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empirical kurtosis

parametric space

null hypothesis

alternative hypothesis

Lebesgue measure on R
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k-th central moment of the random random variable
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the variance of the random variable X
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sample variance matrix

the density of the standard normal distribution

the cumulative distribution function of the standard normal distribution
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a-quantile of y2-distribution with f degress of freedom

the probability space

the indicator of the set B
the column vector of ones of the length n
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the covariance of the random variables X; and X
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diagonal matrix with the components of the vector a on the diagonal

expected value of the random variable (vector) X
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distribution under the null hypothesis
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density of the random variable (vector) X

cumulative distribution function of the random variable (vector) X

quantile function of the random variable X
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absolute moment
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distribution random variable (vector) X

median of the random variable X

sample median

mean squared error
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distribution random of the random variable X, i.e. the measure induced by thi random variabl
distribution when the true value of the parameter is 6

rank of matrix A

set of real numbers

the rank of the i-th observation
standard error

sample variance

sample covariance of the jth and the mth component of the random vector
support of distribution of the random variable X

a-quantile of the distribution ¢

trace of the matrix A

a-quantile of the random variable X
a-quantile of the distribution N(0, 1)
sample a-quantile

variance of the random variable X
variance matrix of the random vector X
sample space

the k-th order statistics

sample mean of Xi,..., X,



1. CLIPPINGS FROM THE ASYMPTOTIC
THEORY

1.1. THE CONVERGENCE OF RANDOM VECTORS

Let X be a k-dimensional random vector (with the cumulative distribution function
Fx) and {X,};_, be a sequence of k-dimensional random vectors (with the cumula-
tive distribution functions Fx, ).

Definition 1.1 We say that X, 9, X (i.e. X, converges in distribution to X), if
n—oo
lim FXH(ZL') = Fx(m)
n—oo
for each point « of the continuity of Fx.

Let d be a metric in R¥, e.g. the Euclidean metric d(z, y) = ,/Zle(xi - ¥i)?.

Definition 1.2 We say that

* X, .x (i.e. X, converges in probability to X), if

n—oo

Ve > 0 lim Plw : d(X,(w), X (w)) > 8] =0;

n—oo

e X, 22X (i.e. X, converges almost surely to X), if

n—oo

P[w : lim d(X,(), X (0)) = 0] - 1.

Remark. For random vectors the convergence in probability and almost surely can
be defined also component-wise. Thatislet X,, = (X,1,..., Xu)' and X = (X1,..., Xp)'.
Then

X, —— X (X, 25 X) i Xy —— X (X =25 X)), Vi=1,...,k
n—oo n—oo n—oo

n—oo
But this is not true for the convergence in distribution for which we have the Cramér-
Wold tvrz that states

X, 2 X e ATX, -5 ATX, VAeRk,

n—oo n—oo



1. Clippings from the asymptotic theory

Proposition 1.1 (Continuous Mapping Theorem, CMT) Let g : R — R™ be contin-
uous in each point of an open set C ¢ R* such that P(X € C) = 1. Then

L X, 5 X = g(X,) — g(X);
n—oo n—oo
P P
2. X, — X = g(X,) — g(X);
n—oo n—oo
3. X, — X = g(X,) — g(X).
n—oo n—oo

Proposition 1.2 (Cramér-Slutsky, CS) Let X, 4, X,Y, LN ¢, then

n—oo

1. Xn+YnL>X+c;

n—oo

2.Y,X, 5 X,

n—oo

where Y, can be a sequence of random variables or vectors or matrices of appropriate
dimensions (R or R* or R”™**) and analogously ¢ can be either a number or a vector
or a matrix of an appropriate dimension.

1.2. BASIC ASYMPTOTIC RESULTS

Proposition 1.3 (SLLN for i.id.) Let X, X»,... be independent and identically dis-
tributed random vectors with a finite expectation E X; = . Then

= 1< s
Xp=- Z X 22, .
n Py n—oo
Proposition 1.4 (CLT for i.id.) Let X3, X»,... be independent and identically dis-
tributed random with the expectation E X; = p and a finite variance matrix var X; =
Y. Then

— d
Vn (X, - p) —2 N (0, X).
1.3. A-METHOD
LetT, = (Tp1, ..., Tox)' be an estimator of a k-dimensional parameter p = (1, ..., ux)"

and g = (g1,...,gn)" be a function from R* — R”™. Denote the Jacobi matrix of the
function g at the point x as Dy (x), i.e.

P P
vaw) \ [ HE . AT

Dg(x) = : = : . :
ng(m) 0gm(x) 0gm(x)

ox1 e OXp



1. Clippings from the asymptotic theory

Proposition 1.5 (A-method) Let
d
Vn (T, - p) — Ni (0%, Z),

Further let g : A — R™, where A c RF, p is an interior point of A and the first-order
partial derivatives of g are continuous in a neighbourhood of p. Then

VI (9(T) = g(1)) = Ny (0, Dy(12) E Dy ().

Theorem 1.5 is most often applied for k = m = 1 and T,, = X,,, where Xi,..., X, are
i.i.d. random variables. Then by the central limit theorem

Vi (X = EX;) = N(0, var (Xy).

So if the function g : R — R has a continuous derivative in a neighbourhood of u =
EXi, then

Vi(g(Xn) = g(10) —— N(0,[g' (o) var (X)), (B

) [g'(w)]? var (X;)
’ n

Sometimes instead of (1.1) we write shortly g(X,) N (g(u ). The quan-

tity MH"N(X) is then called the asymptotic variance of g(X,) and it is denoted as
avar (g(X,)). Note that the asymptotic variance has to be understood as the variance
of the asymptotic distribution, but not as some kind of a limiting variance.

As the following examples show for a sequence of random variables {Y,,} the asymp-
totic variance avar (Y,,) may exist even if var (v,,) does not exist for any n € N. Further
even if var (Y,) exists, then it does not hold that var (Y;,)/avar (Y,,) > 1 as n — oo.

Example. Let X ~ N(0,1) and {¢,} be a sequence of random variables independent
with X such that

Pen=-Vm=g;  Plea=0)=1-3,  Pl,=vVn)=qg
Define v, = X + &, and show that Y, 4, N(0, 1). Thus avar(Y,) = 1. On the other
n—oo
hand var (Y,,) = 2 for each n € N.

Example. Suppose you have a random sample Xj, ..., X,, from a Bernoulli distribu-
tion with parameter px and you are interested in estimating the logarithm of the
odd, i.e. 6x = log ({#-). Compare the variance and the asymptotic variance of 6x =

px
lOg ( 1f%n )




2. RANDOM SAMPLE

2.1. DEFINITION OF A RANDOM SAMPLE
Let the probability space (Q, A, P) be given.

Definition 2.1 The random sample from distribution Fy is defined as the sequence of
X1, X>,..., X, independent identically distributed random vectors defined on (Q2, A, P)
such that each random vector has a cumulative distribution Fyx. The constant n is
called the sample size.

The elements of random sample can be either real random variables or random
vectors (matrices and so on). We can call them “observations” or “data”. The whole
random sample will be denoted as X.

Remark. The true cumulative distribution function Fx from which our observations
X1, X>,..., X, comes are not known. We aim to use observations in order to learn
something about Fx. We assume that the cumulative distribution Fx belongs to a set
of distributions mnoziny distributions ¥, which we call the model.

Definition 2.2 The model for the random sample X, X»,..., X, is a given set dis-
tributions # such that we assume that Fx € F.

Remark. The distribution Fy is unknown. Our goal is to use the observed data X in
order to determine some characteristics of Fx that we call parameters. Formally the
parameter is a constant (or a vector of constants) 8x € R* that could be calculated if
the distribution Fx was known. The parameter of interest thus can be written in the
form Ox = t(Fx), where ¢ is a given functional.

Examples (Types of models for real random variables).

1. The model ¥ can be for instance the set of all distributions on R with a finite
expectation (or a finite variance). The parameters of interest can be for instance
EX;, varX;, P[X < x] = Fx(x) or the quantile F;!(a). Such a model is called
non-parametric, as we cannot describe all the distributions in ¥ with a finite
number of parameters. By ® we denote the set of possible values of 6 = #(F)
when F € F.

2. The model F can be the set of all distributions with densities (with respect to
o -finite measure) of the form f(x; @) with 8 € ® C R?, where f(:;-) is a known
function and 6 is an unknown constant (e.g. exponential distributions, normal
distributions, geometric distributions). These models are called parametric. In



2. Random sample

parametric models each parameter of interest 6y = t(Fx) can be expressed as a
function of the finite-dimensional parameter 6.

Examples (Parametric models).
o F = {N(u, o-é), HeER, 0'3 be given}; 0=u0=R~R.
e F={N(u,0%), peR, o eR*};0=(u,0%)7,0 =R xR".
o 7 ={Exp(1), 1 eR*};0=2,0=R".
o ¥ ={Alt(p), p(0,1)};0=p,®=(0,1).

Remark. We choose the model ¥ and the parameter of interest 8. The model repre-
sents our apriori knowledge (not affected by the observed data) about the distribu-
tions of the random variables. The choice of the parameter depends on the question
that we are trying answer by the statistical analysis. The choice of the model and pa-
rameter affects the choice of the method for the data analysis (as well as the obtained
results).

2.2. STATISTICS

During statistical analysis we that from the random sample we calculate variables,
that contain (summarize) information about the parameters of interests. These vari-
ables are called statistics. Consider the random sample X = (X, X»,..., X,).

Definition 2.3 We call a statistic an arbitrary measurable function S(X) of obser-
vations calculated from the random sample X. Statistic is a random variable (or a
random vector).

A statistic cannot depend on the values that we do not know or that we do not
observe. A statistic is a function of observed data (and known constants). The most
commonly used statistics are the sample mean and the sample variance. To define
them denote X = (X1,X>,...,X,)".

Definition 2.4
(i) Arandom variableX, =1 ¥" , X; is called a sample mean of the random sample
X.
(ii) Pro n > 2 the random variable S2 = ﬁ 2 (X —X,)? is called a sample variance
of the random sample X.

2.2.1. PROPERTIES OF THE SAMPLE MEAN

Consider the model ¥ = £2. L.e. we work with the random sample X whose com-
ponents X; are independent random variables with an arbitrary distribution with a
finite second moment. Denote x = EX; a 02 = var X;.

10



2. Random sample

Lemma 2.1 .

X, =argmin Y (X; —c)>.

ceR i-1
Proof. Introduce the function f(c) = 3.1, (X; —c)?. The statement of the lemma follows
from the fact that f'(X,) = 0 and that f”(c) > 0 for each c € R. O

Theorem 2.2 (Properties of the sample mean)
(i) EX,=pu,varX, = ‘772;

(i) Ynlyasn—nm;
— d . — X 2
(lll) \"24] (Xn - M) n—>—oo) N(0,0’z), l1e. X, By N(]l, 0—7)

Proof. (i) follows by the straightforward calculation. (ii) follow from the law of large
numbers (Proposition 1.3 pro k = 1) and (iii) from the central limit theorem (Propo-
sition 1.4 for k = 1). |

Remark. Suppose that the random variables in our sample are normally distributed,
ie. F = {N(u,0%), u € R, o* € R*}. Then the statemetns (i) a (iii) of the previous
proposition can be strengthened to

Vi (X — ) ~N©,0?) ie. X,~N(pZ).

Proof. From the assumptions it follows that the random vector Z = (X1—x, ..., X,—u)"
has independent components each of them having N(0, o?) distribution. By the de-
fition of the multivariate normal distribution it follows that Z ~ N,(0, o%l,,). Denote
c= (\/iﬁ e \/iﬁ)T € R". Now from the properties of the multivariate normal distribu-
tion it follows that

c'Z =\n X, - u) ~N©,0?).

2.2.2. RELATIVE (EMPIRICAL) FREQUENCY

In applications often the random variable X; takes only two values usually denoted as
0 and 1. The number one then means that in the ith trial an event B has occurred and
the number zero otherwise. Denote p = P(X; = 1). Then random variables X, ..., X,
represent a random sample from the Bernoulli distribution Be(p).

The sample mean X, is now empirical (or relative) frequency of the event B. Thus
Theorem 2.2 immediately implies.

Theorem 2.3 (Properties of empirical frequency)
(G EX, = D, varX, = @;

ey — P
(i) X, ;:;.o—) P

(iii) V7 (X — p) —— N(0, p(1 - p))

11



2. Random sample

(iv) nX, ~ Bi(n, p), where Bi(n, p) stands for the binomial distribution with r» trials
and p being the parameter of success.

Proof. (i), (ii) and (iii) follows directly from Theorem 2.2 together with EX; = p and
varX; = p(1 - p). (iv) follows from the fact that nX, = ¥, X; and from the definition
of the binomial distribution. |

Statement (ii) says that provided we have enough observations then we can find

the value p with an arbitrary precision. The end of
lectures for

2.2.3. PROPERTIES OF THE SAMPLE VARIANCE week 1
(3.10.-8.10.).

First consider the model # = £2. Denote i = EX; and o? = var X;. Sample variance
can be rewritten in several useful ways.

Theorem 2.4 (i)

n

n
2 n 1 2 —2
S ;in -X |
i=1

1 (2.1)

(i) Let 1,, be a column vector of n ones. Denote A = 1,, — %1,,1;'; (matrix nx n). Then

1

§2 =
n-1

n

XTAX = ﬁYTAY, 2.2)

where Y = X - c1,, for some ¢ € R.
Proof. Part (i):

n n n

1 & — 1 — —2 1 2 — —2
-1 @2 E 2 _ E 2 _ E 2 E
nTSI’l ;i_l(xi—xn) _;i_l(xl._zxixn-'- Xn)_;i_l Xl._ﬁi_l XiXI’l+Xn

1 Z" s =2 =2 1 Zn ) =2
; Xi —2Xn+Xn=Z Xl- _Xn'
i=1 i=1

Part (ii):

1 1
XTAX = XT(I]n - ;1,111))( =XTX - -XT1,1]X

n 1 n 2 n 2
= le? - Z(in) = ZX,? -nX, =(n-1)S;.
i=1 i=1 i=1
The last part of the proposition follows from the fact that

1TA=0=A1,.

12



2. Random sample

Remark. Both formulas (2.1) and (2.2) are useful in particular in theoretical deriva-
tions. Formula (2.2) shows that $2 can be expressed in a quadratic form and shows
that S2 is location invariant.

Note that the matrix A is idempotentni, i.e. AA = A. This will be used later on
when deriving the distribution of 2 (see Theorem 2.8 below).

We have a useful formula for calculating the expectations of the quadratic forms.

Lemma 2.5 Let Z be a random vector of length n with the mean value p and a finite
variance matrix X. Let B be an arbitrary matrix n x n. Then it holds that

EZTBZ = "B + tr ([EBZ).
Proof.
EZ'BZ =Etr(2'BZ) = Etr (BZZ") = tr (BEZZT) = tr (B(un" +))
=tr ([BuuT) + tr ([EBE) = ;LT[B;L + tr ([EBZ),
where we make use of the fact that

S=E(Z-p)(Z-p) =EZZT - pu’.

Theorem 2.6 (Properties sample variance)

. P
6] S,% — 5 g2,
n—oo

(i) ES2 = o2
(iii) If ¥ = £* (i.e. if the fourth moment of X; is finite), then
Vi (82 - 02) =5 N(0, 0 (ya - 1),

where y; = is the kurtosis of X;.

Proof. Part (i): With the help of Theorem 2.4(i) one can write

n
2 n 12: 2 _ 32
Sn:n—l(; Xi _Xn)‘
i=1

As -5 —— 1, it is sufficient to show that
n—oo

n—oo

1< -2 P
—ZXl.Z—Xn — o2,
i

13



2. Random sample

By the law of large numbers (Proposition 1.3) it holds that

1< T T
(Xn; ; Z X[Z) —>P (E Xi, EXIZ) .
i=1

n—00

Now the function g(y1,y2) = y2 — y# is continuous on R?, i.e. it is continuous in (the
unknown point) (E X;, EXI.Z), which is the support of the limit distribution. Now we
can use the Continuous Mapping Theorem (Proposition 1.1(ii)) a dostdvame

1< —2 P
;fo X, — EX? - (EX;)? =varX; = 02,
i=1

which was to be proved.

Part (ii): PutY = X —ul, and note that EY = 0. Then according to Theorem 2.4(ii)
and Lemma 2.5 one can calculate

(n-1DESZ=EYTAY =EYTAEY +tr (Ac?l,) =0+ (n-1)0?

as
tr (Ac?l,) = o? (tr @, - %tr (1,111)) =c?(n-1).

Part (iii): First we rewrite the sample variance as

1 < - 1 < -
Sp = 1 Z(Xi - X, = 1 Z(Xi - -y X -
i=1 i=1
And thus
n
n — .
Vi (S5 -o?%) = vn (X - w)? = 2] + L2 02 - 2\ (X — 1)? °2 Ay + By + C,

i=1

where A,, B, and C, denotes the corresponding terms on the right-hand side of the

above equation. Obviously
B, = YL 52

Further o
Cn = % ‘/ﬁ()_(n _.u)z = %\/ﬁo_{n - ﬂ)()_(n 0, }1_)—00) 0,
where we make use of the fact that
— d — P
m::;:l, \/E(Xn—}t)ml\l(o,(fz), Xn_ll::;o_’o

and Cramér-Slucky theorem (Proposition 1.2).

14



2. Random sample

Thus it is sufficient to deal with the term A,,. Fori € {1,..., n} denote ¥; = (X; — u)>.
Then with the help of the central limit theorem for the random variables Y; (Proposi-
tion 1.4) a Cramér-Slucky theorem (Proposition 1.2)

\/ﬁ n n 1 n
Awﬁ;[(xi—mz—azl = n_lﬁ;[%—m%azl

n 1 ¢ d
=— %; [v; - EYi] — N(0, var (Y;)).

n

Now it remains to calculate

var (Y;) = var ((X; — w)?) = E(X; — p)* - (02)2 =c*[E (%)4 -1 =0 [ya-1].

Remark.
e Theorem 2.6(iii) says, that the asymptotic variance of the sample variance de-
pends on the kurtosis.

Remark. Alternativaly one can prove Theorem 2.6(ii) (i.e. unbiasedness of the sam-
ple variance) by the following straightforward calculation

nil(n EXI2 —nvar (X,) - n (EY,I)Z)

1 [ _
Es? = 1(ZEXi2—nEXi
n=i\i=

1 1
= (n(0'2+y2)—n“—2—n;42) = (nO-Z_o-Z) =02,
n-1 " n-1

where we make us of the fact E X? = var (X;)+(E X1)2 and analogously also of E ()_(n)2 =

var (X,,) + (EX,)°.

Exercise. Prove that, when X; are zero-one variables then S% = - X ,(1 — X,,). Hint:
Use the fact that X?* = X;.

Now we add the assumption of the normal distribution, e.g. we are going to work
in the smaller model ¥ = {N(u,0?), u € R, o € R*}. Thus we have a random sam-
ple X = (X,Xs,...,X,)", with X; being independent with the distribution N(u, o2).
Thanks to the independence it holds that X ~ N,(u1,, o%l,).

First we give two results that hold for random vectors with (arbitrary) normal dis-
tributions.

Lemma 2.7 Let X ~ N, (i, X) a A be a positive semidefinit matrix of the dimension
nxn.

(i) Let B be a matrix of dimension m x n such that BXA = 0,,x,. Then the random
variable X TAX and the random vector BX are independent.

15



2. Random sample

(ii) Let B be a positive semidefinite matrix of dimension n x n which satisfies BXA =
0,x.. Then the random variables X TAX and X TBX are independent.

Proof. Part (i). As the matrix A is positive semidefinite there exists an ortonormal
matrix U such that

A=UDU"T

where D = diag (43, ..., 4,) is a diagonal with eigenvalues of the matrix A on the diag-
onal. Note that these eigenvalues are non-negative.
Further from the assumptions of lemma we have

Oxn = BEA = BSUDUT.

Denote by D~1/2 the diagonal matrix with the ith diagonal element i given by # if A;
is positive and zero otherwise. Multiplying the above equation with the matrix UD~!/?
from the right we get

0, = BXUDY2,

Thus random vectors BX and D'/2UT X are not correlated as
cov (BX,DY?UTX) = BEUDY? = 0xp.

Now from the definition multivariate normal distribution it follows that random vec-
tors has the joint normal distribution as we can write

BX \_( B |,
Dl/z[UTX - IDI/Z[uT .

Now the joint normality and the fact the random vectors are not correlated imply the
independence of the random vectors BX and D'/2UT X (P6.2(ii)). Thus also BX and
XTup!'/2pY2uUT X = XTAX are independent.

Part (ii). Analogously as above using the spectral decompositions one gets
A=U,D U] and B=UDsU},

where Uy, Up is ortonormal matrix and Dy4, Dp is diagonal matrix with non-negative
elements on diagonals.
Further from the assumption of the lemmat

Opxn = BEA = UpDpUJ 2 UuD,UT

Let I]Zl)/;l/2 and IDI_.),I/2 are as the matrix D1/2

tion with the matrix Uy [D;ll/ 2 from the rate and with the matrix D
we get

above. Then multiplying the above equa-

-1/2
5 “U] from the left

Onxn = D *US TULDY2.

16



2. Random sample

Thus similarly as in part (i) we get that the random vectors DL/*UJ X a D}/*UT X are
independent. Thus also

XTUsD}?D*UL X = X TBX

and
1/2 ~1/2
XTu,p/? DUl X = XTAX.

are independent.

i
Theorem 2.8 (Properties sample variance za normality) Let X; ~ N(u,02),i=1,...,n
be independent. Then it holds
(1) )
Tﬂ ~ Xn—l' (23)

(ii) X, and S2 are independent random variables.
Proof. Part (i). Using Theorem 2.4 one can rewrite

-1)s2
w — YTAY,
o

where
y = (B X T N, (0,1,)

o’ o

and A =1, - 11,1]. As matrix A is idempotentni with the rank n — 1, then the state-
ment of the proposition follows from lemma A.1 (where X = 1,,).

Part (ii) Note that one can write

- 1
X, =—-BX, §2 =
n

1
n-1

XTAX,

where B = 1] a A =1, - 11,1]. Further X ~ N,(u1,,02l,) and thus proposition
follows from lemma 2.7(i) as

n

BXA =1,0%1,(1, - 11,1]) = o?(1} - 1 n1]) = 0;.

i

Remark. From the definition of y? distributions we know that random variable with
x?%_, distribution can be represented as Z?z‘ll Y?, where Y1,...,Y,_; are independent

and identically distributed random variables with N(0, 1) distribution. From the cen-
tral limit theorem and (2.3) it follows that

(n-1)sz

2 (n—-1) d
< N(0, 2
Vvn -1 n—eo ©0.2)

* Viz definice A.l.
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2. Random sample

and thus
VELR (82 - 0?) 2 N0, 20°%).

Taking into consideration that the skewness of normal distribution is 3, we see that
statement (i) of Theorem 2.8 is in agreement with the asymptoic result of Theorem 2.6(iii).
Theorem 2.8(i) now gives the exact distribution of S2 for random sample from the
normal distribution, while Theorem 2.6(iii) gives the asymptotic distribution S2 for
random sample from an aribtrary distribution that has the finite fourth moment.

Remark. One can remember the statement (i) of Theorem 2.8(i) as follows. Note that

(n-1)s2 Z (xi _)—(n)z
o2 4 o ’
i=1
If one uses the true expectation p instead of X, in the above formula, then 37", (%)2 ~
X2. By replacing the unknown expectation p with its estimator X, we loose one de-

grees of freedom (as we estimate one parametr).

Remark. Theorem 2.8(ii) says, that when the random sample comes from the normal
distribution, then X,, and S% are independent for each finite n > 1.

Theorem 2.9 (limitni Theorem o T,,) Let Xj,..., X,, be a random sample from an ar-
bitrary distribution with the expectation x and with the finite and non-zero variance

o?. Then _
X, -
P Ll BEL IR

Sn n—oo

Proof. The random variable T, can be now rewritten in the form

Vi (%o - 1) @

n = < -
loa Sn

By the central limit theorem (Proposition 1.4, pro k = 1) one has that

\/ﬁ()_(n_ﬂ) d

o n—oo

N(0, 1).

Further z S2 P, &2 (Theorem 2.6(i)) and byt the continuous mapping theorem

n—oo

(Proposition 1.1(ii)) for g(y) = o/+/y one gets

o P
P,
S, n—oo

The statement now follows from Cramér-Slucky véty (Proposition 1.2). ]

Now we again add the assumption of normal distribution.

18



2. Random sample

Theorem 2.10 Let Xy, ..., X, be arandom sample from the distribution N(z, o). Then

AV (Xa-p) .
n=—— — ~lp1.

Sn
Proof. The random variable T, can now be rewritten as

‘/E(Yn_.u)
T, = z _ 2.4)
&/(n -1)

o2

From the remark below Theorem 2.2 we know that v/n )% ~ N(0, 1). Further (":r—lz)s’z’ ~
X;21—1 (Theorem 2.8(i)), and at the same time the numerator and the denominator in
fraction (2.4) are independent (Theorem 2.8(ii)). The statement now follows from the
definition of the ¢-distributions (see Definition A.2). |

Remark. Theorem 2.10 gives the exact distribution of T,, for normally distributed data
while Theorem 2.9 gives the asymptotic distribution of T;, for random sample from an
arbitrary distribution with the finite and non-zero variance. Note that for n — oo the
distribution ¢, converges in distribution to N(0, 1).

* Viz definice A.2.
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3. PARAMETER ESTIMATION

We are given a random sample X = (X, X»,..., X,), amodel ¥ and a parameter 6 =
t(F) € R? for F € ¥, which we need to estimate. Let Fxy € ¥ be the true distribution
of the random vector X; and let 8x = 1(Fx) be the true value of 6.

3.1. POINT ESTIMATION

Definition 3.1 An fstimator of 8x = t(Fx) € R” is a p-dimensional random vector §n
which is given as 0, = T,(X) = T,(X;,..., X,), where T, is some Borel measurable
function of data.

Remark. An estimator is a statistic in sense of definition 2.3. It cannot depend on
unknown parameters.

Definition 3.2 (Unbiasedness and consistency) Let us suppose that we are given a
rAandom sample X = (X, X»,..., X,) from distribution Fx € ¥ and an estimator
0, = T,(X) of a parameter @x = t(Fy).

(1) §n is said to be an unbiased estimator of the parameter 6y in the model ¥ if and
only if Ef,, = 6 for every n (for which the estimator is well-defined) and for
every distribution Fx € .

(ii) §n is said to be a consistent estimator of the parameter 0y in the model ¥ if and
o P .
only if §,, — 0y as n — o for every distribution Fx € F.

Remark.

* Properties of a given estimator must be studied in context of the given model.
It can easily happen that an estimator 6, is unbiased and consistent in some
model 7, while in a different model ¥ it does not retain these properties.

e Unbiasedness is supposed to hold for each number of observations n for which
the estimator is defined (e.g. in case of the sample variance for n > 2). Un-
biasedness, however, does not guarantee that the estimator will approach the
true value of the parameter being estimated as the sample size n increases. For
some models there are no reasonable (or even none at all) unbiased estimators.

* Consistency is an asymptotic property, which does not say anything about be-
haviour of an estimator for finite n. (e.g. 6, = 21 for n < 10'°, 9, = X, for
n > 100 is a consistent estimator of x = E X;.)
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3. Parameter Estimation

* The aforementioned notion of consistency is sometimes called weak consis-
tency. In addition, an estimator is said to be strongly consistent if and only if

e In statistics, estimators which are consistent, albeit not unbiased, are commonly
used. On the other hand, estimators which are not consistent are typically un-
used because they either estimate “something different” or they do not get more
accurate as the sample size increases.

Examples.

1. Estimation of parameter 6x = E X; in model ¥ = £:

» The sample mean X, is an unbiased and consistent estimator of 6x [follows
from theorem 2.2, (i) a (ii)].

¢ The estimator 4,, = X is an unbiased estimator of 8y, but it is not consis-
tent.

2. Estimation of parameter 0x = var X; in model ¥ = L?:

¢ The sample variance Sﬁ is an unbiased and consistent estimator of 0x [fol-
lows from theorem 2.6, (i) a (ii)].

* The estimator 52 = 1 3" | (X; - Yn)z is a consistent estimator of 0y, but it
is not unbiased.

3. Estimation of parameter 0x = P[X; = 0] in model ¥ = {Po(1), A > 0}:

e The estimator 8, = % i1 T10y(X;) is an unbiased and also consistent esti-

mator of 6x (unbiasedness and consistency of 9, are preserved even in the
model of all discrete distrjlbutions).

* The estimator 6,, = (”T‘I)Zi=1 % is also an unbiased and consistent estimator
of 0x (in model F but not in the model of all discrete distributions).

4. Estimation of parameter 0y = e*'x in model ¥ = {Po(1), A > 0} forn = 1:

The only unbiased estimator is 0 = (-1)"1 and the only 2 values which this esti-
mator attains are —1 and 1. However, e >'x only attains values from the interval
(0,1).

Definition 3.3 (Bias) Let us suppose that the estimator 0, = T,(X)ofa parameter O
has finite expectation. Then the difference E (6, — 0x) is called bias of the estimator
0,.

Definition 3.4 Let us suppose that the estimator 0, = T,(X) of a parameter 6x € R
has finite variance.

(i) Expression
MSE(8,) = E (6, - 0x)°

is called mean squared error of the estimator 0,,.
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3. Parameter Estimation

(ii) Expression
SE(8,,) = +/var (6,)

is called standard error of the estimator 8,,.

Remark.

* Beware of subtle differences in terminology. The term standard deviation (SD)
usually refers to the square root of the variance of one random observation i.e.
Wvar X;. The term standard error (SE) usually refers to the square root of the
variance of some estimator calculated from the whole random sample. Some
authors, however, use the term standard error when they want to refer to

SE8,) = \/VaF (8,),

where var (6,) is an estimator of var (,,)
¢ Both the mean squared error and the standard error are measures of estimation
accuracy. Furthermore, while the standard error disregards the bias, the mean
squared error does not.
e It holds that the mean squared error can be decomposed as a sum of variance
and bias squared:
MSE(8,,) = var (6,) + [E (8, — 6x)]>.

Proof of the aforementioned assertion is a direct calculation:

MSE(@,) = E (8, —E0, + EB, — 0x)°
= E(0,—E0,)%+2E (8, — E0,)E (8, — 0x) + [E (@, — 0x)]?
=var (6,) + 0+ [E (@, — 6x)]°.

e The mean squared error is one of the most appropriate criteria for comparison
of estimators. If we have several different estimators of the same parameter in
the same model, we try to find the one with the smallest MSE. Thus, in the case
of unbiased estimators, we select the one with the smallest variance.

* MSE often cannot be calculated analytically. In many cases, however, one can
decide on the basis of asymptotic variances of estimators. Assume that we have
2 estimators 5n and 6,, which satisfy

—~ d ~ d
\/ﬁ(en—ex)m—w)'\uo,O'%), \/ﬁ(Gn—GX)n_)—OO>N(0,O'%)

Then (for large sample sizes) estimator 5,, is preferred if Uf < O’%. Conversely, if
of > o5, then estimator 6, is preferred.

Example. Estimation of parameter o% = varX; in model ¥ = {N(u,0?), u € R, 0> >
0}. Show that MSE(S2%) > MSE(52).
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3. Parameter Estimation

Tlleorem 3.1 Let 5,, be an estimator of a parameter 6y € R for which it holds th/.':\lt
E6, —— 0y (bias converges to zero) and var (6,) —— 0, for each Fx € #. Then 9,
n—oo n—oo

is a consistent estimator of 6.

Proof. Let € > 0. Then from Markov’s inequality (theorem P.2.6) it follows that:

MSE@,) _ var@,) . (Ef, - 0x)°

P(|§n—ex| >8) < 5

g2 g2 €

Now, both terms on the right-hand side converge to zero because thanks to the as-
sumptions of the theorem var (,) — 0 and E6,, — 0x as n — . O

Remark.
* The opposite implication is not true. There exist consistent estimators which
satisfy that E |§,,| = oo for every finite n.
* Theorem 3.1 is useful in situations when the bias and the variance of the esti-
mator §n are available (or can be easily calculated). If, however, it is possible to
express 6, as 0, = g(1 Y7, X;) (i.e. as a transformation of the sample mean),

n

then it is easier to study consistency of 8, using the law of large numbers (the-
orem 1.3) in combination with the continuous mapping theorem (theorem 1.1).

Example. LetXj,..., X, be arandom sample from the alternative distribution Alt(px).

Consider 6, = % as an estimator of 6y = pix. Show that although it holds that

—~ . —~ P
E 8, = oo, it also holds that 9,, — 6x.
n—oo

3.2. CHOICE OF THE PARAMETER OF INTEREST

The parameter 6 = t(F) which we are trying to estimate can be in principle anything.
Not all parameters, however, make sense in context of the practical problem we are
solving. Therefore, we must distinguish for which parameters it is reasonable to esti-
mate them and for which it is not. This depends on the meaning of the values of the
measured quantities, on the procedure by which they were obtained, processed, etc.
The statistical methods that will be introduced, will be divided according to the type
of measurements for which they are intended. We will consider the following data
types or measurement scales.

3.2.1. QUANTITATIVE DATA

A random variable X will be called quantitative if its values have some specific nu-
merical meaning (e.g. number, percentage, length, volume, weight, interest rate, con-
centration, temperature, duration, angle, latitude, calendar year). For quantitative
data there exists a meaningful ordering of their values (temperature 10 °C is higher
than -11,4 °C). Furthermore, differences of these values are interpretable. Quantita-
tive random variables can be both discrete and continuous.
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3. Parameter Estimation

Quantitative variables can be further subdivided into two subgroups: interval and
ratio. Ratio variables are typically non-negative with a clearly defined zero value
and interpretable ratios. For example, the weight 0 kg has a clear interpretation and
an object whose weight is 20 kg is 4 times heavier than 5kg. Examples of ratio vari-
ables are number, length, volume, weight, interest rate, concentration, time duration,
temperature measured in kelvins. Interval variables are quantitative variables which
do not follow properties of ratio variables, i.e. they do not have a fixed zero value or
ratios of their values are not interpretable. For instance, direction given by azimuth
is an interval quantity because azimuth 360° is not six times greater than 60°. Simi-
larly, temperature measured in °C is an interval quantity because the temperature of
16 °C is not four times higher than the temperature of 4 °C. Calendar year is also an
interval quantity, because it does not make sense to calculate the ratio of this year
and the year of your birth.

3.2.2. CATEGORICAL DATA

A random variable X is called categorical if its values encode affiliation (or classifica-
tion) of an object with a certain category, or with one of several disjoint sets. Cate-
gorical variables are always discrete and have a finite number K of possible values,
usually 1,...,K or0,..., K — 1. Values of categorical variables do not have a direct nu-
merical interpretation. Their sole purpose is to distinguish possible states. Individual
states are called levels or categories.

We further subdivide categorical variables into nominal and ordinal. For nominal
variables there is no ordering of their categories - it cannot be said that some cate-
gory j precedes the category j + 1. An example of a nominal variable is, for instance,
residence categorised in terms of regions (1 = Prague, 2 = Central Bohemian, ..., 14
= Moravian-Silesian) or social status (1 = underage; 2 = student; 3 = employee; 4 =
self-employed ; 5 = unemployed ; 6 = pensioner). Categories of ordinal variables are
in some sense ordered. Thus, it is possible to claim that category j precedes category
j + 1 or that it is smaller, worse, etc. An example of an ordinal variable may be an an-
swer to a question with options 1 = strongly disagree, 2 = rather disagree, 3 = do not
know, 4 = rather agree, 5 = totally agree. A different example is a variable encoding
the highest attained level of education as 1 = primary education; 2 = lower secondary
education; 3 = upper secondary education; 4 = post-secondary non-tertiary educa-
tion; 5 = short-cycle tertiary education; 6 = bachelor’s or equivalent; 7 = master’s or
equivalent; 8 = doctorate or equivalent.

3.2.3. BINARY DATA

Binary variables are a special case of categorical variables when K = 2. Hence, they
classify observations into one of two possible states. Their values are typically chosen
as 0 vs. 1 or, alternatively, 1 vs. 2. An example of a binary variable is the truth value
of some statement (0 = false, 1 = true), realisation of a random phenomenon (0 = did
not occur/failure, 1 = occurred/success) or sex (1 = male, 2 = female).
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3. Parameter Estimation

3.2.4. CHOICE OF THE PARAMETER ACCORDING TO THE TYPE OF DATA

In general, for nominal quantities it does not make sense to consider parameters such
as E X, var X, cumulative distribution function, quantiles, covariance and correlation,
in short, no characteristics that depend on encoding and ordering of individual cate-
gories. Although these parameters are properly defined, they have no practical inter-
pretation. The only parameters which in case of nominal variables do have an inter-
pretation are probabilities of individual categories, i.e. p; = P[X = j] for all admissible
values of j.

One exception are binary variables. If value 0 encodes failure and value 1 encodes
success, then EX = P[X = 1], i.e. expectation and probability of success are equal.
For ordinal variables, thanks to natural ordering of their categories, it makes sense to
consider their cumulative distribution functions. It is often possible to attach to them
the interval interpretation (doctoral education is two levels higher than bachelor),
however, it is not usually feasible to afford them ratio interpretation (we cannot say
that bachelor’s education is 2 times higher than upper secondary education). Ordinal
variables are sometimes assigned non-integer values, so-called scores. For example
we can create an ordinal variable in a way that we take some quantitative variable Z
and categorise it according to some chosen partition, e.g. X = 1if Z € (0,5), X = 2
if Z € (5,20), X =3if Z € (20, 100) and X = 4 if Z > 100. Such quantities usually
arise in questionnaires, when respondents are supposed to choose one of four op-
tions instead of writing down the exact number. The resulting variable X is obviously
ordinal. Perhaps, instead of the values 1,...,4 we could choose, as the values of X,
midpoints of the intervals which were used to define X, i.e. 2,5; 12,5 a 60 for the first
three intervals. There is clearly a problem with the last one since it does not have
the right endpoint - thus, we would somehow need to add the last score (for exam-
ple take 150). Variables encoded in this way are not only ordinal, but they also retain
some properties of quantitative variables.

Ordinal variables can always be analysed as if they were nominal but it is often
possible to also apply methods originally devised for quantitative variables, estimate
their expectation or calculate their differences. Moreover, there exist special methods
designed specifically for the ordinal data, but we will not encounter them for a while.

Our explanation of statistical methods (starting with chapter 4) will distinguish be-
tween methods for quantitative data, where we will work with characteristics such
as expectation, variance, median, cumulative distribution function, covariance, etc.,
and methods for nominal data, where we will work with probabilities of individual
categories.

3.3. METHOD OF MOMENTS
The method of moments belongs, together with the method of maximum likelihood,

to basic methods of parameter estimation.
Let us consider a parametric model: we are given a random sample Xj, ..., X, from
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3. Parameter Estimation

a distribution with a probability density function f(x; 6x) with respect to some o -
finite measure y, where the form of the function f(:; -) is known and @y is an unknown
(vector-valued) parameter, which belongs to some space of parameters ® ¢ R%, d > 1.
Thus, we are working with the following model:

¥ = {distributions with density f(x; ), 6 € ® C R*}

The goal is to estimate the parameter Ox. We will take advantage of the fact that
we have at our disposal consistent estimators of moments and that we can usually
express moments of X; as functions of unknown parameters. We will assume that
E 1X;]¢ < 0.

Consider first d = 1. Let us assume that EX; = 7(fx), where 7 : ® — R. Since X,
is a consistent estimator, it is reasonable to try to find the moment estimator 9, as a
solution of the estimating equation:

X, =1(6,). (3.1)

If the function 7 is strictly monotone, it is possible to express the estimator as 6, =
771(X,) and the estimated parameter as 6x = 71 (EX;).

Properties of the estimator §n:
. . i~ P
e If r~! is continuous at E X;, then §,, — 0 (theorem 1.1).
n—oo

e If r~! has a continuous derivative on some neighbourhood of E X;, then thanks
to the A-method (theorem 2?)

Vi (B, - 6x) —— N(0,V(6x),

where
N2 var X; var X;
V(ox) = {[tTHEX)]'} varX; = : = a— (3.2)
x {[ ] } [ LEX))])*  [v6x)]

Note that in the expression of the asymptotic variance (last equality) we do not
need to know the explicit formula for 7=!. This formula is therefore useful if r~!
is given only implicitly and the estimate 6, is being searched for using numeri-
cal methods as a solution of the estimating equation (3.1).

In applications, the asymptotic variance V(6x) is estimated by

0= ([ @) 52 = S

The last expression is again suitable especially when we do not have the explicit

formula for v~1.

Examples.
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3. Parameter Estimation

1. Xp,...,X, is arandom sample from Po(A1x) distribution, E X; = 1x. The moment
estimator of 1y is 6,, = X,,.

2. X1,...,X, is arandom sample from Geo(py) distribution, EX; = % andvarX; =
1- 1- — 1 . .~
?’”X. Thus, 7(x) = =% and 77'(x) = 1. The moment estimator of py is p, =

i
o Further,

VI (B = px) = N(O, p2(1 = px)),

n—

where the asymptotic variance p2(1 — px) follows either from the first equality
in (3.2)

2
-1 a 1-px
(pX) {(1 +E X,-)Z} var X; = pPx p}g{

or, alternatively, also from the third equality in (3.2)

1-px

var X; P2

Vipx) = Y i
_ g} o

3. X1,...,X, is a random sample from R(0, 8x) distribution, E X; = 6x/2. The mo-
ment estimator of 6y is 8, = 2X,. It holds that vn (5,1 - 0x) 4N (0,0%/3).

n—oo

d = 1, but a different moment than E X;

Sometimes it can happen that E X; = 0 for every 6x € ©. For example, this is true for
distributions with finite expectations which are symmetric around zero. Then we can
consider the second moment, i.e. E Xl.2 = 1(0x) and the estimator 6,, will be acquired
as a solution of the equation

n
1 ZXZ-Z = T(gn).
A

Generally, we can consider some suitable (measurable) function # such that E [¢(X;)| <
oo and E#(X;) = 7(0x). The estimator 6,, will be obtained as a solution of the equation

L3 400) = 1(@,).
n i=1

Now we will generalise the method for d > 1.
The most straightforward method is to consider the first d-moments, i.e. we will
calculate
EX; = 11(0x), EX? = 12(0x), ..., EX{ = 14(6x),
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and thus, we will obtain mappings i, ..., 74 : ® — R. The estimator of the parameter
0, is then obtained as a solution of the following system of d equations with d un-
knowns:

1< ~ 17 ~ 1< ~
= X =@~ Y X =B X = 1B,
i=1 i=1 i=1

Once we define mapping 7 = (11,...,7)" : ® — RY then under the assumption of
existence of 7~! we can write

n 1

n
én :T_l(lZZi), where Zi: (Xi,Xiz,...,X-d)T.
i=1

From this expression, similarly as in the case of d = 1, we can derive consistency and
the asymptotic normality of the estimator 6,,.

Special case d = 2

Suppose that (E X;,var X;)" = 7(8x), where T : ® — R2. Then it is reasonable to try
to find the estimator of 8x as a solution of the system of estimating equations (more
precisely 2 equations with 2 unknowns)

(X, 82)" = 7(6x).

If the function 7 is injective, then we can express the estimator as §X =71 (Yn, Sfl)
and the estimated parameter as 8y = 7~!(E X;, var X;).

Properties of the estimator 6,,:

» We know that X, and S? are consistent estimators of E X; and var X;. Hence, if

the function 77!

. . ~ P
is continuous at (E X;, var X;), then 8,, —— 0x.
n—oo
¢ From theorem 2.6, part (iv) we know that if E X} < oo, then X, and S? are jointly
asymptotically normal. If 7! has a continuous derivative, then according to the
A-method also 6,, has jointly asymptotically normal distribution with variance
matrix which can be calculated using theorem 2.6 and the A-method.

Examples.

4. X,...,X, is arandom sample from gamma distribution with density f(x; a, p) =
%x”_le_’”ﬂ{x > 0}. Then EX; = £ and var X; = % (see chapter 8.2.6 of ,
). The moment method yields consistent and asymptotically normal esti-

mators

5. Xj,..., X, is a random sample from R(61, 6,) distribution. We know that

9 +6 0o — 01)2
002 hd varx = 022007

EXi 2 12
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In this case, the system of estimating equations is of the form

%, = 61, + §2n, varX; = (B2n — é\1n)2'
2 12

By solving this system we get

Since from theorem 2.6 we know that
[52)- ()
s2 o?

) and y3 = M then using the A-method it is

Vn - N2(0,%),

o? o3y3

ys olya-1)
possible to show that

\/;[(gln) _ (91)] — Ny (0,DEDT),

where ¥ = (

an 92 n—o0

where D denotes the Jacobian matrix of the mapplng 771, x2) = (%1—V3x2, X1+

V3x2) at point (E X;, var X;). Therefore, the estimator 0, = (Gln, ng) is asymptot-
ically normal (and according to theorem ?? also consistent).

6. Xi,..., X, is arandom sample from B(e, B) distribution (see for instance chap-
. af

ter 8.2.7 , ),ie. EX; = ﬁ and var X; = @R By the moment

method we get consistent and asymptotlcally normal estimators

—~ )—(n()_(n(l _)_(n) )_(n(l _)_(n) _ 1)

3 - 1) and B,=(1 —)_(n)( 52

(estimators are meaningful only if S2 < X ,(1 - X,,)).

Remark.
 Estimators obtained by the method of moments tend to have larger asymptotic
variance compared to the estimators obtained by the method of maximum like-
lihood. Maximum likelihood theory will be discussed in detail in Mathematical
Statistics 2.
¢ Using the implicit function theorem it can be proved that it is sufficient that =
has continuous derivative on some neighbourhood of (E X;, var X;).

3.4. INTERVAL ESTIMATION
We are given a random sample X = (X, X»,..., X,), amodel ¥ and a parameter 6 =

t(F) € R for F € ¥, which we need to estimate. Let Fx € ¥ be the true distribution of
some random vector X; and 0x = #(Fx) be the true value of the estimated parameter.
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3.4.1. DEFINITIONS

Definition 3.5 An interval B, = B,(X) c R is called a confidence interval for param-
eter Ox € R with confidence level 1 — @ in model ¥ if and only if

Plw e Q: By(w) 3 60x]=1-«, foreverydistribution Fy € ¥.

An interval B, is called an asymptotic confidence interval for parameter 0y € R with
(asymptotic) confidence level 1 — « in model ¥ if and only if

Plw € Q: By(w) 3 %] — 1-a for every distribution Fx € F.
Remark.

e Interval B, is random (calculated from the data) while the parameter 6y is not.
Expression B, > 0y is read as “interval B,, covers (the true value of) 6"

e Number « € (0, 1) is preselected; usually a = 0,05 is chosen, which leads to con-
fidence intervals with confidence levels of 0,95. However, we can also encounter
intervals whose confidence levels are 0,90 or 0,99.

e It is not always possible or appropriate to calculate confidence intervals with
exact prescribed coverage. We are often satisfied with asymptotic confidence
intervals whose coverage converges to the prescribed level as the sample size
increases.

¢ We defined confidence intervals only for real parameters. Nevertheless, similar
concept can also be introduced for vector parameters: we need to find some
random set B,, which covers the true value of the parameter with specified prob-
ability. This set is then called the confidence set. The shape of the set B,,, how-
ever, can be chosen in many different ways.

Remark. We distinguish between two-sided and one-sided confidence intervals (lower
and upper).

* Aninterval of the form (n.(X), ny(X)), where . (X) and ny(X) are two random
variables satisfying P[n;(X) < ny(X)] = 1, n1(X) > —co and ny(X) < o ass., is
called two-sided confidence interval. Usually we construct it so that it holds (at
least asymptotically) that

Plox <nu(X)] =3, Plox 2nu(X)] = 3.

* An interval of the form (17,(X), ) is called lower one-sided confidence interval.
We have that P[n.(X) < 0x| =1 -«.

* An interval of the form ( — oo, ny (X)) is called upper one-sided confidence inter-
val. We have that P[0x < ny(X)] =1 - a.

Example (expectation in normal model with known variance). Consider the problem
of interval estimation of the expected value for normally distributed data with known
variance.
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Data: Xi,...,X,, ~ Fx
Model: Fx € ¥ = {N(y, 0')2(), ueR, 0')2( known}
Estimated parameter: 0x = EX; = uy
Procedure:
1. We have an unbiased and consistent estimator of the parameter uy - the sample
mean X ,. We know that X, ~ N(ux, 0% /n). Thus

X —
v (Xn = pix) ~N(O, 1).
Ox
2. We will use the equality
X, -
P Ltg<—\/ﬁ( ‘uX) <u1_a/2]=l—oz,
2 Ox

where u, = ®(«) is a-quantile of the standard normal distribution and af-
ter several manipulations of the expression (using symmetry of the density of
N(0, 1) distribution around 0) we will arrive at

- Ox - Ox
Xn_ul—a/Zﬁ <ux <Xp+ujqp—|= 1-a.

Vn

3. We obtained a two-sided confidence interval (., ny). Its endpoints are

P

— o —
Nu(X) =X, —u1_qp2 X, nu(X) = Xu + Ur-qp2
Vn

Quantiles of the standard normal distribution which are needed for the con-
struction of the confidence interval are listed in Table 3.1.
For a = 0,05 we take quantile ug 975 = 1,96 and obtain 95% two-sided confidence
interval. This means that the interval covers the true value uy with probability
0,95.

4. One-sided interval would be obtained by a small modification of step 2. Lower
one-sided confidence interval will be given as

((X), ), where 7.(X) =X, - u1_ =.
\Vn
Upper one-sided confidence interval will be of the form
Ox

(—o0,nu(X)), where ny(X)=X,+ui-q —.
\n

Table 3.1.: Some values of quantiles of the standard normal distribution.

K 0,9 095 0975 099 0,995
u, =0 1(x) 1,282 1645 1,960 2,326 2,576
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One-sided confidence intervals differ from two-sided by the value of the nor-
mal quantile (u;-, quantile is used instead of u;_,,2). For a 95% one-sided con-
fidence interval we would take ug 95 = 1,645.

Remark. Length of the confidence interval:
* decreases with increasing number of observations n,
e increases with increasing data variance o2,

e increases with increasing confidence level 1 — a.

Example. Let Xi,..., X, be a random sample from N(zuy, 0}2() distribution, the vari-
ance o2 is known. How many observations do we need so that the length of the
two-sided confidence interval for the expected value uy does not exceed the spec-
ified limit d > 0?

We have that 2u;_,2 o0x/vn < d. Therefore we need at least 4“%-(1/2 o2 /d* obser-
vations. It is worth noting that if we want to halve the confidence interval, then we
need to increase the sample size 4 times.

Lemma 3.2 (confidence interval after parameter transformation) If (y;,ny) is a(n)
(asymptotic) confidence interval for parameter 6x with the confidence level of 1 — «
and if  is an increasing continuous real-valued function on the space of parameters
® = {t(F),F € F} C R, then (¢(n,), ¥(ny)) is a(n) (asymptotic) confidence interval for
parameter (6x) with the confidence level of 1 — «

Proof. From the assumptions of the lemma we have that for a confidence interval
with exact coverage it holds that

1-a=P[n(X) < 0x <nu(X)] =Py (X)) <¢(0x) <¢(nu(X))].
Analogously for asymptotic confidence intervals. ]

Example. LetXj,..., X, be arandom sample from Po(2) distribution. Then according
to the example on page ?? we know that

«/ﬁ(z\/)?n— 2 AX) % N(0, 1).

From this result we can easily deduce that the asymptotic confidence interval for vy

is given as
( / U a/2 / L - 0/2)

And thus the confidence interval for Ax is given as

o~ 2ol 22
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3.4.2. CONSTRUCTION OF CONFIDENCE INTERVALS

Let X = (X;,..., X,), where X3, X>,..., X, is arandom sample from some distribu-
tion Fx € ¥. We need to estimate parameter 6x = r(Fx) € R. Let us briefly describe
the general procedure for construction of two-sided confidence intervals for 6.

1. We will find a function ¢(x, 0x) satisfying that for every « fixed it is, as a function
of 6, injective and continuous and that the distribution of the random variable
Z, = ¢(X, 0x) is known at least asymptotically (it depends neither on 6x nor on
any other unknown parameters) and is non-degenerate. This random variable
Z, is called pivotal. For the construction of function ¢ it may be useful to start
by calculating a point estimator of 6x, whose distribution is usually known (at
least asymptotically). Let us denote by F, the (exact or asymptotic) cumulative
distribution function of Z, and let ¢, = F, 1(a) be a-quantile of the distribution
given by F.

2. We will use the formula
P(caj2z < 9(X,0x) < Cloqj2) =1-a (or > 1-a)

and we will “isolate” fx. In order to do that, it is needed to invert ¢(x, 0) as a
function of 9 (for «x fixed). Let ¢(x, t) be a function such that

oz, ¢z, 1)) =¢r and ¢(z, ¢(x,0) =6

for every x, t and 6. Since function ¢(x, t) is normally decreasing in ¢, we get
that
P(@(X, c1-q/2) < 0x < @(X,cq/2)) =1 - a.

3. We obtained (asymptotic) confidence interval (n.(X), ny (X)) with confidence
level of 1 — «, where 1.(X) = (X, c1-¢/2) and ny(X) = ¢(X, cq/2).

Example (variance and standard deviation of the normal distribution). Consider the
problem of constructing a confidence interval for the standard deviation of the nor-
mal distribution.

Data: Xi,...,X,, ~ Fx
Model: Fx € ¥ = {N(y, o?), ue R, 02 > 0}
Estimated parameter: oy = \var X;
Procedure:
Let us first consider variance o2. Its unbiased and consistent estimator is S2. Ac-
cording to theorem 2.8, part (i), we know that

(n-1)s 2
2 ~ Xn-1
Ox

Thus, we will choose Z, = (n—1)S%/0%, F, = x2_, and ¢, = x2_,(e), i.e. @-quantile of
x> _, distribution (Table 3.2).
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We will use the equality

P

Q2
2 (af2) < LS

<x:,01 —a/Z)N =l-a
X

and after several manipulations of the expression we will arrive at

(n-Ds§ _ 5 _ (n-Ds]
X2 (1-a/2) %7 x2_ (a/2)

We obtained a confidence interval

(n—1)s2 (n—1>s£)
x2_(1-a/2) x2_(a/2)

for the variance o4 whose confidence level is 1 - a.

(3.3)

Confidence interval for the standard deviation ox will be obtained by application

of square root to both endpoints of the confidence interval for the variance

Vn—-18, Vn—-18,
V(U =af2) ) y(@f2)

see also Lemma 3.2 (square root is an increasing and continuous function on (0, «)).

Example (expectation of the normal distribution with unknown variance). Consider
the problem of constructing a confidence interval for the expectation of the normal

distribution with unknown variance.
Data: Xi,..., X, ~ Fx

Table 3.2.: Some values of quantiles X]%(K) of y? distribution with f degrees of free-

dom.
K
0,01 0,025 0,05 0,1 0,9 0,95 0,975 0,99

5 0,554 0,831 1,145 1,610 9,236 11,070 12,833 15,086
10 2,558 3,247 3,940 4,865 15,987 18,307 20,483 23,209
15 5,229 6,262 7,261 8,547 22,307 24,996 27,488 30,578
25 11,524 13,120 14,611 16,473 34,382 37,652 40,646 44,314
100 70,065 74,222 77,929 82,358 118,498 124,342 129,561 135,807
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Table 3.3.: Some values of #;(«) quantiles of t distribution with f degrees of freedom.

K
0,9 095 0975 099 0,995

5 1,476 2,015 2,571 3,365 4,032
10 1,372 1,812 2,228 2,764 3,169
15 1,341 1,753 2,131 2,602 2,947
25 1,316 1,708 2,060 2,485 2,787

100 1,290 1,660 1,984 2,364 2,626
o 1,282 1,645 1960 2,326 2,576

Model: Fx € ¥ = {N(y, o), ueR,o? >0}
Estimated parameter: 0y = EX; = ux
Procedure:
The estimator X, is unbiased and consistent for the parameter py. Furthermore,
§2 is an unbiased and consistent estimator of o2 = var X;. From theorem 2.10 we know

that i
_ \/ﬁ (X n — Ux )
n — Sn
Hence, we can take T,, as our pivotal random variable, F, will be cumulative distri-
bution function of ¢,_; distribution and ¢, = ,-1(@) (e-quantile of ¢,_; distribution).
Some quantiles of ¢-distribution are listed in Table 3.3. Clearly, already for n — 1 = 25
they are only slightly larger than the corresponding quantiles of the standard normal
distribution, to which they converge as the number of degrees of freedom increases
above all bounds. Larger values of r-quantiles compared to the quantiles of the stan-
dard normal distribution, which were used in the introductory example, reflect in-
creased variability of the pivotal random variable, which is caused by ignorance of
the true variance.
We will use the equality

n—1-

< \/ﬁ(?n - ]/‘X)

5 <tia(1-%)|=1-0

Plew-1()

and by the same procedure as in the case of the normal distribution with known vari-
ance we will arrive at the required confidence interval

S, = S
S Ry ia(1-9) 2. ©.4)

whose confidence level is exactly 1 - a.

()_fn —ta-1(1-5)
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Example (expected value of an arbitrary distribution with finite variance). Consider
the problem of constructing a confidence interval for the expectation without the
assumption of normality.
Data: Xi,...,X,, ~ Fx
Model: Fx € ¥ = £2 (all distributions with finite non-zero variance)
Estimated parameter: 0x = EX; = uy
Procedure: The estimator X, is unbiased and consistent for the parameter ux. Fur-
thermore, S2 is an unbiased and consistent estimator of 0-)2( = varX;. From theo-
rem 2.9 we know that B

T, = Vi (Xn = ix) o N(0, 1).

Sn n—oo

We can thus choose T, as our pivotal random variable.
We will use the following relation (which holds because T,, converges in distribu-
tion to the standard normal distribution)

‘/ﬁ()_(n - HX)

P[ug <
2 Sn

< ul_a/z] — 1 -0

n—oo

Thus, one possible asymptotic confidence interval would be

(Xn —Ul—q/2 %, Xn+ Ur-—q)2 %) . (3.5)
Since for n — o quantile #,_;(a) converges to u, (for arbitrary 0 < @ < 1), it holds that
interval (3.4), which was exact confidence interval for ux in case of a random sample
from the normal distribution, is also a valid asymptotic confidence interval for uy for
data coming from an arbitrary distribution with finite non-zero variance.

Note that |#,-1(a)] > |u,| for every n > 2, therefore interval (3.4) is longer than
interval (3.5). For caution, it is therefore recommended to use interval (3.4).

Example (alternative distribution). Let us now present one possible way to construct
an asymptotic confidence interval for the probability of success in the alternative dis-
tribution. (We will show several more confidence intervals related to this problem
later.)

Data: Xj,..., X, ~ Fx
Model: Fx € ¥ = {Alt(p), p € (0, 1)}
Estimated parameter: py = EX; = P[X; = 1]
Procedure:

Since we are estimating probability of an event, we will start by considering em-
pirical relative frequency p, = X,, which is an unbiased and consistent estimator
of p (theorem 2.3). From the central limit theorem (theorem P.7.11) we know that

. d
vV (Pn — px) —2 N(0, px(1 - px)). Thus,

vn (ﬁn - PX) d
Vpx(1—px) "7

— N(O, 1),
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3. Parameter Estimation

Left-hand side is a non-linear function of pyx, but our situation can be simplified.
From the consistency of p,, and the continuous mapping theorem (theorem P.7.3) it

follows that .
Vﬁn(l - 5n) - VPX(I - px).

n—oo

From Slutsky’s theorem (theorem P.7.6) we obtain that

Vi (Bn—px) N1 (Pn— px) \px(L=px) 4

VoA =0 Npx(L=px) pa(l=p) "

N(0, 1). (3.6)

vV (pn—px)
VPn(1-pn)

Therefore, we can take Z,, = , Fz = ® and ¢, = u, (e-quantile of the stan-

dard normal distribution).
From the following relation

P[ \/ﬁ (ﬁn - pX) ‘
“Ul—gj2 < ————= < Ulqop| —— 1-a
Vpn(l — Pn) nmee
we get that
— Vﬁn(l - ﬁn) —~ Vﬁn(l - 5n)
Plpn — u1-q)2 v < Px < Pn+ Ul—q)2 NG — l-a
We obtained an asymptotic confidence interval
ﬁ —u ) Vﬁn(l_ﬁn) ﬁ +u ) Vﬁn(l_ﬁn)
n 1-a/ \/ﬁ_, n 1-a/ \/—n— ’
whose coverage probability converges to 1 — @ as n — .
3.5. EMPIRICAL ESTIMATORS
Consider a random sample X, X, ..., X,, from a distribution Fx. We will present how

to estimate some characteristics of the distribution Fy.

3.5.1. EMPIRICAL CUMULATIVE DISTRIBUTION FUNCTION

Let us first focus on estimation of the whole distribution function Fx(x) for x € R.
We consider a model that includes all distributions on R, i.e. we do not impose any
conditions at all on the distribution function Fy.

Definition 3.6 Function F,(x) a1 * 1 UX; < x} is called the empirical distribution

n
function of the random sample X;, X, ..., Xj,.
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Remark. The value of F, at some point x is equal to the number of observations that
do not exceed x which is then divided by the total number of observations. Function
F, is non-decreasing, right-continuous, piecewise constant with jumps in observed
values of random variables X;, the magnitude of the jump at a point x is given by the
number observations which are equal to x which is then divided by the total number
of observations. Empirical distribution function has all the properties of a cumulative
distribution function of some discrete distribution.

For some x fixed, is the value F,(x) actually equal to the relative frequency of the
event [X; < x] calculated from n observations, while the probability of this event is
equal to Fx(x). From theorem 2.3 we immediately obtain the most important prop-
erties of empirical distribution functions.

Theorem 3.3 (properties of empirical distribution functions) For an arbitrary x € R
it holds that:
(i) EF,(x)= Fx(x) (unbiasedness), var (F,(x)) = EIL-F ()],

n

PR P . . .
(ii) F,(x) — Fx(x) (pointwise consistency);
n—oo

(i) V7 [Fa(x) = Fx(x)] 9, N(0, Fx(x)[1 — Fx(x)]) (asymptotic normality);
(iv) nF,(x) ~ Bi(n, Fx(x));

(V) sup,cg |13n(x) - FX(x)| LN 0 (uniform consistency).
n—oo

Remark.

* Point (iii) of the previous theorem can be used to construct an asymptotic con-
fidence interval for Fx(x) in the same way as in the case of the parameter in the
alternative distribution (see page 36).

¢ Point (v) is sometimes called the Glivenko-Cantelli theorem. It cannot be de-
duced from theorem 2.3 or from other results that are currently available. It will
be proved in one of the more advanced lectures on the probability theory.

3.5.2. IDEA BEHIND EMPIRICAL ESTIMATORS

Estimators of many basic characteristics of the distribution Fx can be derived from
the empirical distribution function. Let 6x = t(Fx) be the parameter of interest. If
it can be calculated from the true cumulative distribution function Fx, then it can
also be calculated from the empirical distribution function F, in the same way. Thus,

. . ~ df = . .
we obtain the estimator 6, = (F,). These types of estimators are called empirical
estimators. We will see that empirical estimators often have reasonable properties.

Let us first demonstrate this procedure on the example of the empirical estimator
of expectation. We have that

EX,-:/ x dFx(x).

[0e]
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The empirical estimator of expectation is obtained by using F, instead of the un-
known Fyx. We will get

/mxdfn(x):/mxd(%iﬂ{)(iSx}):%i/mxdﬂ{Xin}ziiXi,
- i=1 7% i=1

(%) —00 l=1

where we used the fact that G(x) = 1{X; < x} is for fixed X; actually the cumulative
distribution function of a random variable that is equal to X; with probability 1. We
have, therefore, reached the conclusion that the empirical estimator of expectation

is the sample mean, which we already know to be unbiased and consistent.

Remark. Let us fix w € Q and denote the observed realisations of random variables
as x; = Xj(w),..., X, = Xu,(w). Then F, satisfies all the properties of a cumulative
distribution function. If Y is some random variable whose cumulative distribution
function is F,, then the integral f_ 0; x dF,(x) is equal to the expectation of Y. Since
the distribution given by F, is discrete and satisfies that P(Y = x;) = % for every i =
1,..., n, then it holds that

EY:ixi PY =x;) = %ixl' = %in(w)

i=1 i=1 i=1

3.5.3. EMPIRICAL MOMENT ESTIMATORS

Let X1, X, ..., X, be a random sample from a distribution Fx and h be a measurable
real-valued function such that E |h(X;)| < . It is easy to verify that the empirical
estimator of the parameter E h(X;) is the sample mean of the observed values h(X;),
i.e. % i 1 h(X;). This estimator is unbiased and consistent.

Let us derive the empirical estimator of the variance o% = EX? — (EX;)*. We know
that the empirical estimator of E X; is X,, and that the empirical estimator of EXI.2 is
% 2 Xl.z. The empirical estimator of the variance is, therefore, given as

. 1 1 —2 1 1 — \2
2 § 2 § A
O-n__i:1 Xi _Xn__‘ (Xl Xn) .

Remark. It holds that

1 1 —_ 2 n ~2
(Xi —X,)" = T

2
$2 = — T

-1
n i=1

For n sufficiently large is the difference between &2 and S? small, because thanks to
theorem 2.6(i)

n n—ooo
It follows from theorem 2.6 that the sample variance S is an unbiased and consistent

estimator of o-f(. The empirical estimator of the variance 5—% is consistent, however,
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it is not unbiased. On the other hand, from the example on page 22 we know that in
model ¥ = {N(x, 0%), u € R,0? > 0} it holds that MSE(c2) < MSE(S2).

Similarly, we can derive empirical estimators for higher order moments. Empirical
estimators of non-central moments p), = EX} are

1 n
— k
M/;=;_§1Xi-
1=

Empirical estimators of central moments u; = E (X; — EX;)* are
19 = &
Uk = ;Zl(xi - Xn)".
i=

Empirical estimators of non-central moments are evidently unbiased as well as
consistent. Empirical estimators of central moments are consistent. In general, how-
ever, they are not unbiased.

The empirical estimator of the skewness is

- _ M3
e
The empirical estimator of the kurtosis is
7 _ ﬁ4
4 = 5
G

Both of them are consistent (according to the continuous mapping theorem, theorem
P7.3).

Exercise. Prove that if E |X;|*

Hint:

- P
< oo, then jp —— .
n—oo

n

= 203 ke T = )G -

k
j=0 i=1

3.5.4. EMPIRICAL (SAMPLE) QUANTILES

Let a be a preselected number from the interval (0,1). The quantile function of a
given distribution Fx is defined as
Fgl(a/) =inf {x 1 Fx(x) = a}.

Then, a-quantile of distribution Fx is defined as ux(«) = Fy Y(a). For a-quantile it
holds that
Fx(ux(@)) >a and Fx(ux(a)-h) < a for Vi > 0.

As an empirical estimator, we use the value of @-quantile of the empirical distribu-
tion function, i.e.
Fn_l(a/) =inf {x 1 Fuy(x) = a}.
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Definition 3.7 (Empirical quantile) For a € (0,1) we define the empirical (sample)
a-quantile as i,(a) = F,;'(a).

Remark.
* Recall that the empirical distribution function is piecewise constant with jumps
at points X1), X2), ..., X(»)- Therefore, the empirical quantile will be (according

to our definition) an appropriately chosen order statistic. Since it holds that
—~ k ~ k
Fy(Xy) = = and F,(Xy) —h) < = forVh >0,
n n
the empirical quantile will satisfy that

na for (na) e N,

(@) = X, here &k, =
un(a) (ko) W, {LnaJ +1 for (na) ¢ N.

Since we do not assume continuity of the distribution, the order statistics X,
must be understood in terms of the note on page ?2.

e For a« = 0,5 we get the sample median: m,, = Xy for n odd and m, = Xz for n
even.

e The empirical a-quantile satisfies inequalities

ﬁn An = li ﬁn Aﬂ - ’
(dn(@)) 2 @ and hl{,r(l) (Un(@)—h) <a

i.e. at least na observations are less than or equal to #,(«) and, simultaneously,
for every h > 0 at least n(1—«) observation are greater than or equal to u,(a)—h.

e There are many different definitions of the empirical a-quantile (typically some
linear interpolation between points X, 1), X,) and X, 1)). For example for n
even is the sample median often defined as

Xny+ X(n iy
PN B o)
2
The following lemma characterises the empirical quantile as a solution of some
minimization problem (compare with lemma 2.1).

Lemma 3.4 Let « € (0, 1). For the empirical a-quantile u, (@) it holds that
uy() =argmin » p.(X; —c),
%eR ;
where o,(u) = e ul{u > 0} + (1 — @)(—u){u < 0}.

Note that for @ = } we obtain that o1,>(u) = %|u|. Since the constant 3 is for the
optimization irrelevant, it holds that the sample median satisfies

n
m, = arg minz 1Xi - c|,
ceR i—1

i.e. m, minimizes the sum of absolute deviations.
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Remark. The minimization problem from part (ii) can be formulated as a problem
of linear programming in the form

-(1-a) Z (Xi—c)+a Z (X,-—c)].

i:X;<c i:X;>c

arg min
ceR

If we introduce the notation U; = (X; — o)1(X; > ¢), V; = —-(X; — o)1(X; < ¢), U =
(Uy,...,U), V=W,...,Vy)T, X = (X3,...,X,)T, our problem can be reformulated
as an optimization problem of linear programming in (2n + 1)-dimensional space

: T T
(rjn‘lfnc 1, U+(1-a)1,V

subject to
cl,+U-V=X, U=>=0, V=>0.

Naturally, this minimization problem does not have to have a unique solution. The
minimum can be attained at every point from some interval.

Properties of empirical quantiles will be studied (proved) only in continuous dis-
tributions with increasing cumulative distribution functions Fx and densities fx.

Theorem 3.5 Let @ € (0,1). Let X,..., X, be a random sample from a distribution
whose cumulative distribution function Fy is continuous and increasing on some
neighbourhood of uy(«).

(i) Then @i,(@) —— ux(a).

(ii) Additionally, if there exists density fx, which is continuous and non-zero at uy(«),
then

a(l —a)

Vi) - ux(@)] n_%> N(0,V(e)), where V(a)= P’

Proof. Part (i): Let £ > 0. We need to prove that
P(l@n(a) — ux(a)| > €) — 0.
In order to do that, it is sufficient to show that
P(tin(@) < ux(a) - &) — 0 and P(@,(a)> ux(a)+¢) — 0.
So let us calculate
P(@y(a) < ux(a) - &) = P(Xx,) < ux(@) —¢€)
- P( "X < ux(e) -8} 2 ka)

< P(fn(ux(a) - &) - Fx(ux(a)—¢) > %‘Y — Fx (ux(a) - 8)) (3.7)
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From theorem 3.3 it follows that

= P
Fy(ux(a) — €) — Fx (ux(a) —€) — 0, (3.8
and from the assumptions of this theorem we have that

% — Fx(ux(@) — &) — a — Fx(ux(a@) —¢) > 0. 3.9

By combining (3.8) and (3.9) we obtain that the right-hand side of equality (3.7) con-
verges to zero, thus we have proved that P(&,(a) < ux(a) - &) — 0.

Similarly
P(iin(@) > ux(a) + &) = P( "X < ux(a) + &) < ka)
< P(F (ux(@) + &) - Fx (ux(@) + &) < % = Fe(ux(@) +2)).  (310)
From theorem 3.3 it follows that
Fo(ux(@) + &) - Fy (ux(a) + &) % 0, 3.11)
and from the assumptions of this theorem we have that
S — Fx(ux(e) + £) —— a = Fy(ux(@) + &) < 0. (3.12)

By combining (3.11) and (3.12) we obtain that the right-hand side of equality (3.10)
converges to zero, thus we have proved that P(i,(e) > ux(a) + £) — 0.

Part (ii): * Similarly as in the part (i) let us calculate

P(Va[@(@) - ux(@)] < x) = P(@n(@) < ux(e) + 35)
>

= P(ﬁn(ux(a) + \/iﬁ) — Fy(ux(a) + \/iﬁ) kﬁa — Fx (ux (@) + %))

=P(Z, = x,),
where ~
o V[ B (ux(@) + 2£) = P (ux(@) + )]
" Vva(l —a)
and

\/ﬁ[% — Fx (ux(a) - %)]

va(l —a)

* This part of the proof was not done in the lecture.
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From the central limit theorem for triangular arrays (e.g. Theorem 16.4 , )

. d .
it follows that Z,, —— Z, where Z ~ N(0, 1). Furthermore, from the assumptions of

n—oo

—xfx(ux((l)) .
the theorem we get that x,, Y R So in total we have that
~ —x i (ux(@)) ) ( % fi (ux(@)) )
- <x|— > ——) = <=0
P(\/ﬁ[un(a) UX(Q)] N x) n—oo P(Z T Ae(l-a) Pl2= Va(l-a) ’
which (together with the definition of convergence in distribution) implies the state-
ment of the theorem. |

The asymptotic variance V(«a) of the empirical quantile is difficult to estimate be-
cause we do not have a universally applicable and reliable estimator of the density.
Under the assumption that Fx is continuous at ux(«), it is possible to use order statis-
tics to construct a confidence interval.

For example two-sided confidence interval for ux(a) with confidence level of 1 —
B can be found in the form of (X,), Xx,)). To determine numbers k; and ky let us
observe that

P(X(kL) > uX(a)) - P(Zn: 1X; < ux(a)} < kg - 1) - P(Bi(n,a) <k - 1),
i=1

P(X(ku) < ux(oz)) - P(Z 1X; < ux(a)} = kU) - P(Bi(n,a) > kU).
i=1

Therefore, numbers k; and ky can be found using the binomial distribution as the
largest and smallest natural numbers such that

e

P(Bina) <k -1) <5, P(Bi(ne)2 k) <

If it is not feasible to work directly with the binomial distribution, we can approx-
imate it by the normal distribution. In this case it is good to notice that

P(Bi(n,a) < ki~ 1) = P(Bi(n,a) < k1) and P(Bi(n,a) > ky) = P(Bi(n,a) > ky - 1).

Therefore, as a “compromise” before the normal approximation, we proceed from the
following equations

P(Xum 2 ux(a)) = P(Bi(n,a) <k - %), P(X(kU) < ux(a)) = P(Bi(n,a) > ky - %),

Now, using the normal approximation

. 1) _ Bi(n,o)-na kL—%—na) . (kL_%_m)
P(Bl(n,oz) < kg 2) = P( e < N o) —),

i _ 1) _ p(Bima)-na ku—%—na); _ (ku—%—na)
P(Bl(n,a) > ky 2) = P( raa) > i) = 1- )
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3. Parameter Estimation

From here we can already express the approximate values k; a ky

ki = E +na —u;_pyna(l - a)J, ky = [% +na+u;_pyna(l - a)-|.
2 2

The aforementioned “compromise” is usually called the continuity correction. The
purpose of this “correction”, however, is not to make something continuous out of
something discontinuous. It is a certain caution in case that a discrete distribution
(in our case binomial) is approximated by a continuous one (in our case normal).

Remark. For small sample sizes n and « close to zero or one it can happen that either
P(Bi(n,@) = 0) > £ or P(Bi(n,@) = n) > £. In that case we choose the lower (or the
upper) bound of our confidence interval to be equal to —c (or +0).

Exercise. Show that if we omit the assumption of continuity of the cumulative distri-
bution function at the estimated quantile ux(«), then the closed interval (X,), X))
will have (for n sufficiently large) probability of coverage at least 1 — S.

3.5.5. EMPIRICAL ESTIMATORS FOR RANDOM VECTORS

Empirical estimators of first two moments can be easily generalised to random vec-
tors. Let X, ..., X, be arandom sample of independent k-dimensional random vec-
tors from a distribution Fx. Individual components of the vector X; will be denoted
by X;j, i =1,...,n, j € {1,..., k}. Further, let us denote

w=EX; > =var X;.

The empirical estimator of p is apparently the vector of empirical estimators of its
individual components, i.e. k-dimensional sample mean

_ 1 <&
X, = - El X;.
1=

The empirical estimator of the variance matrix X can be obtained from the follow-
ing representation

S=E(X,-EX)(X;-EX;))T =EX;X] - (EX)EX)  =EX® - (EX;)*

if we replace the expected values by their empirical estimators (i.e. sample means).
Thus, we obtain

<~ 1Y —e2 1 - — T
En:E;Xi@Z—Xn :—;(X,-—Xn)(X,-—Xn) :

Nevertheless, usually so called sample covariation matrix is used. It is defined as a
multidimensional analogy of the sample variance S2:

1

S? =
" op-1

i(xi S X)) (X - X))
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3. Parameter Estimation

Remark.

* Diagonal elements of S2 are sample variances of individual components, i.e.
1 n
2 _ T2
§f=—7 ;_1(X,] X;),

forje{l,...,k}, whereX; =1 37 | x;;.

* Element (j, m) of the matrix S? is given by the expression

Z(Xij — X)) Xim — Xm)

Sim =
n—-1 p

forje{l,...,k} and m € {1,...,k}, j # m. This random variable estimates the
covariance cov( ij» Xim) between j-th a m-th component of X;. It is called the
sample covariance.

» 52 is positive semi-definite and it holds that
—~ 1 <& _
5= (= Y xP-X)),

n-1"" n-1\n< "
i=1

The following assertion shows that both X, and S? are unbiased and consistent
estimators.

Proposition 3.6

i IfE |X,-j| < oo foreveryje {1,...,k}, then EX, = u and X, LN In
n—oo

(i) If var (X;;) < co for every j € {1,..., k}, then ES2 =% and S2 s

n—oo

Proof. Part (i): Follows directly from theorem 2.2, which we use componentwise.

Part (ii): Consistency of S2 can be proved analogously as in the case of 2 (see theo-
rem 2.6(i)).
Unbiasedness can be proved in the following way:

Es2=—" —liEX.@z—E(liX-)@Z]
" n-1|n& ! nta”t
:nflEXl&@z 2ZZEXXT)

J

i=1

N

n

1 1
— ®2 ®2
= EX; - E EX; -

EX,-XjT)
i=1 n i=1

J#i

j=1,
)®2] -3

— n X®2(

mlr—'
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3. Parameter Estimation

“Recall the definition of the correlation coefficient of the random variables X; ; and
Xim:
cov (Xij, Xim)

1/varX,-j var Xim,

It is logical to define the sample correlation coefficient as the empirical estimator of
this parameter, composed of empirical estimators of individual components.

o(Xij, Xim) =

Definition 3.8 The sample correlation coefficient ;,, of variables X;; and X;,,, j €
{1,...,k}and m € {1,...,k}, j # m, is defined as

Sim 2 X = X)) Xim = Xm)

Jjm
SiSm — —
]m \/Z?:1(Xij — Xj)? N (Xim — X m)?

Ojm =

Remark.
* —1 < 0j; < 1 (see the Cauchy-Schwarz inequality).
* 0jm = 1 (or -1) if and only if there exist constants a € R and b > 0 (or b < 0)
such that X;; = a + bX;,, foreveryi =1,...,n.
* 0jm is a consistent estimator of the correlation coefficient o(X;j, X;,,) (this fol-
lows from consistency of S2 and theorem 1.1). But it is not unbiased.

. —~ P
Exercise. Prove that 9j,, —— o(Xij, Xim)-
n—oo

" The rest of the chapter was not lectured in 2020/21.
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Sample examples for the preparation for the exam.

1. Consider a random sample Xj,..., X,, from a distribution given by the density
e—x/é

f(x;6) = %—Hx > 0}, where 6 > 0 is an unknown parameter. Consider the
estimator ¢, =~)_{n. Show that it is an unbiased estimator of 6 x. Further, consider
the estimator 6,(a) = a~)_(n, where a is a constant. Find a which minimizes the

mean squared error of §,(a).

2. Consider arandom sample Xj, ..., X, from the alternative distribution with some
parameter py. Estimate the parameter px by the method of moments and then
transform this estimator to create an estimator of 8x = px(1 — px). Examine the
unbiasedness and consistency of this new estimator of the variance. How is it
different from the ordinary sample variance?

3. Consider arandom sample Xj, ..., X,, from the alternative distribution with some
parameter px. From the example on page 36 we know that an asymptotic con-
fidence interval for the parameter px whose confidence level is 1 — « is

-~ VAn I_An -~ \/A,, I—An
(pn — Ul-a/2 %ﬁ’), Pn + Ul—q/2 % )

Using this information derive a confidence interval for the parameter 0x = px(1-
px)-

Suppose that the confidence interval for the parameter py was calculated from
the data. Interval (0.35,0.55) was obtained. In that case, how does the confi-
dence interval for the parameter 6x = px(1 — px) look?

4. Let Xy, ..., X, be arandom sample from N(uy, 9) distribution. How many obser-
vations do we need so that the length of the confidence interval for px with the
confidence level of 0,90 is at most 0,25?

5. Let X, be the sample mean of a random sample X, ..., X,, from Po(1y) distribu-
tion. Determine the asymptotic distribution of the sample mean X, and based
on this distribution construct an asymptotic confidence interval for the param-
eter 6x = exp{—-Ax}.

6. Let Xi,...,X, be a random sample from the uniform distribution R(0, 1). Let

P
kn = [vn |. Prove that X, — 0.
n—00
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A. APPENDIX

A.l. y? AND ¢t DISTRIBUTION

Definition A.1 (y?-distribution) Let Y = Xi,..., X; be independent and identically
distributed random variables with distribution N(0, 1). Then the distribution of the
random variable Y, X2 is the y2-distribution of k degrees of freedom. We write that
Y ~ X%-

Definition A.2 (¢-distribution) Let X ~ N(0,1) and Z ~ x? be independent. Then
the distribution of the random variable T & —X_ is called the [Student] ¢ distribution

\Z/k

with k degrees of freedom. We write T ~ 1.

A.2. IDEMPOTENTNI MATICE

Definition A.3 The squared matrix A (of dimension nxn) is idempotent, when AA =
A.

Lemma A.1 Let X ~ N,(0,X) and A be a positively semidefinite matrix of dimension
n X n such that AX is non-null and idempotent. Then

T 2
X AX ~ Xir (As)"
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