and for all.

A family of densities (or pmfs) is said to be an exponential family if it can be written in the form

k
f(x) = h(x)c(é) exp (sz(é)tz(fﬂ)) = h(x)exp (GTt(x) — A(H)),

where we have absorbed the normalizing factor as ¢(0) = exp(—A(0)) and set 6; = w;(0).

Note. The map from the original parameters 0 to the natural parameters € need not be one-to-one.
Even if 8 — 0 is not injective, the constant ¢(0) can still be expressed purely in terms of 6, so that A(0)

and ¢(0) are defined consistently on level sets of the mapping.
In this representation,
e 0 are the natural (canonical) parameters;
e t(x) are the sufficient statistics;
e A(0) is the log-partition (cumulant) function that ensures f integrates (or sums) to one.

The strength of this form is that the key probabilistic quantities, such as means, variances, and covariances
of the sufficient statistics, are encoded compactly in A.

Cumulants To anchor the notation, it is useful to list a few familiar families in canonical form:

Family 0 t(x) A(0)

Gaussian  (pu/0?,—1/(20%)) (z,2%) —07/(462) — 3 log(—26) — 3 log(2n)
Bernoulli  log(u/(1 — w)) x log(1 + €?)

Poisson  log()\) x e?
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The function A is more than a normalizing constant: it encodes the entire moment structure of the
sufficient statistics. Once we know A, its gradient and Hessian automatically yield the mean vector and
covariance matrix of ¢(X).

For Z, K(s) = log E[eSTZ]. Derivatives of A(@) generate moments of £(X):
0A 0?A
08 _mi(x)), 2 = Covle(x)).

Remark 9.1 (Cumulant function in exponential families). If Z is a random vector, its cumulant generating
function (cgf) is
-
K(s) =logE[e* 7],
the logarithm of the moment generating function. Its derivatives at s = 0 give

V.K(s)|,_, = E[Z], ViK(s)|,_o = Cov(Z),

and higher derivatives at 0 yield higher-order cumulants.
Now consider a k-parameter exponential family

po(z) = h(z)exp {0 t(z) — A()}, 0 c O CR"
Under pg, define the cgf of the sufficient statistics ¢(X) as
Kg(s) =logEg [esTt(X)].
A direct calculation shows that, for all s with 8 + s € ©,
Ko(s) = A6+ s) — A(0).

Consequently,
VoA(8) = VaKo(s)|,_, = Ealt(X)],

V2A(6) = VﬁKg(s)]szo = Covg(t(X)),

so A(0) acts as a cumulant generating function for the sufficient statistics in the natural parameter 6.

Checking the first two cumulants Let us verify these identities directly. Starting from

A(0) = log/h(:c) exp(0 " t(x))dz,
we differentiate under the integral sign (justified, for example, by dominated convergence) to obtain
EA(H) [ h(z) 2 exp(6t(z))dx
00 [ h(z)exp(Tt(x))dx
_ [t(x)h(x) exp(8 T t(x))dx
[ h(z)exp(0Tt(x))dz

/ (z)h(x) exp (0Tt(x) — A(0)) dz

[interchange of limit and integral justified by DCT]

E[t(X)].
In other words, the gradient of A gives the mean of the sufficient statistics. Differentiating once more,
o A(0) = 9 /t(x)h(:c) ex (OTt(x) — A(9)) dz
20,00, ~ 20 P

.
= /t(x) (t( ) — %A( )) h(z) exp(8 " t(z) — A(8))dx

= E[t(X)t(X)"] - E[t(X)]E[(X)]"
= cov(t(X)).

Thus the Hessian of A is the covariance matrix of the sufficient statistics, as claimed.
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Example 9.2 (Bernoulli). For a Bernoulli(x) variable written in canonical form, the log-partition function

18
1

=10 M Var(X) = p(1 — p).

Example 9.3 (Poisson). For a Poisson(\) variable, A(f) = e = X gives E[X] = A and Var(X) = \.

A(0) =log(1 + ¢’) = E[X]

MLE Exponential families are particularly pleasant for likelihood-based inference. For i.i.d. observations
x;, the log-likelihood takes the form

00) = Z log h(x;) + 6" Z t(z;) — nA(9),

so that
% = tx;) - n%ﬁ =D t(w:) — nE[H(X)].

i=1 i=1

Setting the score to zero, the maximum likelihood estimator satisfies
1 n
=" #a) = B[H(X).
i=1

In words: the MLE equates empirical and model moments of the sufficient statistics. Exponential-family
MLE is thus a method-of-moments estimator in disguise.

9.5 GLM

With the exponential-family foundation in place, we now formalize the generalized linear model framework.

9.5.1 Definition of GLM

Generalized linear models (GLMSs) start from an exponential-family response and then introduce a
regression structure: the mean of the response is linked to a linear predictor through a smooth, possibly
nonlinear transformation. Formally, a GLM specifies

e a random component: a response density from an exponential family (so that mean and variance
are linked via A);

e a systematic component: a linear predictor 7; = :B;F,B;
e a link function g relating the mean p; = E[Y; | @;] to the predictor via g(p;) = n; (equivalently,
“1
pi =g~ (1))

GLMs are particularly useful when Y is constrained (binary, counts, proportions) or clearly non-Gaussian,
but we still wish to exploit linear structure in the predictors.

Several familiar models fit neatly into this template:

Model Family Link Range of Y;  Var(Y;)
Linear regression ~ Gaussian Identity (—o00,00) ¢ =02
Logistic regression Bernoulli Logit {0,1} wi(1 — )
Poisson regression  Poisson Log {0,1,2,...}

In summary, a GLM consists of:

e Random component: Y; following an exponential-family distribution (e.g., Bernoulli, Poisson,
Gamma) with mean p; and variance Var(Y;) = ¢V (u;);

e Linear predictor: n; = Sy + S1zi1 + - - + Bpxip = w;ﬁ%
e Link: a smooth, invertible function g such that g(u;) = n; and pu; = g~ (n;).

Viewed this way, GLMs extend ordinary linear regression to a broad class of non-Gaussian responses
while retaining much of its interpretability and computational machinery.
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9.5.2 Exponential Family within GLM

Exponential Family (scalar form) To simplify notation, consider first a univariate exponential
family with scalar canonical parameter 6:

yo — A(0)
o}

where ¢ is a dispersion parameter (e.g., ¢ = o2 for a normal family; ¢ = 1 for Bernoulli and Poisson).
This is just the scalar version of the general form discussed above.

Y~ f(y]6,6) =exp | + ey, )],

Exponential Family (mean—variance) The cumulant identities translate directly:
o i = E[Y; | 0;,0] = A'(0:), Var(Y; | 0;,6) = A”(6;)0.
e Since A” > 0, A’ is strictly increasing, so the mapping p <> 6 is one-to-one:

_ Var(Vy)

O = (i) = (A) 7 (), Vi) = A"(6:) n

The function V(u) is often called the wvariance function. The family-specific variance function V(u)
captures the shape of the mean—variance relation, while ¢ scales the overall noise level. In GLMs this
unifies Gaussian models (where ¢ must be estimated) with Bernoulli/Poisson models (where we typically
fix p =1).

Figure 12: Overview of GLM Notations and Links

linear mean exp. family
predictor response parameter
i \ g (0
(3 S 1

ni =1 ¢
5/ g Pt

This diagram emphasizes that there are really three layers: the linear predictor 7;, the mean p;, and the
canonical parameter ¢;. The link g connects n and p, while the exponential-family structure connects p
and 0 via .

9.5.3 Maximum Likelihood Estimation

For GLMs, the log-likelihood can be written as a sum of independent contributions,
1 n n n
6(B) = p D (6:Yi = A(6:) + > e(Yi, ¢) = > £i + const.
i=1 i=1 i=1

The dependence on 3 is through 6;, which in turn is linked to p; and n; = «; 3. Applying the chain rule
carefully,

dB;  00; Ou; On; 9B,
_ Ly oarp 9% Ok
B ¢(K 4 (el))am o
o}

(Y — Nz)aimafm%

This is the basic score formula for GLMs; the only difference across specific models lies in the choices of
A, g, and hence pu(n).
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Exponential Family—Canonical Link Function Among all possible links, the canonical link
plays a special role. It is defined by

V(i) = g(pi) , and hence 6; = ¢(u;) = g(p) =m; = = B.
N————

canonical link g=1 def of ¢ GLM assumptions

In words, the canonical link chooses g so that the linear predictor equals the canonical parameter. For the
standard GLMs, this reproduces the familiar links:

Model  Canonical link 6 = ¥(u) p=14y"10)=A0)

Linear Identity 0=pu w==0
Logistic ~ Logit 0=log 4, 1= 1re=e
Poisson  Log 0 =logpu pw=-e

Concavity Canonical links greatly simplify derivatives, and in particular they make the log-likelihood
concave in 3 for the usual response families, which is invaluable for optimization. To see this, note that
A"(0) = Var(Y)/¢ > 0, so the cumulant A is convex in §. Under the canonical link, 6; = n; = = 3, so A
is convex as a function of 3. Consequently, the log-likelihood ¢(3) is concave in 8, and Newton—Raphson
(or variants) is well behaved.

Maximum Likelihood with Canonical Link: score & Hessian With 0; = 7;, we have
90; BNZ 90; __

op o — o, — b and the score and Hessian simplify to
1< 1
23 =7 Dz =—X(Y — p).
aﬁ " ; = ;) p (Y — )

The likelihood equation takes the exact same form as in the linear, logistic and Poisson regression models

XT(Y —p)=0.

Since 3t = gt = A”(6:) = V (1),

520 1 — 1
-9t _ ,E XWX,
03~ ¢+ — On; ¢ v

where

de,” do,’ "7 do, dé;
Note that W here (under canonical link) depend on 3 through 8 =n = X ' 3.

W = diag (d‘“ due d"") Y gty = A0 = V().

Newton and TRLS (canonical link) The Newton update can be written in two equivalent ways:
B =B+ (X WX)' X (Y — ) = (X Wi X)X Wiz,
where
21 =0, + WY — w), 6,=XB, =g "'(m).

The second form suggests an iteratively reweighted least squares (IRLS) algorithm: at each step, regress
the pseudo-response z; on X with weights W;.

9.5.4 General Link and Fisher Scoring

General Link Function When g is not canonical, the algebra becomes slightly more involved but
the basic ideas remain. For a general link,

o0 1N~y 100 Opi
675]' - ¢ ;(K Mz)a’ui anz Lij
1 n
= P Z(Yz — A(0:))Y" (pa)g' (1)~ i
=1
1 — 1 1
= = sz - M 1
5 2



This expression is obtained by applying the chain rule to a single contribution
1 _
6i(B) = a{Yzﬂi — A(6:)}, 0; = (i), i = g~ (mi),m = x| B,
and using A’(6;) = p; and ¢’ (i) = 1/V (1;). To compute ¢’ (1), differentiate the identity u = A’(0) with
respect to p:

1= du . iA/(Q) _ AH(Q)% _ A”(@)d/(u) - 1//(:“) = Alll(g) = ﬁ

S dp dp

Differentiating again and keeping track of the dependence on p; leads to

" [dn; dp; d ( 1 1 > }
Yi— i Lij

; [dﬁk dn; dpi ( )V(Mz‘) g'(wi)) "

1
¢
~5 2 (o) e () ]

where d v ) q .
i — Hi
& )~ ()
dp; (g’w)V(ui)) 9" (i) V (i) ( )dui 9" (i) V (i)
The inner derivative %() accounts for how the weight factor changes as the mean p; moves along the

link g. The exact expression is somewhat messy and, crucially, depends on the data Y.

General Link—Newton—Raphson The full Newton step would use this observed Hessian. How-

ever, because
d 1
.
{( )dﬂi g’ (1) V (i)

its expectation simplifies considerably. This observation motivates replacing the stochastic Hessian by its
expectation.

General Link—Fisher Scoring The expected Hessian is

1 1
E[H :—fXTWX, W = diag ()
] ¢ 9" (1i)?V (s)
The Fisher information is then
L T
I(B) =E[-H] = gX WX.

Using E[H] instead of H gives the Fisher scoring update, which is algebraically identical to IRLS
(with the appropriate W determined by g and V). Under canonical links, the observed and expected
information coincide, so Newton and Fisher scoring are the same.

9.5.5 Dispersion Estimation

Estimation of the dispersion parameter An important feature of GLMs is that the maximum
likelihood estimator 8 does not depend on the dispersion parameter ¢. However, ¢ enters the variance
Var(Y;) = V(pi)¢ and therefore is needed for standard errors, tests, and confidence intervals. In practice,
¢ is usually estimated via the Pearson chi-squared statistic

n Y—,L/l\/)Q
X2: ( 2 7
2V

where [i; is the fitted mean under the GLM and V' (u) is the variance function of the chosen family. It is
convenient to consider the scaled Pearson statistic

(recall that Var(Y;) = V(u;)e),
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which, under the model and for large n, satisfies
2.2
X2~ X I

with n—p degrees of freedom, where p is the number of fitted parameters. This suggests the asymptotically

unbiased estimator
X2

n—p
obtained by matching X2 to the mean of a X727,7p distribution. This estimator reduces to the usual
unbiased estimator of o2 in the Gaussian linear model and generalizes it to the GLM setting.

3=

Example 9.4 (Linear regression). For the normal model, V (i;) = 1 and ¢ = 02, so

an(m ~Y,)?
=1

is the familiar unbiased estimator of the error variance.

~ 1
d):o’2:
n—p

Example 9.5 (Logistic regression). For Bernoulli data, V' (u;) = p;(1 — ;) and the model assumes ¢ = 1.
Nevertheless,

3= 1 i (Y; — f;)?

n—p = pi(l— )

is useful diagnostically: values far from 1 can indicate overdispersion or underdispersion relative to the
nominal binomial variance.

9.6 Statistical Inference

Statistical Inference Once a GLM has been fitted, we still need to answer inferential questions:
How variable is 3?7 Which predictors are important? Is the model adequate? For GLMs, these questions
are typically addressed through large-sample (asymptotic) theory:

e asymptotic normality of the MLE;
e hypothesis testing for linear combinations of coefficients;
e construction of confidence intervals and regions.

The basic tools are the Wald test, the likelihood ratio test, and the score test.

General Linear Hypothesis Many hypotheses of interest can be written as linear constraints on 3:
o Hy:B;=p5;, Ho:B=p"
o Hy:pi=pj, Ho:pr=pP2=0=0,
e General form: Hj:CpB =r with C' € R?*P full rank.

We consider three tests that provide different ways of assessing such hypotheses.

9.6.1 Wald’s test

To introduce the Wald test, we first recall the large-sample distribution of the maximum likelihood
estimator (MLE) in a general GLM. The MLE 3 is a p-dimensional random vector. Under suitable
regularity conditions, it is asymptotically normal.

As n — 0o, we have R
B~ N(B,I7'(0),

where Z-1(f3) is the inverse of the Fisher information matrix.
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In practice, the unknown Fisher information Z(3) is replaced by its plug-in estimate evaluated at the
MLE. For a GLM with dispersion parameter ¢, this takes the familiar form

I=1I(8) = lXTWX7
¢

where W is the working weight matrix evaluated at B

When we are interested in testing a single component of 3, the asymptotic normality of the corre-
sponding marginal coordinate can be used directly. If the dispersion parameter ¢ is known, this leads to
a large-sample z-test for that coordinate. If ¢ is unknown and estimated from the data, the resulting
statistic is typically interpreted as approximately t-distributed with an appropriate number of degrees of
freedom.

For testing several components of 8 simultaneously, however, the marginal approach is no longer
sufficient. Instead we work with a quadratic form in the joint asymptotic distribution of 3, which leads
to the Wald test.

Construction of the Wald test. Suppose we want to test a general linear hypothesis
Hy:CB=r,

where C is a full-rank ¢ X p matrix with ¢ < p, and r is a given g-vector. The construction of the Wald
statistic relies on a standard fact about quadratic forms of multivariate normal vectors.

For a g-dimensional normal random vector Y ~ A (u, V') with nonsingular covariance matrix V', we
have

(Y =)V Y —p) ~ X2

Under Hy, we have C3 = r, and the asymptotic normality of [)’ implies that C[)’ is approximately
N(CB,CZ71(B)CT). Replacing the unknown matrix Z(3) by its plug-in estimate 7, we define the Wald
test statistic

~ ~ -1 ~
= (CB-n)T [cz*lcﬂ (CB — ).
Under Hy and for large n, this statistic satisfies
W = X(2]'

We reject Hy if the observed value of W is large, that is, if it exceeds the (1 — «)-quantile of the X(Zz
distribution.

The Fisher information Z(3) may also depend on a dispersion parameter ¢. In GLMs such as logistic
regression and Poisson regression, the dispersion parameter is fixed at ¢ = 1. In models with unknown
dispersion, such as linear regrebblon one plugs in a consistent estimate ¢ of ¢ into I the resulting Wald
statistic is still asymptotically xq.

Example 9.6 (Linear regression). Consider the classical linear regression model
)/7,:58;/6'—"_5“ EiNN(O’02)7

and suppose we wish to test the null hypothesis Hy : 8 = Bp.
In this case, we can write C = I, and r = By. The Fisher information is

7(8) = L xTx,

o2
If the variance o2 is known, the Wald statistic becomes
1 - ~
W= ﬁ(ﬁ —B0)' X" X(B—-Bo) ~ Xf, under Hy.

2 is usually unknown and is estimated by the residual mean square

1 n
_p;(x—

In practice, o
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The corresponding statistic

(B Bo) X" X (B~ Bo) ~ Fpn—p under Hy,

is the familiar F-test for a linear hypothesis in regression.

The difference between these two forms is subtle but important: when ¢“ is known, the natural
large-sample reference distribution is Xp? when o2 is unknown and estimated from the data, the exact
finite-sample distribution is Fj, ;,—p. As n grows large, the F), ,_, distribution converges to x; 2/pin a
suitable sense, so the two perspectives are asymptotically equivalent. More precisely, when we plug in
the estimator 32 (which is proportional to a X%—p random variable under the model), we should use the
Fy.n—p reference distribution; for large n, the chi-squared approximation is typically adequate.

2

9.6.2 Likelihood ratio test

We now turn to the likelihood ratio test, another fundamental large-sample test for general linear
hypotheses in GLMs. Again consider the hypothesis

HO:Cﬂ:n

where C' is a ¢ X p matrix.

Let ,8 denote the unconstrained MLE of the GLM under the full model, and let ﬁo denote the MLE
under the restricted model satisfying C3 = r. The likelihood ratio compares the maximized likelihoods
under these two models.

Likelihood ratio statistic. The likelihood ratio statistic is given by

_ L(Bo) LB) _yridy 105
L(B) L(Bo)

Under Hy and suitable regularity conditions, Wilks’ theorem states that
2(1(8) — 1(Bo)] ~ x;

Thus —21log A is compared to the X distribution, and we reject Hy when the statistic is large.

, —2log A = 2log

If the dispersion parameter ¢ is unknown, one must use the same consistent estimator ng in both
log-likelihoods l(,@) and ! (ﬁo) so that the nuisance parameter cancels in the likelihood ratio. Under
standard assumptions, this yields the same Xg limit.

9.6.3 Score test
A third classical approach is based on the score function, i.e., the gradient of the log-likelihood with

respect to the parameter.

Score function and its large-sample distribution. For a GLM with general link function g,
the score function is
_ap)

B’

where the jth component can be written as

i Y
j (bz i :uZ

NZ)

S(,@) S(,@) = (Sl(ﬂ)""’sp(ﬂ))Ta
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For any sample size n, we have

E[s(8)] =0 and Cov(s(8)) =Z(8).

Furthermore, as n — oo,
s(8) =~ N(O,I(ﬂ)),
so the quadratic form

SB)TZH(B)s(8) ~ X2

To test Hy : 3 = By, we evaluate the score and information at the null value, forming

S =5(80) T (Bo)s(Bo),

which is approximately ng under Hj for large n. A key feature of the score test is that it only requires

fitting the model under the null hypothesis: ,@ under the full model is not needed.

Comparison of Wald, likelihood ratio, and score tests The Wald, likelihood ratio (LR), and
score tests are all large-sample procedures derived from the same underlying likelihood framework, and
under standard regularity conditions they are asymptotically equivalent: for fixed-dimensional hypotheses
and large n, they yield the same rejection regions up to o(1) differences in size and power.

In finite samples, however, their behavior can differ. Empirically and theoretically, the likelihood
ratio and score tests often perform better than the Wald test when the sample size is modest or when the
parameter is near the boundary of the parameter space. Intuitively, both the LR and score tests exploit
more of the global shape of the likelihood function (as in profile likelihood confidence intervals), whereas
the Wald test relies heavily on a local quadratic approximation around B

From a practical standpoint, the LR test is particularly attractive when the likelihood function can
be computed easily: it only requires maximizing the likelihood under the full and restricted models and
does not require explicit computation of the Fisher information. The score test is convenient when fitting
the full model is difficult but the null model is simple. The Wald test is often the easiest to implement
when reliable standard errors for B are readily available.

9.6.4 Goodness-of-fit tests

We now turn from testing specific linear hypotheses to assessing the overall adequacy of a GLM. Suppose
we have data (Y;, ;) for i = 1,2,...,n. Conceptually, we can compare three kinds of models:

e The saturated model, in which the number of parameters equals the number of observations so
that each observation has its own mean parameter p;.

e The null model, which uses a single parameter, so that p; = p for all 4.
e The GLM of interest, which has p parameters and specifies y; = g~ (z; 3).

Our goal is to select a model that describes the data well while using as few parameters as possible. To
quantify the discrepancy between the observed responses Y and the fitted means p from a candidate
model, two commonly used measures are Pearson’s chi-squared statistic and the deviance.

Pearson’s chi-squared statistic. The Pearson chi-squared statistic is defined by
" = i)
XQ —_ ( T L T ,
; V(i)
where V(p) is the variance function of the GLM and fi; is the fitted mean for observation ¢. This

generalizes the residual sum of squares (RSS) in linear regression.

Example 9.7 (Normal). For a normal linear model with constant variance, V (x;) = 02 and

X% =>"(Y; - fi;)* = RSS.

i=1
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Example 9.8 (Poisson). For a Poisson model with V' (p;) = p;, we obtain
— (Vi — 11:)?
x2=3 (i — )"
i=1 Hi

Example 9.9 (Binomial). For a binomial model with V' (x;) = p;(1 — p;), we obtain

If the GLM is correctly specified, then X2 /(n — p) provides an estimate of the dispersion parameter ¢:
e For the normal model, RSS/(n —p) ~ 02 = ¢.

e For canonical binomial models, X?/(n —p) ~ 1 = ¢.

e For Poisson models, X2/(n —p) ~ 1 = ¢.

Large values of X2 relative to its degrees of freedom indicate lack of fit.

Deviance. To define the deviance, recall that in an exponential family, the natural parameter 6; is
linked to the mean parameter u; via

i =A0:), 0; =),

where A is the cumulant function and % is the inverse mean—parameter mapping. The log-likelihood can
thus be expressed as a function of the mean parameters:

() = % SO (0 — A0)) = % S (W)Y — A@()))-
=1 i=1

In the saturated model, the MLE for p; is simply u; = Y; (each observation is fitted exactly). In the
GLM, the MLE for p; is given by the fitted mean

fii =g (] B).

The deviance compares the fitted model to the saturated model. It is defined as
N N 2 n ~ R 5 R
DY, i) =2[U¥) ~ 1(@)] = 53 (6~ BYi — AG) + AB)
i=1

where 0; = 1)(Y;) (the natural parameter in the saturated model) and 8; = v (Ji;) (the natural parameter
under the fitted GLM).

e The deviance is always non-negative, since the saturated model provides the largest possible
log-likelihood among all models that assign one parameter per observation.

e In regular situations, the deviance is finite, but in some edge cases it can diverge.

Deviance and the likelihood ratio statistic. The deviance plays a central role in model
comparison. For two nested GLMs, say a full model and a restricted model satisfying C3 = r, the
likelihood ratio statistic can be written as the difference of their deviances. Specifically, if Dg, and Dies
denote the deviances of the full and restricted models, then

2 [l(ﬁfull) - l(ﬁres)] = Dres - Dfull-

Thus the LR statistic is equivalently the reduction in deviance when moving from the restricted to the
full model, and is asymptotically xg when the restriction imposes g constraints.

Under additional restrictive conditions (roughly, when the number of parameters p is fixed and n is
large, and some regularity assumptions hold), the deviance of a correctly specified GLM can itself be
approximated by a chi-squared distribution with n — p degrees of freedom:

D(Y,p) ~ Xi—p-
However, this approximation is not universally valid, in part because the degrees of freedom grow with n

and the usual fixed-parameter asymptotics can break down.
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Using deviance for goodness-of-fit. When the chi-squared approximation for the deviance is
reliable, we can use D(Y, 1) as a global goodness-of-fit statistic. A GLM with a deviance much larger
than the typical range of a X%—p random variable provides a poor fit to the data. Conversely, a deviance
that is “too small” relative to its degrees of freedom may indicate overfitting or unmodeled overdispersion
in ¢. In practice, both Pearson’s chi-squared statistic and the deviance are examined when diagnosing
GLM fit.

9.6.5 Nested model tests

We now formalize the use of deviance differences to compare nested models. Recall that in linear regression
we compared nested models via differences in residual sum of squares. The same principle extends to
GLMs through the deviance.

For a model M, let B denote the corresponding parameter space for 3.

Example 9.10 (Model with 51 = 0). For the model with 8; = 0, we have B = {3 : 3, = 0}.
Example 9.11 (Model with C8 = 7). For the model with C8 = r, we have B={3:C8 =r}.
We write M1 C My if By C Bs, that is, if model M is a special case of model Maj.
Definition 9.1 (Nested model). We say that a sequence of models My, M, ..., M,, is nested if
By CByC--- C By

Let D; be the deviance of the ith model in a nested sequence. Because each successive model allows
more flexibility, the deviance cannot increase as we move to a larger model.

If My C My, then Dy > Ds.

We now focus on the common case where B; is a linear subspace of RP of dimension ¢;, with
g1 <q2 <: < {gm.
Example 9.12 (A special case). In model i, let
Bi ={B: Bit1 = Biy2a == Bp =0},
so that we add parameters one at a time.
For nested models, the deviance of model 7 can be written as
D(Y ., fy) = 2[Y) — UHig)],

where i(;) is the vector of fitted means under model 1.

For all ¢ < j, the difference in deviance satisfies
2
Di—D; = Xgj—q:
for large samples.
Thus:

e The deviance D; measures the lack of fit of model i relative to the saturated model.

e The difference D; — D; measures the improvement in fit when moving from model i to model j,
and its chi-squared approximation provides a natural test for whether the additional parameters in
model j are needed.
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Deviance-based hypothesis tests for nested models. Consider testing Hy : M; versus
Hy : Mj, where M; C M; and the corresponding parameter dimensions are p; and p; with p; < p;. The
natural test statistic is the reduction in deviance

AD = D; = D; = 2[U(R)) — fio)] = X5, —p.-

Here AD is exactly twice the log-likelihood ratio between models M; and M. Because the degrees of
freedom p; — p; are fixed (and typically small), the chi-squared approximation for AD is usually more
accurate than for a single deviance D;, whose degrees of freedom grow with n.

In practice:

e If ¢ is unknown, we plug in a consistent estimate $ into both models.
o We reject M; in favor of M; if the observed AD exceeds X;Q;j pid—a

e It is important to stress that rejecting M; does not imply that M; fits the data well; it only says
that M; provides a significantly better fit than M;.

Example 9.13 (Linear regression Y; ~ N (z; 3,0?)). In the normal linear model, one can verify that
the deviance is proportional to the residual sum of squares:

1 ¢ 5
D=2 (Vi)
i=1

g

1 _ _

(Y - XB)(Y - XB)

- % (YTY —28"X7Y + 8T X" X3)
1 _ R

== (YTY _ ﬁTXTXB)

1 (ore oro) 1

;(Y Y-V Y) = —RSS,

because X T X ,@ = X 'Y by the normal equations for least squares. Thus deviance-based tests for nested
normal linear models reduce to the usual F-tests based on sums of squares.

For two nested linear models M, and M; with gy < ¢; parameters, if the null model M, is true,
then

1 /- ~
AD =Dy— Dy = — (ﬂa)XTY - ﬂ(TO)XTY) ~ X oo
Because My C My, the larger model M is also correct under Hy, and its deviance satisfies

1 ~
Di== (YTY-BLXTY) ~ A2,
Moreover, D is independent of Dy — D;. Hence the ratio

Dy —Dl/ D1 r
- n—aq q1—qo,n—q1>

2

where the unknown variance o cancels out. This recovers the classical F-test for comparing nested linear

regression models.

0] Y0 — XB\(O) column space of Mg
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Example 9.14 (GLM with two groups of factors). Suppose we consider a GLM with two sets of predictors,
x; € RP* and z; € RP2. Define the following models:

Model 1:  g(u;) = =] B,
Model 2:  g(u;) = w;—ﬁl + 2;52-

Then M; C Ms. More generally, we may consider the following sequence:

Predictor Model #parameters Deviance DF
Intercept only  g(u) = g 1 Dy n—1
Single factor z g(u) = ap + ="« p1 D, n—pp
Single factor z  g(u) = Ao + 2" A D2 Dy n — pa
Two factors gu)=Bo+x"B1+2"By ps=pi+p—1 Ds n — ps

Goodness-of-fit tests based on deviance differences can then be constructed as follows:

Hypothesis Effect to be detected Test statistic DF

Hy:a=0vs. Hi:a#0 Effect of « ignoring z Dy — D, p1—1
Hy:B1=0vs. H : 81 #0 Effect of  with z in the model Dy — D5 p1—1
Hy:A=0vs. HH: A#0 Effect of z ignoring Dy — Dy po—1
Hy:B2=0vs. H : 82 #0 Effect of z with « in the model D; — D3 po—1

These comparisons allow us to assess the marginal and conditional contributions of each predictor group
to the overall fit.

Example 9.15 (Poisson regression for three-way contingency tables). Finally, deviance-based nested
model tests are widely used in log-linear Poisson regression for contingency tables. For example, in
a three-way contingency table, one considers a hierarchy of log-linear models (independence, pairwise
interactions, full three-way interaction, etc.), and the corresponding sequence of nested Poisson regression
models can be visualized schematically. In such settings, deviance differences provide a natural way to
test for the presence of specific interaction terms.

Reference Kevin Murphy, Machine Learning: A Probabilistic Perspective.
Annette Dobson, An Introduction to Generalized Linear Models, 2nd ed.
German Rodriguez, https://data.princeton.edu/wws509
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10 Classification Methods

10.1 Introduction

Introduction We begin with a familiar supervised learning setup. Suppose we observe a sample

where X; € RP collects p predictors (or features), and Y; is a class label taking values in a finite set C
(for binary problems, C = {0,1} or {—1,1}). The goal of classification is to use the training sample to
construct a rule that maps a future predictor vector X to a label in C as accurately as possible.

A classification rule is any mapping ¢ : R? — C that assigns a label §(X) to each point X.

Beyond this formal definition, a good classifier should be interpretable (we can understand why it
predicts a certain label), robust (small perturbations of the data should not lead to wild changes), and
calibrated when possible (its score relates sensibly to class probabilities). The methods in these notes
strike different balances among these desiderata.

Logistic Regression as a Classifier A common entry point is logistic regression, which models
the conditional probability of class “1” via a sigmoid transform of a linear score:

1

PV =1]2) = u@) = @)

B 77(:1’) = 60 + wT/@'

A natural (though not unique) decision rule is the 0.5 cutoff: predict ¥ = 1 if and only if P(Y =1 | ) > 0.5.
This threshold corresponds to equal misclassification costs; different costs lead to different cutoffs and
therefore different points along the ROC curve.

1
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Receiver operating characteristic (ROC) curve To appreciate the effect of moving the cutoff,
imagine a one—dimensional score with two overlapping class-conditional densities. A vertical threshold
partitions the axis into predicted negative/positive regions. Areas under the class-1 density to the right
of the threshold are true positives, while areas under the class-0 density to the right are false positives.
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Ilustration of TP, FP, TN, FN using Two Normal Densities
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ROC curve The ROC curve summarizes all cutoffs by plotting the true positive rate (TPR =
TP/(TP + FN)) against the false positive rate (FPR = FP/(FP 4+ TN)). A classifier that guesses at
random lies on the diagonal; better classifiers bow towards the upper-left.
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Bayes Rule The gold standard for classification under 0-1 loss is the Bayes rule.

The expected 0-1 loss (risk) of a rule ¢ is
R(3) = P(Y £ 8(X)) = Exy [1{Y #6(X)}].

A Bayes rule predicts the most probable class given X:

0*(X) = argmaxP(Y = ¢ | X).
ceC

The Bayes rule minimizes the misclassification error For the binary case C = {0,1}, write
NX)=PY =1|X)and P(Y =0| X)=1-—n(X). Then
R) = Bxy [L{Y # 6(X)}] = Ex [Ey x [1{Y = 0,6(X) = 1} +1{¥ = 1,6(X) = 0}]]

=Ex[(1 - n(X)1{d(X) = 1} + n(X)1{5(X) = 0}
=Ex[P(Y =0 X)1(0(X) = 1) +P(Y = 1 | X)1(5(X) = 0)]

=Ex [n(X) + (1 - 2n(X))1{6(X) = 1}].
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For each fixed X = x, the integrand is minimized by predicting 1 whenever 1 — 2n(x) < 0, i.e., whenever
n(x) > 1/2. Therefore the pointwise minimizer—and hence the minimizer of the overall risk—is the
Bayes rule §*(x) = 1{n(x) > 1/2}.

Bayes Rule (visual intuition)

_— .
—

The optimal decision boundary occurs where the class posteriors are equal. In regions where the density
of one class dominates, the risk of choosing that class is smallest.

Modeling the Bayes rule Directly applying §* requires P(Y = ¢ | X), which is rarely available.
The practical aim is to approzimate * as closely as possible from finite data, either by modeling the
posteriors or by constructing discriminative rules whose behavior mimics the Bayes decision.

Bayes rule via Bayes formula Bayes’ formula decomposes the posterior into class priors and
class-conditional densities:

PY = | X = z) = "e/2(@)

e =P =cx), fule) =P X =2|Y =c), f(z)= Zﬁkfk(fB)
%

Thus, modeling posteriors is equivalent to modeling (7, fx): priors can be estimated by 7, = ny/n and
the fi’s by, for example, kernel density estimators, see Section 12.2 of Fan et al. (2020). This leads to
model-based classifiers such as LDA/QDA.

10.2 LDA/QDA

Quadratic Discriminant Analysis A classical model-based approach posits multivariate normal
class-conditional distributions:
X | Y = Ck NN(Nk,Ek).

Under this model, the log-posterior (up to an additive x-independent constant) is
04 (@) = log mi — § log [S| — 3 (@ — ) "5 (= — i),
and the QDA decision (Bayes rule) is arg max; 634 ().

e QDA boundaries are quadratic in x;

e The term (x — uk)TEgl(:c — py) is the squared Mahalanobis distance to the class centroid.
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Estimating QDA Plug-in estimates approximate the Bayes rule:

~ n > 1 m o
Wk:i, nk ZX“ Ek:nk_l Z(Xz—uk)(Xz_uk)T

Yi=ck Yi=cy

arg max { log 7 — 3 log S| — (@ — i)y (@ — i) .

Linear Discriminant Analysis LDA assumes homoscedasticity:
Yr =X forall k.
Terms independent of k cancel, leaving a linear score
Sp (@) =logmy + @ TS g — Sl X7 i,

and the decision arg max,, 6:4%(z). Hence the name linear discriminant.

Estimating LDA The shared covariance is estimated by the pooled sample covariance

K
i Z nk—l Zk,
Zk 1(”16*1 k=1

leading to
arg max { log 7, + wTi_lﬁ — %ﬁ;i_lﬁk}
k

LDA is also known as Fisher’s discriminant analysis. It is often more sample-efficient than purely
discriminative methods when the Gaussian assumption is reasonable.

LDA

Regularized Dlscrlmlnant Analysis When p is moderate-to-large relative to n, covariance
estimates are noisy and - ! may be unstable (or undefined if p > n). RDA stabilizes estimation by
shrinking towards a spherical structure:
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(Left) LDA with quadratic boundary vs. (right) QDA. In many low-dimensional problems the
two can be quite similar; QDA gains flexibility at the cost of estimating a covariance for each
class.

, ifcda(a) = aik +(1- a)irda(v), 0<a,v<1.

The tuning parameters («, ) are typically chosen by cross-validation.

Connection to Logistic Regression In the binary case C = {0, 1}, the LDA log-odds are

PY=1|=x)

1 _~ ' 7
CPY =0|=)

T _ —
= 10%;(1) +a S (1 — po) — (g1 + p0) T (1 — po) = Bo + B,

where 3 = X7 (; — o). Thus LDA implies a particular logistic model, and models P(X | Y) explicitly
as Gaussian. Logistic regression, by contrast, does not model P(X | Y) and can be more robust under
non-Gaussian features; LDA is more efficient when its modeling assumptions hold.

10.3 A-NN

The Nearest Neighbor Classifier Nearest neighbors are a localized approach: nearby points in
predictor space tend to share labels. With a distance metric d (e.g. ¢, norms),

/ ! - /1q 1/q
d@,@) = le—a'll, = (Y lo; —ajl7)

j=1

we recover Manhattan (¢ = 1), Euclidean (¢ = 2), and Hamming (¢ = 0) distances.

For any query x, let Ny (x) be the set of k training points closest to & under d.

Predict by a majority vote among the neighbors:

arg max E 1(Y; =¢j).
c;€C .
7 1€N (x)

Example 10.1 (k-NN approximating the Bayes rule). As k — oo slowly with n, k-NN averages local
labels and can approach Bayes risk in benign settings.
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7-Nearest Neighbors
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Figures from ESL, Chapter 13.

Remarks—#k-ININ Advantages: conceptually simple, no explicit training, and flexible decision
boundaries. Disadvantages: slow queries (must search the training set), sensitivity to irrelevant features,
and curse of dimensionality—in high p, “nearest” points may still be far away, degrading locality.

10.4 Tree-based Methods and Ensemble

We now turn to recursive partitioning and ensemble strategies for nonlinear classification boundaries.

10.4.1 Classification Trees

Classification Trees Tree-structured classifiers recursively partition the predictor space into regions
(leaves) so that points within a leaf are predominantly of a single class. Similar to k-NN, the idea of
classification tree is that predictors in the same leaf should be more likely to share the same label.

X1 <ty
I
Rs
R2 tyq
X2 <to X1 < t3
(2]
> Rs
to Ry
X2 <4
Ry Ri Ry Rs
t1 t3
X Ry Rs
From partitions to predictions Given leaves {R1,...,Rs}, a query « falls in R(x) and the

prediction is the leaf-wise majority:

Y = arg max Z 1(Y; = c).
w€C X, eR(z)

Trees may allow multiway splits, but binary splits are generally preferred: they are simpler, avoid
fragmenting data too quickly, and can emulate multiway splits through sequences of binaries.
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CART Classification and Regression Trees (CART) perform binary splits to one variable at a time:

For a node R, a candidate split uses a feature j and threshold ¢:

Rl(j,t):{XGRIXjét}, Rg(j,t):{XGRZXj>t}.
CART grows a tree greedily by choosing the split that most reduces node’s expected impurity.

Impurity functions Let py be the proportion of class k inside node R,

1
= — 1(Y; = .
Pk ‘R| Z ( [ ck)

X,€ER
Two common impurities are

Gini: GI(R) = Zpk(l — D), Cross-entropy: CE(R) = — Zpk log p.
k k

— Gini 2p(1 —p)--- (Scaled) Cross-entropy (—plogp — (1 — p)log(1l —p))/(2log(2))

Impurity

0 0.2 0.4 0.6 0.8 1
p

Figure 13: Impurity functions in the binary case (p = p1). Both are maximized at p = 0.5
and minimized at p =0, 1.

Remark 10.1. In CART, both the Gini index and the cross-entropy serve as impurity measures for

evaluating candidate splits. For a node R with class proportions (pg)r, the Gini index GI(R) =
>k Pe(1 — p) and the cross-entropy CE(R) = — >, pi log pi, are both

e minimized when the node is pure; and
e maximized when the classes are evenly mixed (p; = 1/K).
However, for very small py, we have

GI(R) = pr whereas CE(R)~ —pj log py,

so cross-entropy penalizes small minority probabilities more strongly. As a result, cross-entropy is often
more sensitive to imbalanced nodes, while the Gini index tends to provide a slightly more conservative

measure of impurity.
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CART grows a tree greedily by choosing the split that most reduces node’s expected impurity:

(j,£)°P* = argmin [R5, 8)] R2(4, 1)

F(R1(j, 1)) +
i |R| ( 1( )) ‘R|

F(RQ(jv t)) )

where F' is GI or CE and

Rl(j,t):{XERIXjSt}7 RQ(j,t):{XGR:Xj>t}.
Splitting until every leaf is pure yields a fully grown tree, which typically overfits.

Stopping and pruning Depth controls the bias—variance tradeoff. (Depth = longest path from root
to a leaf.)

e If a tree is too shallow, it underfits (high bias).
e If a tree is too deep, it overfits (high variance).

CART therefore prunes a fully grown tree using a leaf-penalty a > 0: select the subtree minimizing
(empirical impurity + ax #leaves). Cross-validation chooses .

Regression Trees For data set {(X;,Y;),1 <i < n}, a regression problem asks for a function f such
that f(X;) = Y;. Tree methodology extends seamlessly to regression. Consider a piece-wise constant
regression model:

S
f@) =" Brl(x € Ry),
k=1

with leaf labels 8i equal to within-leaf sample means. Greedy splitting minimizes squared error within
children:

R1(j,t . Ra(g,t .
uwmzmmﬂ'“”nmum+““”ﬂmum]
YRl ®
where 1 1
F(R)=@Z(Yi—ﬁ)27 and 52@23@‘
X, eR X, eER
and

Rl(j,t):{XGRCX]‘St}, Rg(j,t):{XERin>t}.
The prediction is

S
flx) =" Bil(z € Ry).

Tree-based methods do not posit a fixed parametric form for the prediction (such as linearity); instead
it approximates f by a data—adaptive, piecewise-constant function defined on a recursive partition of the
predictor space. The effective number of parameters (one label/mean per terminal node, plus the split
points) is not fixed in advance and can grow with the sample size as the tree becomes more complex. In
this sense, CART is viewed as a nonparametric method.

e CART is highly interpretable: the prediction for a given input can be traced through a sequence of
human-readable decision rules.

o Although CART is computationally efficient, it relies on a greedy search procedure and thus comes
with limited theoretical guarantees of global optimality.

e (Classification trees are notoriously unstable: small perturbations in the training data can lead to
substantially different fitted trees.

e This instability can be mitigated by combining multiple trees to form a final classifier; such
techniques are known collectively as ensemble learning.
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10.4.2 Bagging

Bootstrap aggregating (Bagging) reduces variance by averaging many models trained on bootstrap
resamples.

Given a dataset D = {(X;,Y:)},, a bootstrap resample is obtained by drawing n observations
with replacement from D. Formally, we sample indices I, ..., I, independently and uniformly from
{1,...,n}, and form the resampled dataset

D = {(ij?}/Ij)}?Zl

Bagging as a meta-algorithm Bagging is a meta-algorithm built on top of a given base learning
procedure. Let g denote a base learner that maps a dataset to a fitted predictor. Given the training data

D = {(XZ»Y;)};IZD

bagging proceeds as follows.

1. Generate B bootstrap resamples

D) — {(XI](_b),YI](_b))}?:l, b=1,...,B,

by sampling indices Il(b), e ,L(lb) iid. from {1,...,n} with replacement.

2. Fit the base learner on each resample to obtain predictors

fO =g(D*®),  b=1,...,B

3. Aggregate predictions:

e For classification with label set C, use majority vote at a query point a:

7P8(x) —argmaxz A(b) x) = cp).
cr€eC

e For regression, average the fitted values:

R

bd \

Bagging is most effective for base learners that are unstable, in the sense that small perturbations
in the training data can cause large changes in the fitted predictor, with CART being a prime example.
To see this in regresmon trees let f denote the predictor obtained by applying the base learner to the
orlgmal Sample and f*(® the predictors trained on bootstrap resamples. In an idealized setting where
the f*® )(z) are independent with variance Var*(f*(z)), the variance of their average decreases as

1A 1 .
ar® <B Zf*“”(@) = 5 Var' (/*(@)).
b=1

In practice the bootstrap predictors are correlated, so the reduction is less dramatic, but averaging still
smooths out idiosyncratic fluctuations that arise from individual resamples. The bias of the procedure
typically changes little, so bagging can substantially reduce mean squared error by trading a negligible
increase in bias for a meaningful reduction in variance.
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10.4.3 Random Forests

Bagging already improves on a single CART tree by averaging over many bootstrap trees, thereby
reducing variance and stabilizing predictions. However, bagging does not fully address a key limitation:
the individual trees in the ensemble are often highly correlated. If there is a very strong predictor (or a
small set of dominant predictors), most bootstrap trees will repeatedly split on the same variables near
the top of the tree. In the variance—reduction picture, averaging many highly correlated predictors does
not reduce variance as effectively as averaging many decorrelated ones.

Random Forests (RF) build on bagging by deliberately injecting additional randomness into the
tree-growing process to reduce this correlation. At each split, instead of searching over all predictors
for the best split, a random forest restricts the search to a small, randomly chosen subset of features.
This “feature subsampling” encourages different trees to explore different splitting structures, even when
some predictors are very strong, thus increasing the diversity of the ensemble. The resulting trees are
still low-bias (they are grown deeply, as in standard CART), but their predictions are less aligned with
each other.

Given the training data D = {(X;,Y;)}",, a random forest is constructed as follows.

1. Generate B bootstrap resamples

DO ={(X,0,Y0)}jor, b=1,.., B,

J

by sampling indices Il(b), e ,L(lb) iid. from {1,...,n} with replacement.

2. For each bootstrap resample D*®), grow a randomized CART tree f®) by:

(a) at each splitting step, randomly select a subset of m predictors;
(b) among these m predictors, find the best split for a chosen impurity measure;

(c) repeat recursively until the tree is fully grown (or until a stopping rule is met).

3. For a query point x, let ]?(b)(:v) be the prediction of the bth tree,

B

7% () = arg max Z 1 (f(b)(a:) = cp).

creC =1

From a bias—variance viewpoint, random forests aim to preserve the low bias of deep trees while further
lowering variance relative to plain bagging, by averaging many less correlated trees. Empirically, this often
translates into better predictive performance and more robust behavior, especially in high-dimensional
problems where many predictors are noisy or redundant.

10.4.4 Boosting

Boosting asks whether a highly accurate strong learner can be constructed by aggregating many weak
learners (such as decision stumps or shallow trees) whose individual performance is only slightly
better than random guessing.

Adaptive Boosting (Freund & Schapire, 1996) implements this idea by fitting weak learners sequen-
tially to reweighted versions of the training data. Operationally, AdaBoost proceeds as follows:

e Base learners are fitted sequentially on reweighted data:
— the weights of misclassified observations are inflated,

— the weights of correctly classified observations are shrunk,

— the guiding idea is to encourage future learners to focus on examples that previous learners
have misclassified.
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e Fach base learner is assigned a weight (or “credibility”) that depends on its classification error.

e Final predictions are obtained by a weighted majority vote over all fitted base learners.

Example 10.2 (Decision stumps and AdaBoost).

e

1. Initialize weights w; = 1/n and recode Y; € {—1,1}.
2. Form=1,...,M:

a. Fit classifier C,(x) to minimize weighted error ., w; 1{Y; # Cp,(X;)}.
2 wil{Yi#Cm(Xi)}

22 wi

b. Compute error err(™ =

1—err(™)
err(m) -~

d. Update w; < w; exp (am1{Y; # Cpn(Xi)}).

c. Set learner weight «,, = log
3. Final prediction: Y = sign <Z%:1 @ Con, (:c))
Loss-function view of AdaBoost ForY € {—1,1} and score f(x) with rule sign(f(x)), consider

the expected exponential loss

L(f) = E[exp(-Y f(X))] = Ex [IP(Y =1 X)e /) L P(Y = —1] X)efX].

f(x) = Llog <H> 7

The minimizer is

whose sign is the Bayes rule.

Proof.
L(f) = E[exp(~Y f(X))]

=Ex [n(X)eff(X) + (1- n(X))ef(X)}, where n(z) =P(Y =1 | x).
((f(X);n(X))
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For each fixed @, minimizing L(f) is equivalent to minimizing
Lu;n) =ne* + (1 —n)e" over u € R.

Differentiating and setting to zero,

ot ,
— ="+ (1-n)e" =0 = (1-n)e"=ne" = (1-n)e**=n = u*zélog(77 ),
ou 1—7n
* PY = 1| )
* _ 1 = T
@) = o (ry — 7). .

Loss function interpretation of AdaBoost Minimizing L(f) over all functions f is essentially
as hard as constructing the Bayes rule itself. In practice, we therefore approximate the minimizer by
restricting attention to a simpler class of functions and using an iterative, greedy procedure.

First, we constrain f to lie in a finite-dimensional linear span of base classifiers:

M
Fu = {f(w) @)= ﬂmcm@:)} :

m=1

where each C,,(x) is a classifier (a “weak learner”) taking values in {—1,1} and the coefficients 3, > 0.
Within this class, we approximate the minimizer of the (empirical) exponential loss by forward stagewise
(greedy) fitting.

We start from the constant function f()(x) = 0. At iteration m, given the current function f(m=1,

we update
(@) = [ (@) + o™ O (),

where (a(™, C,,) is chosen to minimize the empirical exponential loss:

1 n
("), Cyp) = argmin = Y~ exp{~Y; [f" "V (X,) + aC(X;
(c ) zau"%é’r(r;nnni:1 exp{-Yi[f (Xi) +aC(X3)] }

— S ™ —YiaC(X;
arg’rgm;wz exp{-Y;aC(X;)},

with !
(m) _ = _y, fm—D(x.
wl™ =~ exp{~Yif" Y (X,)}
interpreted as the current observation weights.

(AdaBoost Step 2.a) For fixed «, the optimal classifier C,, minimizes a weighted misclassification
error. Indeed,

sz(m) exp{—Y;aC(X;)} = ngm) [e*a]l(Yi =C(X;)) +e*1(Y; # C(XZ))}
i=1 i=1

n

=e @ ngm) + (ea — efa) ngm)]l(Yi % C(Xi)),
i=1

i=1

)

so for any fixed a the term e™* ), wl(m is constant in C', and the minimizer is

€, = argminy " w™1(Y; £ C(X,).
argémn;wz (V; £ C(X,))

i.e., a weak learner trained to minimize the weighted classification error.
(AdaBoost Step 2.b and 2.c) Given C,, as above, the optimal step size o™ that minimizes the
one-dimensional function

> Z wgm) exp{-Y;aC,,(X;)}
i=1

lferr(m)/Q and err(m) — > wi]l{YﬁéCm(Xi)}.

err(™m) ; Wi

turns out to be a(™ = a,,/2 = log
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Since Y;C,, (X;) = 1 for correct and —1 for incorrect classifications, the objective is

n

ngm)e—}ﬁac,n(Xi) — e @ Z U}fm) 4 e Z wfﬂl) = e W, + ean7
i=1 }/-L:Cm(Xi) E#C’Vﬂ(xl)

so setting <= (e W, + e*W,;,) = 0 gives

W, 1 1 — err(™

1 — -1
By, T 2%

W 1
—e @ c @ m :O 20 = ¢ (m) = —
e W, + e*W == e W, - « 5

)

err(m)

where err("™) = W,,, /(W + Wy,).
(AdaBoost Step 2.d) Finally, plugging the updated function

F(@) = f D (@) + S Con (@)

into the weight definition
(m+1) _ l Vv (m) X,
wf™ = Lo (v ()},
we have ) )
wf™ = (X)) = e V(70X + 9 Cn(X0)

SO
m 1
wl( +h - eXp{—Y;f(m_l)(Xi)} exp{—Yi o Cm(Xi)}

=w{™ - exp{ V%O (X1)}.

Since Y;, Cp, (X;) € {—1,1}, we have V;C,,,(X;) =1 —21 (Y; #* C’m(Xi)). Hence,

exp{—Yi =8 C’m(Xi)} = e m/2 exp(am]l(Yi #+ C’m(Xi)))7
hence, up to the common factor e=*m/2 (removed by renormalization),

W™ = ™ . exp(am1(Y; # Cn(X,))),

i
which increases the weights of misclassified observations and decreases those of correctly classified ones.
Performance guarantee

Theorem 10.1 (Freund and Schapire, 1997). If weak learner C,, has accuracy 1 — err(™) = % + Ym

with 7y, > 0, then the training error of AdaBoost after M rounds is at most Hf\le V1—-4~2 <
M

eXp ( - 2Zm:1 ’Y’rQn)

Remarks—Bagging, Random Forest, Boosting Bagging/RF are parallel (each tree indepen-
dent), unlike AdaBoost (sequential). Bagging and RF mainly reduce variance; boosting often reduces bias
(especially with simple weak learners) at the cost of some variance increase. All are ensemble methods.

10.5 SVM

This subsection develops margin-based classifiers, first in separable settings and then with regularization
and kernels.

10.5.1 Separable Case
Hyperplanes in R? A hyperplane is the set of £ € RP satisfying f(z) = 3o+« '3 = 0.

e f(x) > 0 < « is on one side of the hyperplane pointed by 3.
e f(x) <0< x is on the other side of the hyperplane.
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e For any z € RP, the signed distance of z to the hyperplane is

((2,8) + Bo)/1Bll2) = £(2)/I1Bll2-

I - ||z is the Euclidean norm in R?.

e Hence, if ||B]|2 = 1, then f(z) is the signed distance of z to the hyperplane defined by f(x) = 0.

— f(@) =By + 2T B0

f(xz) >0

B

Separating hyperplanes For linearly separable data with labels Y; € {—1,1}, a separating hyper-
plane correctly classifies all points:
Y;(Bo+ X;'B) >0 Vi,

There are typically infinitely many such hyperplanes.

X
;

Support Vector Machine (SVM) SVM chooses among them the one with the largest margin—the
smallest distance from any training point to the hyperplane—yielding a more robust decision boundary.

The margin is defined as the smallest distance from the training data to the hyperplane.

e Hyperplanes with larger margin are more robust.

e The Support Vector Machine (SVM) finds the hyperplane that maximizes the margin.
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e The seperating hyperplane such that the minimum distance of any training point to the hyperplane
is the largest.

Margin maximization Assuming ||3||2 = 1, the unsigned distance of (X;,Y;) to the boundary is
Y;(Bo + X,;" B). The hard-margin SVM is

max C st Yi(Bo+ )(lT >C, Vi
B0.8, 1Bll2=1 (o A
For any feasible solution Sy, 3, perform a change of variable vy = 8o/C,vy = 8/C, then C|v|2 =

IB]]2 = 1 = maximizing C' is equivalent to minimizing ||y||2.

SVM is equivalent to (with an abuse of notation v = 8o,y = 3

gmﬁl B3 st Yi(Bo+ X[ 'B)>1, Vi
05

KKT conditions and support vectors The Lagrangian is

n

L(a, Bo, B) = 3183 = D i [Yi(Bo + X, B) — 1],

i=1
with optimality Karush-Kuhn-Tucker (KKT) conditions

(stationarity) B = Z o Y; X, 0= Z ;Y;,

i=1 i=1
(primal/dual feasibility) Y;(Bo + X, 8) > 1, a; >0, Vi,
(complementary slackness) «; [Yi(Bo + X,'8) - 1] =0, Vi
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Points with a; > 0 lie exactly on the margin and are the support vectors:
a; [Yi(Bo + X' B) = 1] = 0= [Yi(ho + X,/ B) — 1] = 0.

The optimal solution 3 depends only on support vectors:

B = iaiYiXi-

i=1
The classifier is given by the sign of a linear function

y = sign (BO + Z&Z'Y;:ETXZ) .

i=1
Two practical issues remain: real data are rarely separable, and linear boundaries may be too rigid.

10.5.2 Non-Separable Case

Soft margin SVM Allow margin violations via slack variables:

max C st Yilfo+X,'B)>C(1-¢&), &>0, . < B,
Bo.B, lIBlla=1 (Bo B)=C(l-5&), & zz;f

where &; are the slack variables and B is a tuning parameter.
The slack variable & encodes the position of observation ¢ relative to the margin and the separating
hyperplane:

e & =0 if the point lies on the correct side of the margin;

e ¢ > 0 if the point lies inside the margin or on the wrong side of it;

e ¢ > 1 if the point lies on the wrong side of the separating hyperplane.
The parameter B plays the role of a “budget” for margin violations:

e If B = 0, no violations are allowed; a separating classifier exists only if the data are linearly
separable.

e The larger B is, the more violations of the margin are permitted.
e In particular, no more than B observations can lie on the wrong side of the hyperplane.

e As B increases, the margin parameter C (the inverse of the regularization strength) effectively
becomes larger, allowing a wider margin with more slack.

The SVM classifier is then given by the sign of a linear function
§ =sign(Bo + ' B).

Equivalently, using Lagrangian multipliers, the convex primal problem is

min 1 242 ; st Y LX B >1-¢&, &>0.
Juin_ 3[181; Eijs Bo+X{B)>1-6&, &>

Here X trades off margin width and violations. Large B (small \) tolerates more violations, increases
the margin, and often improves robustness by lowering variance.
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Who becomes a support vector? With slack, all points on or inside the margin (including
misclassified ones) become support vectors. As the allowed budget of violations grows, the number of
support vectors increases; the model becomes smoother but potentially more biased.

Training Error: 0.270 Training Error: 0.26
TestError:  0.288 Test Error: 0.30
Bayes Error:  0.210 Bayes Error:  0.21 ‘0

10.5.3 Kernel Method

Nonlinear boundaries via features As in polynomial regression, we can enlarge the feature
space (e.g., (X1, X2) — (X1, X, X2, X2, X1 Xo,...)) and fit a linear separator there, corresponding to a
nonlinear boundary in the original space.

Example 10.3 (Quadratic boundary).

-1 0 1

A separating hyperplane in the enlarged space (X1, Xa, X7, X2, X1 X5) has equation

Bo + B1X1+ BoXs + B3 X7 + BaX3 + B5X1 X2 = 0.

The curse of explicit features If X € R™ and we include all monomials up to degree d, the
feature dimension is ("*%!). For m = 100 and d = 6 this is ~ 1.6 billion—computationally prohibitive.

Key observations (the kernel trick) Recall the Karush-Kuhn-Tucker (KKT) conditions in the
separable case

n n

B=) aViX;, 0=) Y,
=1 =1

o; [Yi(Bo + X B) —1] =0, Vi.
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Hence, we observe that
B=Y aY:X; = Yi(Bo+XB)=Yi|B+> aV;XX;
i J

Only inner products X, X; are needed for training, and x " X; for prediction:

372 sign (BQ + Z&J’ZmTX,> .

Thus we can replace inner products by a kernel K(x,z) without ever forming explicit features.

Choose a positive semidefinite kernel K(-,-) (an inner product in some feature space). Then

y = sign (30 + ) aYiK(, Xi)) ;

i=1

implicitly operating in a (possibly infinite-dimensional) space spanned by {x — K(x, X;)}.

Example 10.4 (Common kernels). e Linear: K(x;,x;) = =] ;.
e Polynomial of degree < d: K(z;,z;) = (1 + ;] x;)? (all monomials up to degree d).
e Polynomial of degree exactly d: K(z;,x;) = (z;] x;)%.

e Gaussian RBF: K (z;,x;) = exp(—7|z; — x;||?), with strong locality (far points have negligible
influence) and an implicit infinite-dimensional feature map.

Example 10.5 (Polynomial kernel (degree 3) vs. Gaussian RBF).

X5

10.5.4 Loss and Penalty Formula

“Loss + Penalty” viewpoint Many estimators solve

min > L(Yi, f(X0)) + AP(f).
Ridge regression uses squared loss with P(3) = ||3]|3; lasso uses P(8) = ||8]]:.
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SVM as Loss + Penalty Starting from the soft-margin constraints,

max
Bo,B;1Bll2=1

st Yi(Bo+ X/ B)>C(1-&), Vi,
&>0,Y &<B

Let v0 = Bo/C,~ = B/C, then C||v||2 = 1. The constraints are then
& >1-Yi(y+ X, 7).
Combine this with the non-negative constraints of &;, we have
&> [1=Yilo+ X[y, -

Here x = max{0,} is the positive part of x.
The optimal slacks satisfy
&=[1-Yilo+X"7)],,
giving the equivalent constrained problem

min 3ly[3 st Y [1-Yi(o+ X 9], < B

(2

Introducing a Lagrange multiplier yields the unconstrained form

min =7 [1- V(6 + X, B)], + NIBIZ.

hinge loss

(1 —t)4 is called the hinge loss.
o L. 1-Yi(B+ X;rﬂ)]+ is the empirical hinge loss.

o AlIBII3 is the I penalty.
e There is a one-to-one correspondence between B and .

e Notice that the loss is expressed in terms of the margin Y; f(X;). This is a general phenomenon in
statistical learning.

Other losses (for comparison) ForY € {-1,1}:

e Logistic loss (binomial deviance): Y, log (1 + e~ YiXi P); with £y or ¢; penalty gives regularized
logistic regression.

e Exponential loss (AdaBoost): 3. e Yi/(X:) often with an ¢, penalty on the expansion coefficients.

Comparing losses

Loss

-2 -1.5 -1 —0.5 0.5 1 1.5 2 2.5 3

The 0-1 loss is ideal but discontinuous; convex surrogates like hinge, logistic, and exponential balance
optimization tractability with statistical properties.
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Sparse Support Vector Machine High-dimensional settings benefit from sparse predictors for
both accuracy and interpretability. Replacing the /5 penalty by ¢; encourages sparsity:

min lz[l—wommL + I8l

10.5.5 Multi-class SVM
One-Versus-One (OvO) For K > 2 classes, fit SVMs to each of the (%) pairs. At prediction time,

each binary classifier casts one vote; assign the class with the most votes.

One-Versus-All (OvA) Alternatively, fit K SVMs, each distinguishing class k versus the rest (labels
+1 vs. —1). For a new &, compute

@) =By + =" B
and assign the class with the largest f*(z).

Example 10.6 (Handwriting recognition).
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Reading materials

e The Elements of Statistical Learning, Sections 4.3-4.5, 9.2, 10.1-10.6, 12.2-12.3, 13.3.
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