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AXioms

An expectation operator is a mapping X — FE(X) of random
variables to real numbers that satisfies the following axioms:

E(X+Y)=E(X)+E®Y)
for any random variables X and Y,
E(X) >0
for any random variable X such that X(w) > 0 for all w,
F(aX) =aFE(X)
for any random variable X and any constant a, and
E(Y)=1

where Y is the constant random variable w — 1.



Axioms (cont.)

The fourth axiom is usually written, a bit sloppily, as
E(l)=1

The reason this is sloppy is that on the left-hand side 1 must
indicate a random variable, because the argument of an expecta-
tion operator is always a random variable, and on the right-hand
side 1 must indicate a real number, because the value of an
expectation operator is always a real number.

When we have a constant as an argument of an expectation op-
erator, we always take this to mean a constant random variable.



E(X+Y)=EX)+E®Y) (1)
E(X) >0, when X > 0 (2)
FE(aX) =aFE(X) (3)
E(1)=1 (4)

(3) and (4) together imply

E(a) = a, for any constant a

It can be shown (but we won't here) that when the sample space
is finite these axioms hold if and only if the expectation operator
is defined in terms of a PMF as we did before.



Axioms (cont.)

E(X+Y)=EX)+ E®Y)
says an addition operation can be pulled outside an expectation.
X >0 implies E(X)>0
says nonnegativity can be pulled outside an expectation.
F(aX) =aFE(X)

says a constant can be pulled outside an expectation.



Axioms (cont.)

Many students are tempted to overgeneralize, and think anything
can be pulled outside an expectation. Wrong!

In general
E(XY) # E(X)E(Y)
E(X/Y) # E(X)/E(Y)
E{g(X)} # g(E{X})

although we may have equality for certain special cases.



Axioms (cont.)

We do have
E(X-Y)=FE(X)—-E(Y)
because

EX-Y)=E{X+(-1)Y}=EX)+ (-1)EX)
by axioms (1) and (3).



Axioms (cont.)

We do have
E(a+bX) =a+ bE(X)
because
E(a+bX) = E(a) + E(bX) = a+ bE(X)
by axioms (1), (3), and (4).



Axiom Summary (cont.)

E(X+Y)=E(X)+E()
addition and subtraction come out
X >0 implies FE(X)>0
nonnegative comes out
F(aX) =aFE(X)
constants come out
FEla4+bX)=a+ bE(X)

linear functions come out. But that's all!



Linearity of Expectation

By mathematical induction the “addition comes out” axiom ex-
tends to any finite number of random variables.

For any random variables X1, ..., Xp

E(X1+ -+ Xp) = E(X1) +-- + E(X»n)

More generally, for any random variables X1, ..., X5, and any

constants aq, ..., an

This very useful property is called linearity of expectation.
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Linearity of Expectation (cont.)

Using linearity of expectation, we could have calculated the ex-
pectation of a binomial random variable much more simply than
we did before.

If X1, ..., Xn are random variables having the same expectation
u, then the random variable ¥ = X7 4+ --- + X, has expectation

nu.

A Bin(n,p) random variable Y is equal in distribution to the sum
of n IID Ber(p) random variables having expectation p.

Conclusion: E(Y) = np. No calculation necessary.
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Why AXioms?

Well, partly because mathematicians like them.

Euclid had axioms for geometry. Every other area of mathe-

matics has them too. So probability theory should have them
too.

But also they are very useful, as we just saw.
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Variance

Another word for expectation is mean. We sometimes say E(X)
is the mean of X or the mean of the distribution of X.

The mean of X is our “best guess’ value of X before it is
observed (for some definition of “best”).

How far away will X be from the mean when it is observed?

The variance of X
var(X) = E{(X — u)*}
where = E(X), is one notion that helps answer this question.
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Variance (cont.)

A variance is an expectation E{(X — u)?}, so it is a real number.

Since (X — )2 > 0 always, var(X) > 0 for any random variable
X by the axiom about nonnegativity.

This is another important “sanity check’”. Probabilities are be-
tween zero and one, inclusive. Variances are nonnegative.

14



Variance (cont.)

When there are many probability distributions under considera-
tion, we decorate the variance operator with a parameter

varg(X) = Ep{(X — p)*}

Example: If X is a Ber(p) random variable, then we already know
the mean is p, so the variance is

vary(X) = Ep{(X — p)?} = p(1 — p)

(this was a homework problem, we won't redo it here).
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Why Variance?

Variance is expected squared deviation from the mean. Why that
for a measure of spread-out-ness of a random variable?

Partly mathematical convenience, and partly the deep role it
plays in large sample theory (much more on this later).

But other measures are possible and useful in certain contexts,

for example, E{|X — u|}, the expected absolute deviation from
the mean.
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Standard Deviation

One issue with variance is that it has the wrong units. If X
is a length with dimension feet (ft). Then u = E(X) also has

dimension ft. Hence (X — u)? and var(X) have dimension square
feet (ft2).

So var(X) is not comparable to values of X.
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Standard Deviation (cont.)

For this reason we introduce

sd(X) = y/var(X)

(since variances are nonnegative, the square root, meaning non-
negative square root is always defined).

If X has dimension feet (ft), then so does sd(X).

sd(X) is called the standard deviation of X.
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Standard Deviation (cont.)

In applications, sd(X) is preferable to var(X).

Since sd(X) has the same units as X, values of X can be directly
compared to sd(X). We say X —pu is “large” if it is large compared
to sd(X).

In theory, var(X) is preferable to sd(X). Generally, sd(X) can
only be calculated by calculating var(X) first. Moreover, it is
variance that appears many theoretical contexts.

When we choose single letters to indicate them, we usually
choose the single letter for standard deviation.
o =sd(X)
o2 = var(X)
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Standard Deviation (cont.)

Be carefull It is easy to miss the distinction if you are not paying
attention.

If you are told the variance is 8 and you need the standard devi-
ation, then it is V6.

If you are told the standard deviation is 6 and you need the
variance, then it is 62.
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The “Short Cut” Formula

For any random variable X
var(X) = E(X?) — B(X)?
because, with u = E(X),
var(X) = E{(X — pu)*}

= B(X* —2uX + p?)

= BE(X?) — 2uE(X) 4+ p*E(1)

= B(X?) —2p% + p?

= B(X?) — p°
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Variance of the Bernoulli Distribution

For homework we proved that, if X is a Ber(p) random variable,
then E(X*) = p for all positive integers k.

Hence

var(X) = E(X?) — E(X)2 =p—p2 =p(1 — p)
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Variance of the Binomial Distribution

If X is a Bin(n,p) random variable, then for homework we proved

that E{X(X — 1)} = n(n — 1)p? and in class we proved that
E(X) = np.

Since

E{X(X —1)} = E(X? - X) = E(X?) - E(X)

we have

E(X?) = B{X(X - 1)} + E(X)
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Variance of the Binomial Distribution (cont.)

Hence

var(X) = E(X?) — B(X)?
= E{X(X — 1)} + B(X) — BE(X)?
= n(n — 1)p° + np — n?p?
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Mean of the Discrete Uniform Distribution

Suppose X is a random variable having the discrete uniform dis-
tribution on the set {1,...,n}. Then

BE(X) = % 3
1=1
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Mean of the Discrete Uniform Distribution (cont.)

There is a story about the famous mathematician Carl Friedrich
Gauss. When he was still in elementary school, the teacher gave
the class the problem of adding the numbers from 1 to 100,
hoping to occupy them for a while, but young Gauss got the
answer almost immediately.

Presumably, he had figured out the following argument. Write
down the numbers to be added twice and add

1 2 ... 99 100
+ 100 99 ... 2 1
101 101 ... 101 101

In general, there are n pairs that sum to n 4+ 1, so the total is
n(n + 1), which is twice the desired answer.
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Mean of the Discrete Uniform Distribution

Hence

and




Variance of the Discrete Uniform Distribution

Suppose X is a random variable having the discrete uniform dis-
tribution on the set {1,...,n}.

To do the variance we need to know

"o nn4+1)(2n+1)
=TT s

No cute story for this. We prove by mathematical induction.

To do this we verify the case n = 1 is correct.

S 1-14+1)(2-14+1) 1-2-3
- 6 6

1

That checks.
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Variance of the Discrete Uniform Distribution (cont.)

Then we check that if the n = k case is correct, this implies the
n =k-+ 1 case.

k+1
Zz _(k+1)2+zz

k(k 1+ 1)(2k+ 1)
6

= (k+1) (k4 1)+ HEEED

6k + 6 + 2k2 + k
6

= (k+1)° +

= (k+1)

29



Variance of the Discrete Uniform Distribution (cont.)

This should equal n(n+ 1)(2n+ 1)/6 with k£ 4 1 substituted for

n

(k+1)[(k+1)-|(-51][2(k+1)-|—1] :(k—|—1)(k+2)22k+3)
2
_ g2k —|—67k—|—6

And this is what we got before. So the induction step checks.
And we are done.
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Variance of the Discrete Uniform Distribution (cont.)

var(X) = BE(X?) — E(X)?

2
12 12
-5 (5
1=1 1=1
_ 1 n(n+1)(2n+1) <n+1>2

n 6 2
. '2n—|—1_n—|—1
=+ D[ 4 ]

B '8+ 4 — 61— 6
= (n+1)] - |
_ (n+1)(n—-1)

12
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Variance of the Discrete Uniform Distribution (cont.)

In summary, for the discrete uniform distribution on {1,...,n}
1
Bx)="7
1 —1
var(X) = (n + fén )

If you are now panicking about how complicated this calculation
is for this very simple distribution and wondering how hard this
course will be, don't. This is a fairly horrible example, despite
the simplicity of the distribution.
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The Mean Square Error Formula

The mean square error of a number a considered as a prediction
of (the value of, when observed) a random variable X is

mse(a) = E{(X — a)?}
Write pn = E(X). Then this can also be calculated

mse(a) = var(X) + (u — a)?
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Proof of the Mean Square Error Formula

mse(a) = E{(X — a)?}
=EB{(X —p+p—a)?}
= B{(X —pw)? +2(u—a)(X — ) + (b — a)?}
= B{(X - )} +2(p— a)E(X — p) + (n — a)?
= var(X) + (u — a)?
because

E(X —p)=EX)-pnp=0
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Minimizing Mean Square Error

The number a considered as a prediction of a random variable
X that minimizes the mean square error

mse(a) = var(X) 4+ (u — a)?

is clearly a = u, because the first term on the right-hand side does
not contain a, and the second term on the right-hand, being a
square, is nonnegative, and minimized when a = u, which makes
it zero.

Conclusion: E(X) is the best prediction of X, where ‘“best” is
defined to mean minimizing mean square error of the prediction.
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Minimizing Mean Square Error (cont.)

Philosophically, this can’t serve as a definition of expectation,
because the definition would be circular. Mean square error is
defined in terms of expectation, and expectation is defined in
terms of mean square error.

Practically, this does give a very precise property of expectation
that does tell us something important.

Moreover, it makes mathematically precise our blather about
thinking of expectation as best prediction. It is, but only when
“best” means minimizing mean square error.
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Mean and Variance of Linear Functions

If X is a random variable and a and b are constants, then

E(a+bX) = a4+ bE(X)
var(a 4+ bX) = b2 var(X)

These are used often, remember them.

The first we have seen before and is intuitively obvious, the other
not so obvious. Write n = E(X). Then

var(a + bX) = E{[(a + bX) — (a + bu)]?}
= E{(bX — bu)?}
= B{b*(X — p)*}
= b’ E{(X — u)?}
= b2 var(X)
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Mean of a Random Vector

For any random vector X = (X4q,...,Xy) we define
E(X) =p
where u = (u1,...,un) and

ni = E(X;), i=1,...,n

The expectation of a random vector is a vector, the components

of which are the expectations of the components of the random
vector.
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Mean of a Random Vector (cont.)

In one sense, E(X) = u is merely a notational convenience. We
write one vector equation, rather than n scalar equations

ni = E(X;), i=1,...,n

In another sense, this is an important concept, trivial though it
may be, because it is essential part of treating X as a single
object (rather than n objects, its components).
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Variance of a Random Vector

So if the mean of a random vector is an ordinary numeric vector,
IS the same true for variance? No!
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Covariance

The covariance of random variables X and Y is
cov(X,Y) = E{(X — p)(Y —v)}
where

p=E(X)
v = FE(Y)
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Covariance (cont.)

Covariance generalizes variance.

cov(X, X) = var(X)

because

cov(X, X) = B{(X — p)(X — )} = B{(X — p)?} = var(X)

The covariance of a random variable with itself is the variance.
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Covariance (cont.)

A covariance operator is a symmetric function of its arguments
cov(X,Y) = cov(Y, X)

because multiplication is commutative.
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Covariance (cont.)

The generalization of the “short cut” formula to covariance is

cov(X,Y) = E(XY) — E(X)E(Y)

Note that in case X = Y we get the 'short cut” formula for
variance.

The proof is a homework problem.
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Covariance (cont.)

The generalization of the formula about taking out linear func-
tions to covariance is

cov(a+bX,c+dY) =bdcov(X,Y)

Note that in case X =Y, a = b, and ¢ = d we get the formula
we already proved for variance.

The proof is a homework problem.

45



Variance of a Random Vector (cont.)

The variance of a random vector X = (X4q,...,Xy) is an ordinary

numeric matrix, the n x n matrix having components cov(X;, X;)

var(Xy) cov(Xq,Xo) --- cov(Xi,Xn)
var(X) = cov(X:Q,Xl) var(:XQ) -. cov(X:Q,Xn)

Why?
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Notational Conventions

We have a convention X for random variables, x for ordinary
variables.

We have another convention A for sets, a for elements.
We have another convention A for matrices, a for vectors.

Combining the first and third, we have X for random vectors, X
for random variables (random scalars).

But now we are in trouble. We can't tell whether a boldface
capital letter is a random vector or an ordinary matrix.

Similarly, we would be in trouble if we had a random matrix.
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Notational Conventions (cont.)

Typographical conventions can’'t do everything.

Sometimes you just have to read what symbols are defined to
mean.

Or sometimes you just have to figure out from the context in
which a symbol is used what it could possibly mean.

48



Notational Conventions (cont.)

If we write
M = var(X)

then you just have to figure out

e the argument of the variance operator must be a random
thingummy, presumably a random vector because of the bold-
face, although the text should make this clear, and

e that makes M an ordinary (non-random) matrix, which is
why it is (also) denoted by a boldface capital letter.
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Matrix Multiplication

A course named “linear algebra’” is not a prerequisite for this
course, but you are assumed to have at least seen matrices and
matrix multiplication somewhere. For review, if A and B are
matrices, and the column dimension of A is the same as the row
dimension of B, then the product AB = C is defined by

Cik = ) aijbjk
J
where a;j are components of A and similarly for the other two.

The row dimensions of C and A are the same. The column
dimensions of C and B are the same.
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Matrix Multiplication (cont.)

If Aiskxmand B is m xn, then C is k£ x n and

m
Cikzzaijbjka fi:l,...,kandkzl,...,n

1=1
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Matrix Multiplication (cont.)

Multiplication of ordinary numbers (scalars) is commutative

ab = ba

for any numbers a and b.

Matrix multiplication is not. In general,

AB # BA

In general, it is not even true that AB and BA are both defined.
The dimensions may be such that only one is defined.
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Multiplying a Matrix and a Vector

If we think of vectors as matrices having one dimension (row or
column) equal to one, then we don’'t have to define a new kind
of multiplication involving vectors. If vectors are matrices, then
we use the matrix multiplication already defined.

However, we keep the lower case boldface for vectors, even when
thinking of them as matrices. So now there are two kinds of
vectors, row vectors

X = (:El ro ... Jjn>
and column vectors
]
X = x_2
Ln
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Transpose of a Matrix

If A has components aij, then the transpose of A, denoted AT
has components aj;-

a,]_]_ a/12 « .. Cl,]_n
A_ — CLQ]_ a/22 o o CLQn
a;ll CLQ]_ . .. a,ml

AT — 012 a2 ... amo

Note (A1)T = A.
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Symmetric Matrices

A matrix M is symmetric if M1 = M.
Expressed in components, this says m;; = mj; for all + and j.

Note that a symmetric matrix is automatically square, meaning
the row and column dimensions are the same.

Because cov(X;, X;) = cov(Xj, X;), every variance matrix is sym-
metric.
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Transpose of a Vector

The transpose of a row vector is a column vector and vice versa.

56



Linear Functions

The analog of scalar-to-scalar linear functions

T +— a4+ bx

is vector-to-vector linear functions

We have row vector to row vector linear functions
X — a+ xB

and have column vector to column vector linear functions
X — a—+ Bx

Almost the same, but slightly different, very confusing.
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A Completely Arbitrary Convention

To avoid this confusion, we make a rule

Whenever we think of a vector as a matrix, it is always
a column vector!

Almost everybody uses the same convention.

This does not mean vectors are really matrices. They aren't.
Treating vectors as matrices is just a stupid mathematician trick
that avoids a separate definition for the meaning of AB and Bx.
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Linear Functions (cont.)

Now row vector to row vector linear functions
x1 — gt -+ x1'B
and column vector to column vector linear functions

X — a—+ Bx

look different enough so they can’'t be confused.

The lower case boldface letters are column vectors unless they
are transposes, in which case they are row vectors.
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Matrix Multiplication and Transposition

(AB)! = BTAT
(ABCO)! = c'BTAT
(ABCD)! =DIc'BTAT
and so forth. Also
(Ax)T = xTAT
(x!'B)l =B'x
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Linear Functions (cont.)

Taking transposes of both sides of the column vector to column
vector linear function

X — a-+ Bx
gives the row vector to row vector linear function
x1 — al —+ xI B!

so it enough to know about one.

The preference in the “completely arbitrary convention’” for col-
umn vectors means we only need to do one of these.
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Linear Functions (cont.)

Finally things get simple (but don’'t forget all that stuff about
transposes).

A general vector-to-vector linear function has the form

y = a—+ Bx

where the dimensions have to be such that the expression makes
sense

Yy =a +5B x
mx 1 mx1l mXnnxl

for any m and n.

This function maps vectors of dimension n to vectors of dimen-
sion m.
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Linear Functions (cont.)

If X is a random vector and if a and B are a non-random vector
and matrix, respectively, then
F(a+ BX) =a+ BE(X)
var(a+ BX) = Bvar(X)B?

Sometimes we write this a bit more neatly. If X is a random
vector having mean vector p and variance matrix M and if a and
B are a non-random vector and matrix, respectively, then
F(a4+ BX)=a+4 Bu
var(a+ BX) = BMB?'
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Linear Functions (cont.)

Since we have no other theorems about mean vectors and vari-
ance matrices, we must reduce this to the scalar case by intro-
ducing components.

F(a+4+BX)=a-+ Bpu

written out in components is

J J

and this is just linearity of expectation.
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Inner and Outer Products

For vectors x and y of the same dimension n,
n
x'y =3z
i=1
is a scalar (1 x 1 matrix), and

XyT

IS an n X n matrix with components z;y;.

The former is called the inner product of these two vectors and
the latter is called the outer product.
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Linear Functions (cont.)

Another expression for the variance matrix is

var(X) = B{(X — p)(X — )"}

where u = FE(X). The argument of the expectation operator is
an outer product.

var(a+ BX) = E{[(a + BX) — (a+ Bp)][(a+ BX) — (a+ Bu)]"}
= E{(BX - Bp)(BX — Bu)"}
= E{[B(X — w)][B(X - w)]"}
= E{B(X — p)(X — pn)"B"}
=BE{(X — p)(X — p)"}B
= Bvar(X)B'
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Positive Definite Matrices

What is the property of variance matrices analogous to the prop-
erty var(X) > 0 for random variables?

Consider the linear function x — blx. This is a special case of

the the general linear function formula with a = 0 and b! = B.
Hence

0 < var(b'X) = b’ Mb
where M = var(X).
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Positive Definite Matrices (cont.)

An arbitrary symmetric matrix M is positive semidefinite if

b Mb > 0, for all vectors b

and is positive definite if

b Mb > 0, for all nonzero vectors b

(the zero vector is the vector having all components zero).

Every variance matrix is symmetric and positive semidefinite.
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Variance of a Sum

We now want to look at the special case where the linear func-
tion is the sum of the components. If u is the vector whose
components are all equal to one, then

n
U_TXZ Z Xi
i=1
where X = (X1,...,Xn).
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Variance of a Sum (cont.)

If M is the variance matrix of X, then

{50

u! Mu
mn
Z cov(X;, X;)

var(X ) + Z Z cov(X;, X;)

1=17=1
j#i

Z var(X;) + 2 Z Z cov(X;, X;)

1=1 j=¢+1
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Variance of a Sum (cont.)

In short the variance of a sum is the sum of all the variances and
all the covariances.

Variance is more complicated than expectation.

The expectation of a sum is the sum of the expectations, but
the analog is not — in general — true for variance.
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Uncorrelated

Random variables X and Y are uncorrelated if cov(X,Y) = 0.

Then
0=cov(X,Y) = E(XY) - E(X)E()
so “multiplication comes out of expectation”
E(XY)=E(X)E(Y)

Note that this holds, not in general, but if and only if X and Y
are uncorrelated.
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Variance of a Sum (cont.)

We say a sequence of random variables X1, ..., Xy is uncorrelated
if X; and X, are uncorrelated whenever ¢ 7= j. Then

var (i XZ-) = i var(X;)
i=1 =1

1=

(the variance of the sum is the sum of the variances).

Note this holds if the random variables are uncorrelated, not in
general.
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Axiomatic Characterization of Independence

A sequence X4, ..., Xy is independent if and only if

E (ﬁ hz-(Xz-)> = ﬁ E{hi(X;)}
i=1 i=1

for any functions hq, ..., hn.

“Multiplication comes out of expectation” not just for the vari-
ables themselves, but for any functions of them.

From this is clear that, if X4, ..., X, are independent, then so
are g1(X1), ..., gn(Xy) for any functions g1, ..., gn.
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Axiomatic Characterization of Independence (cont.)

We prove the two notions of independent are the same. Suppose
the PMF factors

f(x) = H fi(z;)

’l,_

and the support is a product Sq X --- X S, then

E (H hz'(Xz')) = > ) H hi(x) fi(z;) = H E{hi(Xi)}
i=1

r1€S51 Tn€ESnH 1=1
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Axiomatic Characterization of Independence (cont.)

Conversely, suppose the “multiplication comes out of expecta-
tion” property holds. Consider the case h; = I{xi} — that is,
each h; is the indicator function of the point x; — so

=1

S

=]l E (I{fcz'}(Xi))
1=1

1T fi(zi)
i=1
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Independent versus Uncorrelated

Independent implies uncorrelated. The converse is, in general,
false.

If X and Y are independent, then

cov(X,Y) = B(XY) — E(X)E(Y) = E(X)E(Y) — E(X)E(Y) = 0
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Independent versus Uncorrelated (cont.)

Conversely, let X be any nonconstant random variable such that
X and —X have the same distribution. An example is the uniform
distribution on {—2,—-1,0,1,2}.

Then X and Y = X2 are uncorrelated

cov(X,Y) = cov(X, X?)

= E(X3) - E(X)E(X?)
E(-X3) — E(-X)E(X?)
—cov(X.,Y)

the second equals sign being that X and —X have the same
distribution.

Since the only number x that satisfies x = —x is zero, we have
cov(X,Y) = 0.
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Independent versus Uncorrelated (cont.)

Conversely, the PMF of the random vector (X,Y) is given by the
table

y = x?
ol o 1 4
2] 0 0 1/5
1] 0 1/5 0
r 0/1/5 0 0
1] 0 1/5 0
2| 0 o0 1/5

The support is not a Cartesian product, so the variables are not
independent.
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Independent versus Uncorrelated (cont.)

Independent implies uncorrelated.
Uncorrelated does not imply independent.

Uncorrelated is a pairwise property: cov(X;, X;) = 0 only looks
at two variables at a time.

Independent IS not a pairwise property: this was a homework
problem.
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Exchangeability

We want to consider some dependent sequences of random vari-
ables.

The simplest form of dependence is exchangeability.

A function f is one-to-one if f(x) = f(y) implies x = y, that is,
one point maps to one value and no other point maps to that
value.

A one-to-one function = : {1,...,n} — {1,...,n} is called a per-
mutation because it produces a reordering of 1, ..., n.

We know there are n! such functions (the number of permuta-
tions of n things).
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Exchangeability

A sequence of random variables X4, ..., X, is exchangeable if
the random vectors X = (Xq,...,Xp) and Y = (Xﬁ(l), e ,Xﬁ(n))
have the same distribution for any permutation .

In particular, X4, ..., X, are identically distributed but may be
dependent.

Every variable has the same variance as any other, and every

pair of different variables has the same covariance as any other.
T hus

var (i Xz) =nvar(Xy1) + n(n —1) cov(Xy, X»o)
1=1
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Sampling With and Without Replacement

When the random variables X4, ..., Xy, are uniformly distributed
on a set S of size N and we define

Y; = g(X;)
for any function g : S — R, then we say X,, ..., X, are a sample

of size n from a population S of size N.

Note: the sample X4, ..., Xy, is random, but the population
S ={xq1,...,zN} IS not.

We can think of the Y; as being measurements of one real-valued
quantity on the individuals in the sample.
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Sampling With and Without Replacement

If X1, ..., Xy are independent random variables, then we say we
are sampling with replacement.

The picture is that we have written the names on the individuals
on slips of paper, put all of the slips in a urn, mixed well, and
drawn one which is X;.

Then we draw another, but in order for the situation to be exactly
the same as before, we need the same slips in the urn, well mixed,
as before. Thus we put the slip with the name of X7 back in
the urn (replace it) and mix well. Then we draw another which
is Xo. And so on for the rest.
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Sampling With and Without Replacement (cont.)

Sampling with replacement is not the way real surveys are done.
They are done without replacement which means the slips are
not put back in the urn after draws.

In sampling with replacement, the same individual may appear
multiple times in the sample. In sampling without replacement,
the individuals in the sample are all different.

In sampling with replacement, X4, ..., Xn are IID. In sampling
without replacement, X4, ..., X, are exchangeable.
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Sampling With and Without Replacement (cont.)

In sampling with replacement, the random vector (Xq,...,Xy) is
uniformly distributed on the N™ possible assignments of values
x1, ..., xy to variables Xq, ..., Xp.

In sampling without replacement, the random vector (X4, ..., Xn)

is uniformly distributed on the (N), ways to choose n things from
N things if order matters or on the (]X) ways to choose n things
from N things if order doesn’'t matter.
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Sampling With and Without Replacement (cont.)

We are interested in the mean and variance of

_ 1
ni=1
In case Y7, ..., Y, are independent, which is the case in sampling

with replacement, we know

E(i Y) = Y BOY)

1 =1 1=

var( Y YZ) = i var(Y;)
1 =1

1= 1=
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Sampling With and Without Replacement (cont.)

In case Y7, ..., Yp are IID with mean p and variance 02, which is
the case in sampling with replacement, this becomes

(3 %) =
()=

Hence

;EII—* ;3|l—*
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Sampling With and Without Replacement (cont.)

Thus we have proved the following. If Y7,

..., Yn are IID with
mean p and variance o2, then

E(Yn)=p
2
var(Y,) = 7
n

In particular, this holds for sampling with replacement.
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Sampling With and Without Replacement (cont.)

One of these formulas, E(Y,) = u, is the same for sampling
without replacement because the expectation of a sum is the

sum of the expectations regardless of whether the variables are
independent or dependent.

The variance formula changes. Write ¢ = cov(Y;,Y;), © = j.
Then

var (Z Yz> = no? 4+ n(n— 1)e
1=1
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Sampling With and Without Replacement (cont.)

In the case of sampling without replacement, c is determined by
the fact that in case n = N where the sample is the population,
there is no randomness in };Y;, it is just the sum over the pop-

ulation (the order of individuals in the sample does not matter
in the sum).

Hence

and
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Sampling With and Without Replacement (cont.)

Plugging this value for ¢ back into the general formula gives

var (Z YZ) = no? + n(n — 1)c
1=1

=no? —n(n—1)- o
N -1
=n02[1—n_1]
N —1
:nUQ.N—’n,
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Sampling With and Without Replacement (cont.)

In sampling with replacement (and for IID in general)

E(Yn) = p
2
var(Yn) = -
n

In sampling without replacement

o2 N —n

n N-—1

The factor (N —n)/(IN — 1) is negligible when N is much larger
than n and is often ignored. The area of statistics that is careful
about such things is called finite population sampling. The factor
(N —n)/(N — 1) is called the finite population correction.

var(Y,) =
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The Hypergeometric Distribution

If Y1, ..., Y, are IID Bernoulli, then Z =Y; 4 ---4 Y, is binomial.
What is the analog for sampling without replacement?

More precisely, suppose we have a sample without replacement
of size n from a finite population of size N, and we “measure”
on each individual a zero-or-one-valued variable Y;. What is the
probability of observing x ones? This depends on how many ones
are in the population, say r.

(=) (h-s)
f(x) = (N) , reNandO<z<rando<n—z <N —r

n

This is called the hypergeometric distribution with parameters
N, n, and r. We won't use it enough to require an abbreviation.
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The Hypergeometric Distribution Theorem

The fact that probabilities sum to one for the hypergeometric
distribution gives us the following highly nonobvious theorem

Oy =

xr=max(0,n+r—N) Lo n
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The Hypergeometric Distribution (cont.)

Just as with the binomial distribution, the hypergeometric distri-
bution is the distribution of a random variable Z =Y; +---4+ Y,

where the Y, are identically distributed and Bernoulli, but not
independent.

In this case, Yq, ..., Y, are exchangeable and arise from sampling
without replacement. Thus we can use our formulas for the

mean and variance of Z derived for general sampling without
replacement.

E(Z) =nE(Y71)
N —n

var(Z) = nvar(Yy) -
(2) =nvar(v1) -
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The Hypergeometric Distribution (cont.)

Since Y7 is zero-or-one valued, it is Ber(p) for some p, and our

formulas become
E(Z) =np
N —n

var(Z) = np(l —p) -

(2) =np(1—p)

The only thing remaining to do is figure out that p = x/N, the

fraction of ones in the population. This follows from the fact

that X4 is uniformly distributed on the population.

97



Time Series

“Time series” is just another name for a sequence X4, ..., X, of
random variables. The index, the: in X; is called “time” whether
it really is or not.

Examples, would be the price of a stock on consecutive days,
the cholesterol level of a patient in consecutive lab tests, or
the number of ears on consecutive corn plants along a row in a
cornfield.

Note that in the last example, “time” is not time.
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Time Series (cont.)

A fancier name for a time series is stochastic process.

Statistics books generally say ‘“time series’ .

Probability books generally say ‘‘stochastic process”.
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Time Series (cont.)

Without some structure, we can’t say anything about time series.

If a time series is an arbitrary bunch of random variables, then
anything about it is arbitrary.
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Stationary Time Series

A time series is strictly stationary if the distribution of a block
of length k of consecutive variables

(Xit1, Xitos - Xitr)
does not depend on i (every block of length k has the same
distribution).

A time series is weakly stationary if
E(X;)
and
cov(X;, Xt )

do not depend on ¢, and the latter holds for every k£ > 0.
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Weakly Stationary Time Series

Every variable has the same mean: E(X;) = u for all 1.

Every pair of variables separated by the same distance has the
same covariance. Define

Y = cov(X;, X;4k)

(the definition makes sense because the right-hand side does not
depend on i). The function N — R defined by k — ~; is called
the autocovariance function of the time series.
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Weakly Stationary Time Series (cont.)

By the same argument as for IID and exchangeable random vari-
ables, we have E(X,) = pu.

Using the autocovariance function

r(i XZ-) Zvar(X)—l—Q Z Z cov(X;, X;)
1=1 1=1 1=1 j=141
n—1

=ny+2 > (n—k)v
k=1
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Weakly Stationary Time Series (cont.)

Summary: If X4, ..., X, is a weakly stationary time series

E(Xn) =up

var(Xn) = ('YO-I-Q > nn 'Wc)
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AR(1) Time Series

A simple example of a weakly stationary time series is the au-
toregressive order one, AR(1) for short, time series.

Let Z1, Z>, ... be IID random variables with mean zero and

variance 72. Let Xy be any random variable having mean zero

and independent of the Z;, and recursively define
Xn:an_]_—I_Zn, n:1,2,...,

where p is a real number. The time series X1, Xo, ... is AR(1).
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AR(1) Time Series (cont.)

By linearity of expectation

E(Xn) = pE(Xp_1) + E(Zn) =0

Since X,,_1 is a function of Z1, ..., Z,,_1, which are independent
of Zn,

var(X,) = p2var(X,,_1) + var(Z,)
— /O2 var(X,—1) + 72
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AR(1) Time Series (cont.)

In order for this time series to be weakly stationary, all of the X,
must have the same variance, say var(X,) = ¢2. Then

02 = p262 4 12

which we solve for o2 obtaining

Weak stationarity requires —1 < p < 1.
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AR(1) Time Series (cont.)

For k>0

COV(Xyqky Xn) = COV(p Xyt k-1 + Zntkr Xn)
= pCoV(Xytk—1,Xn) + covV(Z, 1k, Xn)
= pCoV(Xytk—1,Xn)

because 7, and X, are independent random variables. Hence

cov(X 11, Xn) = pcov(Xn, Xn) = pvar(Xy) = po
COV(Xn—|—27 Xn) = pCOV(Xn—I—la Xn) = 020'2
cov( Xy 4k, Xn) = pFo?

108



AR(1) Time Series (cont.)

In summary, for a weakly stationary AR(1) time series
E(Xp) =0
and
cov( X4, Xn) = oo

hold for all n and all £ > 0, and the parameter p must satisfy
-1 <p<l1.
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Monotonicity of Expectation

Suppose U <V, which means U(w) < V(w) for all w.

Then we know V—-U > 0, hence E(V—-U) > 0. Since E(V-U) =
E(V)—- E(U), we conclude E(U) < E(V).

In summary,

U<V implies EU)<EV)
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Markov’s Inequality

For any nonnegative any random variable Y and positive real
number A

E(Y)

Pr(Yy > )\) <

This is called Markov's inequality.

The proof is simple
)\I[/\’OO)(Y) <Y
always holds, hence
E(Y) > E{M[\ o )(Y)} = AE{I[) o) (YD)} = APr(Y > X)

and rearranging this gives Markov's inequality.
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Chebyshev’s Inequality

The special case of Markov's inequality where Y = (X — u)? with
uw = E(X) is called Chebyshev’s inequality.

BE{(X — w)?} _ var(X)
DY
This is usually rewritten with absolute values rather than squares

var(X)
52

Pr{(X —pu)* > A} <

Pr(|X —pul >6) <

where § = V).

Note that variance cannot be replaced by standard deviation
here: the square root of a probability makes no sense.
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The Law of Large Numbers

Now replace X by

_ 1 X2
ni=1
where X4, ..., Xy, are identically distributed with mean u, but

not necessarily independent or even uncorrelated — they may be
a stationary time series, for example.

We know E(X,) = p by linearity of expectation. Chebyshev's
inequality says

var(Xy)
22

Pr(| Xn —ul > X) <
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The Law of Large Numbers: Uncorrelated Case

Now let us specialize to the case where X4, ..., X, are uncorre-
lated (which includes independent). Then

2
var(Xn,) = g
mn

where o2 is the variance of the X;, which is the same for all
because they are assumed identically distributed.

In this case, Chebyshev's inequality says

o2
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Convergence in Probability to a Constant

A sequence of random variables Z¢, Z», ... converges in proba-
bility to the constant a if for every A > 0

Pr(|Zn —al > A) — 0, as n — oo.

Since we use this concept a lot, there is a shorthand for it

P
an,—>a/

From our application of Chebyshev's inequality to X,, we see
that

a statement known as the law of large numbers.
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Convergence in Probability to a Constant (cont.)

The reason why we say convergence in probability to a constant
IS that there is a more general notion of convergence in proba-

bility to a random variable, which we will not define and will not
use in this course.
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Philosophy and the Law of Large Numbers

Now we can return to the frequentist philosophy of statistics.

Now we can see that what it tries to do is turn the law of large
numbers into a definition of expectation.

In order to do that, it must somehow use the concept of inde-
pendence or the concept of uncorrelated — both of which are
defined in terms of expectation in conventional probability theory
— without defining them, or at least without defining them in
the conventional way.

No way of accomplishing this has ever been found that is not far
more complicated than conventional probability theory.
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Little Oh Pee Notation

The Chebyshev’'s inequality statement
_ 0'2
Pr(| Xn—pu|>X) < 2
which we can rewrite as

2
Pr(vn|Xn —ul > 6) <

is actually a lot stronger than the law of large numbers X, P, L.

To capture that strength of mathematical idea, we introduce the
following concepts.
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Little Oh Pee Notation

For any sequence of random variables Zq, Z>, ..

quence of positive constants by, bo, ..., we write
read “Z, is little oh pee of b, , to indicate
Zn P o

n
Using this concept, we can say

Xn—p=op(n %)
for any a < 1/2.

. and any se-
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Bounded in Probability

A sequence of random variables Z1, Z>, ... is bounded in proba-
bility if for every ¢ > O there exists a A > 0 such that

Pr(|Zn| > X) <, for all n.
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Big Oh Pee Notation

For any sequence of random variables 7y, Z>, ... and any se-
quence of positive constants by, bo, ..., we write

read “Z, is big oh pee of b,", to indicate that Z, /b, is bounded
in probability

Using this concept, we can say

Xn—p= Op(n_l/Q)

and this concisely and precisely encapsulates what Chebyshev’'s
inequality tells us about the behavior of X, when n is large.
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The Square Root Law

A widely used textbook for 1001 calls this appearance of the
square root of the sample size the ‘square root law”

statistical precision varies as the square root of the sam-
ple size

122



Big Oh Pee And Little Oh Pee

and, if bp/an — 0 as n — oo, then
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The Law of Large Numbers: AR(1) Time Series

Consider the AR(1) time series. We know

COV(Xn—I—ka Xn) = pkO'Q

and

var(Xn) = - ( 2 "n ~7k>

2 _
)
n k=1

O'2 k
; 1‘|‘22|P|

k=1
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T he Geometric Series

If -1 <s<1

First write
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The Geometric Series (cont.)

Then
n n+1
(1—-5)Sn=)_ sk — > sh=1-— g1
k=0 k=1
SO
n—+1
Snzl_s +
1l—s

If |s| < 1, then s"T1 - 0 as n — .

That proves the formula on the previous slide.
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The Law of Large Numbers: AR(1) Time Series (cont.)

Continuing the calculation for the AR(1) time series

var(X,) <—|14+2 ) |p|
n k=1
0'2 s k
=—(-14+2) |p
n k=0
_ 0 1+|p|
n 1—|p|

We see again that var(X,) is a constant divided by n so again

Xn—pu=Op(n~1?)
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The Law of Large Numbers: Exchangeable???

For an exchangeable sequence with var(X;) = v and cov(X;, X;) =
c we have

var(Xn,) = % (nv+n(n—1)c) < % + c

SO unless ¢ = 0 and the sequence is uncorrelated, all we can say
IS that

Xn —p = Op(1)

we can't even say that X, converges in probability to u or any-
thing else.

Since every exchangeable sequence is a strictly stationary time
series, we see that the law of large numbers does not hold for

every stationary time series, but it does hold for some, such as
the AR(1) time series.
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The Law of Large Numbers (cont.)

Thus we see that uncorrelated is a sufficient but not necessary
condition for the law of large numbers to hold.

Identically distributed is also not necessary. Consider X1, Xo, ...
all of which have mean p and are uncorrelated but var(X,) = o2
when n is odd and var(X,) = 72 when n is even. Then

c72—|—7'2

n

var(X,) <
and

Xy — p = Op(n~1/?)
so the square root law holds for this too.
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The Law of Large Numbers (cont.)

In summary, if X7, Xo, ... all have the same mean u, then

Xn— p = Op(n~1/?)
holds

e always if the X, are identically distributed and uncorrelated,
e sometimes if the X; form a weakly stationary time series, and

e sometimes even if the X; are not identically distributed.

It all depends on the size of var(Xy).
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AXxioms for Probabilities

So far we have mostly ignored probabilities in this “chapter”

(slide deck) except that since probability is a special case of
expectation

Pr(A) = E(l4)

all our theory about expectation has implications for probabilities.
Now we see what these are.
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Axioms for Probabilities (cont.)

What does

E(X+Y)=E(X)+E®)

say about probabilities?

To answer that we need to examine when is I 4+ Ig an indicator
function.
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Union and Intersection

For any sets A and B

AUB={z:x€ Aorx € B}
ANB={z:x€ Aandz € B}

AU B is called the union of A and B.
AN B is called the intersection of A and B.

In the definition of union “or” means ‘“one or the other or both”
which is the standard meaning in mathematical logic. So

ANBCAUB
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Union and Intersection (cont.)

If A is any nonempty family of sets, then we write

| JA={z:2 € A for some Ae A}
(YA={z:zcAforall Ac A}

If A={A;:1€1}, then

C
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Axioms for Probabilities (cont.)

(0, z¢ AUB
In(z) +Ip(x) =<1, z€(AUB)\(ANB)
2, z€ANB

Hence I4 + Ip is not an indicator function unless AN B = &.

So this leads to a definition. Sets A and B are disjoint (also
called mutually exclusive) if AN B = @.
When A and B are mutually exclusive, we have

Taop=1a+1Ip
Pr(AUB) = Pr(A) 4+ Pr(B)
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Axioms for Probabilities (cont.)

Unfortunately, this simple *“addition rule for probabilities’ is not
very useful, because the required condition — disjoint events —
does not arise often.

In general we can write

Ipa+1Ip =1auB t+1anB
Pr(A) + Pr(B) =Pr(AuB)+ Pr(An B)
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Subadditivity of Probability

We can rewrite the last equation as

Pr(AuB) =Pr(A)+Pr(B) —Pr(An B)

and infer from it

Pr(AuB) <Pr(A) + Pr(B)

and then by mathematical induction

Pr (CJ Az) < zn: Pr(AZ-)
1=1 =1

1=

This is called subadditivity of probability. Unlike the “addition
rule” it holds whether or not events are disjoint. We use this
often.

137



T he Inclusion-EXxclusion Rule

We can apply mathematical induction to

Pr(AuB) =Pr(A)+Pr(B)—Pr(An B)
obtaining
Pr(AUBUC) =Pr(A)+Pr(BUC) -Pr(An(BUCQC))
=Pr(A)4+Pr(BUC)—-Pr((ANnB)U(ANCQC))
= Pr(A) +Pr(B) +Pr(C) —Pr(BNnC)
—Pr(AnB)—Pr(AnC)+Pr(ANBNC)

and increasingly messier formulas for more events.

138



Axioms for Probabilities (cont.)

The axiom X > 0 implies E(X) > 0 says the following about
probabilities: since any indicator function is nonnegative, we have
Pr(A) > 0 for any event A.

Of course, we knew that already, but if we want axioms for
probability, that is one of them.

The axiom FE(aX) = aFE(X) doesn't say anything about proba-
bilities, because multiplying an indicator function by a constant
doesn’'t give an indicator function.

The axiom E(1) = 1, says Pr(2) = 1, where 2 is the sample
space, because the indicator function of the whole sample space
IS equal to one everywhere.
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Summary of Axioms for Probabilities

Pr(AuB) =Pr(A) + Pr(B), if A and B are disjoint events
Pr(A) > 0, for any event A
Pr(Q2) =1, where Q2 is the sample space
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Complementary Events and the Complement Rule

Definition:
A°=Q\ A

is called the complement of the event A. Note that A and A€
are disjoint events so

Pr(A) + Pr(A°) = Pr(AU A°) =Pr(Q) =1
hence
Pr(A°) =1 — Pr(A)

which is called the complement rule.
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Complementary Events and the Complement Rule (cont.)

In particular, the complement rule implies Pr(A) <1 so

0<Pr(A) <1, for any event A

follows from the axioms (we already knew it follows from the
definition of probabilities of events in terms of PMF).
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Independence and Probabilities

Random variables X1, ..., X, are independent if
n n
E ] hi(Xy) p = ] E{ri(X3)}
for any functions h1, ..., hn (this just repeats what was said on

slide 75). What does this say about probabilities?

143



Independence and Probabilities (cont.)

The case h; = I4, of

E{ ﬁ hi(Xi)} = |] E{h:(X})}
can be rewritten

n
Pr(X; € Ajand---and X, € A,) = ] Pr(X; € A;)
i=1

This holds for any events Aq¢, ..., Ay but only when X4, ...

are independent random variables.
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Independence and Probabilities (cont.)

Definition: the events A4, ..., Ay are independent if the random
variables IAI, ..., T4, are independent.

The case X; = IAz' and each h; is the identity function of

n n
E{ 11 hi(Xi)} = |] E{h:(X)}
can be rewritten
n n
i=1 i=1
This holds for independent events A4, ..., An.
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Monotonicity of Probability

AsS a generalization of the complement rule, if A and B are events

and A C B, then A and B\ A are mutually exclusive events and
B=AuU(B\ A), hence

Pr(B) =Pr(A) +Pr(B\ A)

(the complement rule is the case B = 2). From this we conclude

Pr(A) < Pr(B), whenever A C B

which is called monotonicity of probability.
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