BASIC STATISTICS

1. SAMPLES, RANDOM SAMPLING AND SAMPLE STATISTICS

1.1. Random Sample. The random variables X, X», ..., X,, are called a random sample of size n
from the population f(z) if X1, Xs, ..., X, are mutually independent random variables and the mar-
ginal probability density function of each Xj is the same function of f(z). Alternatively, X1, Xo, ..., X,,
are called independent and identically distributed random variables with pdf f(x). We abbreviate
independent and identically distributed as iid.

Most experiments involve n > 1 repeated observations on a particular variable, the first observa-
tion is X1, the second is X5, and so on. Each X is an observation on the same variable and each X;
has a marginal distribution given by f(z). Given that the observations are collected in such a way
that the value of one observation has no effect or relationship with any of the other observations,
the X1, X», ..., X, are mutually independent. Therefore we can write the joint probability density
for the sample X, X», ..., X, as

F@r, @2, o) = fl@1)f(@2) -« flan) = [ Fl2:) (1)
i=1

If the underlying probability model is parameterized by 6, then we can also write

flar, @2, .oy n]0) = [ f(2:]0) )
i=1

Note that the same 6 is used in each term of the product, or in each marginal density. A different
value of § would lead to a different properties for the random sample.

1.2. Statistics. Let X, X», ..., X,, bearandom sample of size n from a population and let T'(z1, 2, ..., )
be a real valued or vector valued function whose domain includes the sample space of (X7, Xo, ..., X,,).
Then the random variable or random vector Y = (X3, X, ..., X,,) is called a statistic. A statistic is

a map from the sample space of (X1, Xs, ..., X,,) call it X, to some space of values, usually R' or

R™. T is what we compute when we observe the random variable X take on some specific values

in a sample. The probability distribution of a statistic Y = T'(X) is called the sampling distribu-
tion of Y. Notice that T'(-) is a function of sample values only, it does not depend directly on any
underlying parameters, 6.

1.3. Some Commonly Used Statistics.

1.3.1. Sample mean. The sample mean is the arithmetic average of the values in a random sample.
It is usually denoted

X(Xl,XQ,"'7X")— =

n n -

- Xi+Xo4+ .. +X, 1<
X+ KXo+ ZX1
=1

The observed value of X in any sample is demoted by the lower case letter, i.e., Z.
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1.3.2. Sample variance. The sample variance is the statistic defined by

n

1 _
S X1, X Xp) = —— ) (X = X)? ®)
i=1

The observed value of S? in any sample is demoted by the lower case letter, i.e., s2.
1.3.3. Sample standard deviation. The sample standard deviation is the statistic defined by
S=Vs? ()
1.3.4. Sample midrange. The sample mid-range is the statistic defined by
max(Xy, Xa, -+, Xn) — min(X1, Xo, - - -, X5)
2
1.3.5. Empirical distribution function. The empirical distribution function is defined by

F(Xy, X5, X ZIX < )

where F(Xl, Xo, -+, X,,) () means we are evaluating the statistic F(Xl, Xy, -+, X,,) at the particular
value z. The random sample X1, Xo, ..., X,, is assumed to come from a probability defined on R!
and I(A)is the indicator of the event A. This statistic takes values in the set of all distribution
functions on R!. It estimates the function valued parameter F' defined by its evaluation at z € R*

F(P)(z) = P[X < z]
2. DISTRIBUTION OF SAMPLE STATISTICS

2.1. Theorem 1 on squared deviations and sample variances.

Theorem 1. Let x1, 2, - -x, be any numbers and let T =
hold.

n
a) ming > (z; —a)? = 3. (z; — z)?
i=1
n n

b)(n—1)s>= Y (z; —7)%> = 2? — nz?

i=1 i=1

fittetetto - Then the following two items

Part a) says that the sample mean is the value about which the sum of squared deviations is
minimized. Part b) is a simple identity that will prove immensely useful in dealing with statistical
data.

Proof. First consider part a of theorem 1. Add and subtract Z from the expression on the lefthand
side in part a and then expand as follows

n n

Z(xi—f—f—f—a)?:Z T, — ) —1—22 x;, —Z)(T —a) —|—Z 5)

i=1 i=1
Now write out the middle term in 5 and simplify:

n n

Y@i-m)(@-a)=@-a)) (2;—7)=(T-a)-0=0

=1 i=1

D (@i—a)? =3 (5 -2+ (@ - a) (6)

We can then write 5 as



BASIC STATISTICS 3

Equation 6 is clearly minimized when a = z. Now consider part b) of theorem 1. Expand the
second expression in part b) and simplify:

Z(in —z)? = i:xf + zn:atﬂ - 2zn:m
3 =1 =1 =1

n
= g scl-2 + nz? — 2nz>
i=1

n
= E xiz—nfz
i=1

2.2. Theorem 2 on expected values and variances of sums.

Theorem 2. Let X1, Xo,--- X, be a random sample from a population and let g(x) be a function such that
E g(X1) and Var g(X1 )exist. Then following two items hold.

a) E (lzjjl g(Xi)> =n(Eg(X1))

b) Var (izzg (Xi)) =n(Varg(X1))

Proof. First consider part a) of Theorem 2. Write the expected value of the sum as the sum of the
expected values and then note that Eg(X;) = Eg(X2) = ...Eg(X;) = ...Eg(X,,) because the X; are
all from the same distribution.

E (Z g<xi>> = > Bl9(X) = n(Eg(X1) @)

Then consider part b) of Theorem 2. Write the definition of the variance for a variable z as
E(z — E(z))? and then combine terms in the summation sign.

n [/ n n ?
Var (Zg(XJ) = E (Z Q(Xi)> - b (ZQ(X1)>] (8)
- (Zgog) - E(g(XL»]
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Now write out the bottom expression in equation 8 as follows

ar (Z g(&-)) = Elg(X1) - E(g(X1)]* + Eg(X1) — E(9(X1))] Elg(X2) — E(9(X2))] )
=1

+E[g(X,) — E(9(X,))] E[9(X1) = E(9(X1))] + -+ + E[9(X,) — B(9(X,))]”

Each of the squared terms in the summation is a variance. Specifically

E[g(X;) — E(9(X:)))* = Var g(X;) = Var g(X1) (10)

The other terms in the summation in 9 are covariances of the form
Elg(X;) — E(9(X3))] E[9(X;) — E(9(X;))] = Cov[g(X;), 9(X;)] (11)
Now we can use the fact that the X; and X in the sample X, X», - - -, X,, are independent to assert

that each of the covariances in the sum in 9 is zero. We can then rewrite 9 as

ar (Z g(&-)) = Elg(X1) = E(g(X)))* + Elg(Xa) = E(g(X2))* + -~ + Elg(Xn) = E(9(X,))]*
i=1

Var(g(X1)) + Var(g(X2)) + Var(g(Xs)) +

ZVarg ZVaTg X1) =nVarg(Xy)

=1

2.3. Theorem 3 on expected values of sample statistics.

Theorem 3. Let X1, Xo, - - -X,, be a random sample from a population with mean p and variance o* < oo.
Then

a) EX =p
b) VarX = &
¢) ES? = o2

Proof. Proof of part a). In theorem 2 let g(X) =
we can write

9(X3)
EX:EGX"in):E( ) < i>=nE(g(Xi))=nZ=u (12)
&

Proof of part b). In theorem 2 let g(X) = =
can write

VarX = Var (i ZX1> =Var (Z ?) =Var <Z g(Xi)> =nVarg(X1)) = n% = %

i=1 =1

. This implies that Fg(X;) = £ Then

This implies that Vaarg(X;) = %5 > Then we
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Proof of part c). As in partb) of theorem 1, write S 2 as a function of the sum of square of X; minus
n times the mean of X; squared and then simplify

1 - -
E<n_1 ;Xf—nX2]> (14)

= ﬁ (nEX? — nEX?)

1 2
(n(JQ +M2) o (U +M2>> - 02
n—1 n

The last line follows from the definition of the variance of a random variable, i.e.,
Var X = o% =FEX?—(EX)?
EX? — %k
=FEX? = o%+u%k

ES?

O

2.4. Unbiased Statistics. We say that a statistic 7'(.X) is an unbiased statistic for the parameter ¢
of the underlying probability distribution if E7'(X) = 6. Given this definition, X is an unbiased
statistic for y,and S? is an unbiased statistic for o in a random sample.

3. METHODS OF ESTIMATION

Let Y7, Y5, - - - Y, denote a random sample from a parent population characterized by the para-
meters 61,0z, - - 0. It is assumed that the random variable Y has an associated density function

J(-301,02,---04).
3.1. Method of Moments.

3.1.1. Definition of Moments. If Y is a random variable, the 7" moment of Y, usually denoted by
., is defined as

I E(Y")

= / y" f(y; 61,02, 0)) dy

— 00
if the expectation exists. Note that u} = E(Y) = py, the mean of Y. Moments are sometimes
written as functions of 6.
E(YT) = :U'; = gr (917 02’ T Hk)

3.1.2. Definition of Central Moments. If Y is a random variable, the r'* central moment of Y about a
is defined as E[(Y — a)"]. If a = u,, we have the 7" central moment of Y about y,-, denoted by p,.,
which is

ty = E[Y —py)]
= /jo(y—uy)’"f(y;ﬁl,@z,---ﬁk)dy

Note that p1; = E[(Y —py)] = 0and py = E[(Y — py)?] = Var[Y]. Also note that all odd numbered
moments of ¥ around its mean are zero for symmetrical distributions, provided such moments
exist.
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3.1.3. Sample Moments about the Origin. The r'" sample moment about the origin is defined as

n

A/_—r_l T

/u’r_mn_nA Yi
=1

3.1.4. Estimation Using the Method of Moments. In general p,. will be a known function of the para-
meters 01,0z, - - - 0, of the distribution of Y, thatis u,. = g.(01,02,---0;). Now lety1, 92, -+ ,y, bea
random sample from the density f(-; 61,02, - - 0;). Form the K equations

o 1g
py = 91(917927“'9@:#/1:52%
i=1
’ a1 1 - 2
py = 92(91,927"'90:#2:52%
i=1
/ a1 1 - K
M = 9K(91,92,"'9k):/11<:ﬁzy7:
i=1

The estimators of 01, 0, - - - 0, based on the method of moments, are obtained by solving the system
of equations for the K parameter estimates 01,05, 0k.

This principle of estimation is based upon the convention of picking the estimators of §; in such a
manner that the corresponding population (theoretical) moments are equal to the sample moments.
These estimators are consistent under fairly general regularity conditions, but are not generally
efficient. Method of moments estimators may also not be unique.

3.1.5. Example using density function f(y) = (p+ 1) y?. Consider a density function given by

_f p+y 0<y<1
fly) = { 0 otherwise

Let Y1,Y5,---Y,, denote a random sample from the given population. Express the first moment of
Y as a function of the parameters.

o 1 1
E(Y) = [ yf(y)dy:/O y(p+1)y”dy:/0 Yy (p+1)dy
| pe
(p+2) 0_p+2
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Then set this expression of the parameters equal to the first sample moment and solve for p.

i B =P
+1 1 &
iiﬁ = E;yizz?
=p+l = (p+2)y=py+2y
=p-py = 2y—1
=p(l-gy) = 29-1
Sp = 2137:@1

3.1.6. Example using the Normal Distribution. Let Y7,Y5,---Y, denote a random sample from a nor-
mal distribution with mean ; and variance o2. Let (61, 02) = (u, 0?). Recall that

p = EY)=p
py = E(Y?) =0+ B Y] =0+’
Now set the first population moment equal to its sample analogue to obtain
1 n
- = ;=1 15
no= - ; yi =7 (15)
Sh o= g
Now set the second population moment equal to its sample analogue
1 n
2, 2 2
= = , 16
o +p - ; Yi (16)
=0’ = = i y? — p?
nim"

This is, of course, different from the sample standard deviation defined in equations 3 and 4.

3.1.7. Example using the Gamma Distribution. Let X;, X, -- X,, denote a random sample from a
gamma distribution with parameters o and /5. The density function is given by

fai,p) = FTw e T 0<w<oo

0 otherwise
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Find the first moment of the gamma distribution by integrating as follows

_ oo 1 a—1 —* _ 1 o (14a)—1 ==
E(X)—/0 xﬂ“F(a)x e dx_iﬁaF(oz)/o x e? dx
If we multiply by 3'"* T'(1 + «) we obtain
B T(14a) /OO 1 (14a)-1 =2
E(X) = @ 17
(%) BI(a) o AT+ a) ’ ¢ de (17)

The integrand of equation 17 is a gamma density with parameters 8 and 1 — « This integrand will
integrate to one so that we obtain the expression in front of the integral sign as F (X).

B4 T ta) _ BT(1+0)
BT (a) I(a)

BE(X) =

The gamma function has the property that I'(¢) = (¢t — 1)I'(¢ — 1) or I'(v + 1) = vI'(v). Replacing
I'(1 + a) with o T'(a), we obtain

_ Br(14+a) pBal(a)

BO="0 = T P

We can find the second moment by finding £(X?). To do this we multiply the gamma density by
z? instead of z. Carrying out the computation we obtain

o 1 e 1 o0 —x
E(X? :/ el dp = 7/ (2T gy
=), " BT o

If we then multiply and divide by 5°T* T'(2 + a) we obtain

_ T2 4a) [ 1 (2+a)—1 =
E(Xz) - /Bal-\<a) /0 62+a F(Q I a) x 2+ e dz
_ T2 +a)  Fla+DI(1+a)  Fala+1)T(a)
BT () I'a) I'a)
= Fala+1)

Now set the first population moment equal to the sample analogue to obtain

Bo = %le::f



BASIC STATISTICS 9

Now set the second population moment equal to its sample analogue

BFala +1) = - 7
"=
= BQ _ Z?:l T
na(a + 1)
= 62 _ Z?:l xl2 — Z?:l .’I/'Z

= [ === =

3.1.8. Example with unknown distribution but known first and second moments. LetY;,Ys,---Y,, denote
a random sample from an unknown distribution with parameters 8 and 0. We know the following
about the distribution of Y.

Y = g +u
Ew) = 0
Ew?) = Var(u) = o*

Consider estimators for 3 and o2. In a given sample
yi = B+ (18)
= U=y —B

The sample moments are then as follows

First sample moment =

Second sample moment =

Substituting from expression 18 we obtain

First sample moment =

Second sample moment =
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If we set the first sample moment equal to the first population moment we obtain

S (v - )

=0
n
n
= > y = nf
i=1
:>B: 22;1% —3

If we set the second sample moment equal to the second population moment we obtain

3.2. Method of least squares estimation.

3.2.1. Example with one parameter. Consider the situation in which the Y; from the random sample
can be written in the form

Y, = B8 + ¢

where E(¢;) = 0 and Var(e;) = o? for all i. This is equivalent to stating that the population from
which y; is drawn has a mean of 3 and a variance of o2.

The least squares estimator of 5 is obtained by minimizing the sum of squares errors, SSE, de-
fined by

SSE = 3 (wi—B)’ (19)

i=1

The idea is to pick the value of B to estimate 5 which minimizes SSE. Pictorially we select the value
of § which minimizes the sum of squares of the vertical deviations
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2 J
~ - g .o .: :. Tl . €
ﬁ L J w .- L J -

The solution is obtained by finding the value of 5 that minimizes equation 19:

= 2 - By =0

This method chooses values of the parameters of the underlying distribution, /3, such that the dis-
tance between the elements of the random sample and “predicted” values are minimized.

3.2.2. Example with two parameters. Consider the model

Yyt = By + Baxr + &
= 51 + 829% + et
= e = yt_Bl_Bzxt

where E(e;) = 0 and Var(e;) = o for all ¢. This is equivalent to stating that the population from
which y; is drawn has a mean of 3; + B3,z and a variance of o2.

Now if these estimated errors are squared and summed we obtain

n

SSE = Ze? = Z(yt—31_32xt)2
t=1

t=1

This sum of squares of the vertical distances between y; and the predicted y; on the sample regres-
sion line is abbreviated SSE. Different values for the parameters give different values of SSE. The
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idea is to pick values of 3; and 3, that minimize SSE. This can be done using calculus. Specifically

O0SSFE

= QZ t—ﬁ1_5293t =—2Z€t:
984
0SSE

9P,

22(% — By = Bywy) ()

-2 Z(ytxt - Bl Ty — BQZ‘?) = _2215675 Ty = 0
t

Setting these derivatives equal to zero implies

Z@t = 0

t
E €Tt = 0.
t

These equations are often referred to as the normal equations. Note that the normal equations
imply that the sample mean of the residuals is equal to zero and that the sample covariance between
the residuals and =z is zero since the mean of e; is zero. The easiest method of solution is to solve
the first normal equation for 5, and then substitute into the second. Solving the first equation gives

Z(yt - 31 - BQXt) =0

This implies that the regression line goes through the point (z, 7). The slope of the sample regres-
sion line is obtained by substituting 3, into the second normal equation and solving for 3,. This
will give

Z(ytxt —Brwy = Byaf) = 0
t

ﬁzyﬁt :B1Z$t+322$$ = (Zj*BQi)ZIEtJFBQZI%
t t t

t t

= — BoB)nT + By Y af = nGT—nfy® + B, » a7
t t

(th . )

= 32 _ Zt YTy — n_:fg _ Zt(yt _ g) (mt _ j)

> wi — na’ > (@} —x)?

3.2.3. Method of moments estimation for example in 3.2.2. Let Y1,Y3,---Y, denote a random sample
from an unknown distribution with parameters 5, 3,, and ¢. We know the following about the

3
<
KI
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distribution of Y :
Y = Bi + B X + u
E(u) = 0
B(u?) = Var(u) = o°
Eu-z) = 0

Consider estimators for 3;, 3,, and . In a given sample
Yi = Bl + BQLCZ' + Uy
= U = yi — B — Bows

The sample moments are then as follows

S
First sample moment = Lei=l
n
S Al
Second sample moment = i=1%i
n
n ~
_ LU
Cross sample moment = Dim1 Til
n

Substituting from equation 20 we obtain:

i (yz - Bl - 32%)

n

2?:1 (yz - 31 - 32501‘)2
n

First sample moment =

Second sample moment =

Zzlzl Z; (y’L - Bl - le’z)

n

Cross sample moment =

If we set the first sample moment equal to the first population moment we obtain:

Z?:l (yz - Bl - Bzxz)

n

= Zyz = nﬁAl + Bgzifz
i=1 =1

=0

n n
= Zyz - 322% = nfp
i=1 i=1

iﬂ—ngzﬂl

13

(20)
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Now use the cross sample moment to solve forf3,, :

Z?:l z; (yz - 51 - ngi)

n

<~ Zmiﬁyi = B1Z$i +BAQZ$?: (? - BAQf)in +BQZ«T?
=1 =1 =1 =1 =1

n

s 4, = D1 TiYi — NYT _ i (@i — 2)(yi — ¥)
2 S a? — na? S (z — T)?

n

We obtain an estimate for o2 by equating the second sample moment to the second moment

2 _

Z?:1 (yz - [31 - Bzxi)Q
n

3.3. Method of maximum likelihood estimation (MLE). Least squares is independent of a speci-
fication of a density function for the parent population. Now assume that

Yi ~ f(, 0 = (91,...9[{)), Vi.

3.3.1. Motivation for the MLE method. If a random variable Y has a probability density function
f(+;0) characterized by the parameters 6 = (01, ...,0%), then the maximum likelihood estimators
(MLE) of (61,...,0)) are the values of these parameters which would have most likely generated
the given sample.

3.3.2. Theoretical development of the MLE method. The joint density of a random sample y1, 42, ..., Yn
isgivenby L = g(y1,...,yn; 0) = f(y1;0) - f(y2:6) - f(y3;0) --- f(yn;0) . Given that we have
a random sample, the joint density is just the product of the marginal density functions. This is
referred to as the likelihood function. The MLE of the §; are the §; which maximize the likelihood
function.

The necessary conditions for an optimum are:

oL
09;

=0, i=12 .k

This gives k equations in k£ unknowns to solve for the k parameters 6, . . ., ;. In many instances
it will be convenient to maximize ¢ = InL rather than L given that the log of a product is the sum
of the logs.
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3.3.3. Example 1. Let the random variable X; be distributed as a normal N (, 0?) so that its density
is given by

iy — u\2
flzisp,0?) = e ()

vV 2mo?

Its likelihood function is given by

L

[T fwisnno®) = J@) fa) - flan) (21)

1 " —1(x3 —p)2 —1(®g —p\2 —1(xp —p)\2
(\/72> 67( - ) 67(?) eT(T)
2wo

(\/ : 2> ezr i (@i — )’
2mo
— 1
= InL =¢ = 7” In(2mwo?) — —Z(xz — u)?

The MLE of ;1 and 02 are obtained by taking the partial derivatives of equation 21

—_— = P = = 0 = 0 = Loi=1 =X
o 52 i=1(x 1) 2 n z
oo -n [ or 1 22N a2
792 T [277&2} (2>( 1)(6%) ;(xz B =0
- n ]. i( A)2
= xl—
257 (267 )2 & :

The MLE of 62 is equal to the sample variance and not S2; hence, the MLE is not unbiased as can
be seen from equation 14. The MLE of y is the sample mean.

3.3.4. Example 2 - Poisson. The random variable X; is distributed as a Poisson if the density of X is
given by

67; ’,\“ z; is a non-negative integer
flain) =4 " .
0 otherwise
EX) = X

V(X) = A
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The likelihood function is given by

. e—)\)\m e—/\)\wz e—)\/\wn
- ! To! Ty !
e—An )\Z?:l Ti
B [T, !

= In L

{ = —An + ixz InA — In (ﬁ xi!>

i=1
To obtain a MLE of ), differentiate ¢ with respect to A:

ot "
EI —n 4+ Y iy = 0
~ A= Z?:l Ty
n

3.3.5. Example 3. Consider the density function
(p+Dy" 0<y<1
fly) =

0 otherwise

The likelihood function is given by

L = J[ew+ Dy (22)
=1

n

InL = Zln p + 1)y = Z 1) +1Iny?)

=1

n

= Y (n(p + 1)+phy)

i=1
To obtain the MLE estimator differentiate 22 with respect to p

"o n
= 2 Fr1 = 2 (—=In y;)
" n
adr el 121(—111.%)
=p+1 = "
> i In s
=p = n 1
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3.3.6. Example 4. Consider the density function

flyi) =p (1 —pt—¥ 0

IN

i
IN
—

(23)
The likelihood function is given by
L= ILph(1-p) " @4

= ngl:1 Yi (1 —p)"~ Do i

In L

6= yilnp+ (n— Zy> In(1 - p)
i=1

1=1

To obtain the MLE estimator differentiate 24 with respect to p where we assume that 0 < p < 1.

%: 2ic1 Yi _ (n — "1 %) -0
dp D 1—-p

D Yi (n = > 1)

= =
D 1—p

n n n
=Y i —p> vi=np—pY u
=1 =1 =1

3.3.7. Example 5. Let Y1,Y5,- Y, denote a random sample from an unknown distribution with
parameters 5, 55, and 0. We know the following about the distribution of Y;.

Y, = By + B Xi + uy
E(u;) =0
BE(u?) = Var(u;) = o*
u; and u; are independent for all i 7

u; and z; are independent for all i and j

u; are distributed normally for all i



18 BASIC STATISTICS
This implies that the Y; are independently and normally distributed with respective means

B1 + B, X; and a common variance o2. The joint density of the a set of of observations, there-
fore, is

n

L= [ f®iB1,82.0%) = fyr) f(y2) - fyn) (25)
i=1

_ < 1 >n 6—71(y17516752w1)2 G—Tl(yzfﬁlgfﬁQJQ)Q e—Tl(yn*/hU*Bzzn)Q
V2ro?

= <1>” 62;712 S (i — By — Baxi)®
V2ro?

ML= D hne?) - S 6 - B
= = 5 Yiyea 952 . Yi 1 2%;

= G - § et - g Y - By - )

The MLE of 3;, 35, and ¢? are obtained by taking the partial derivatives of equation 25

or 1
B, ;;(yi — B1 — Baywi)
or 1 <
98, = ;Z(yi — B1 — Bywi)ws
2 i=1
o n 1 R~
22 ~ 227t ﬁZ(yi — By = Boxi)?
=1

Solving for 3, we obtain

Z(yz - B1 — Bywi) =0

:‘Zyi = n51+522$¢

“ 20 Yi oy 2T _
Zidi _p i
n n
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We can find 3, using 8%?2 = 0 amd substituting /3. This will give

Z(yzxz —Brzi — 5293?) =0
= Zym =5 metﬁzzw? = (¥ - 525E)Z$i+522$?
= (§ = BoB)nT + By Y @] = nYT—nBy@ + By » 1}

=nyx + By <fo - nm2>

> D Vit — nTY Z(yz‘ -9 (z; — )

= =
o = S~ > (@7 o)
From % = (0 we obtain:
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4. FINITE SAMPLE PROPERTIES OF ESTIMATORS

4.1. Introduction to sample properties of estimators. In section 3 we discussed alternative meth-
ods of estimating the unknown parameters in a model. In order to compare the estimating tech-
niques we will discuss some criteria which are frequently used in such a comparison. Let ¢ denote
an unknown parameter and let 6 and 0 be alternative estimators. Now define the bias, variance
and mean squared error of 6 as

Bias (0) = E (
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Var (0) = E (é —E(é))2

MSE (0)
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= Var (0) + (Bias (9))
The result on mean squared error can be seen as follows

MSE(®) = E (é—9)2= E(0-E(0)+E (é)—&)Q

I
=

@FE(@)))Q +2 B (0)-0) B (0 - B(8)] + (13((9)4))2

= 5 (0 - (é))2 + (B@) - 9)2: Var (9) + (Bms(é))2
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4.2. Specific properties of estimators.

42.1. Unbiasedness. 0 is said to be an unbiased estimator of 0 if E (9) =460.

In the figure below, 0 is an unbiased estimator of 6, while § is a biased estimator:

f(6)

4.2.2. Minimum variance. 0 is said to be a minimum variance estimator of 0 if

where 6 is any other estimator of §. This criterion has its disadvantages as can be seen by noting
that 6 = constant has zero variance and yet completely ignores any sample information that we may
have. In the figure below, 0 has a lower variance than ¢:
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f(6)

4.2.3. Mean squared error efficient. 6 is said to be a MSE efficient estimator of 6 if
MSE (0) < MSE (9)
where 0 is any other estimator of §. This criterion takes into account both the variance and bias of

the estimator under consideration.

4.2.4. Best linear unbiased estimators. 0 is the best linear unbiased estimator (BLUE) of @ if

0 = Zai y; linear
i=1
E0) = 0 wunbiased

Var(d) < Var(0)

where the a; are constants to be determined and 0 is any other linear unbiased estimator of 6.

For the class of unbiased estimators of #, the efficient estimators will also be minimum variance
estimators.

4.25. Example. Let Y1,Y>, . . ., Y, denote a random sample drawn from a population having a
mean 4 and variance o2. Now derive the best linear unbiased estimator (BLUE) of .
Let the proposed estimator be denoted by 6. It is linear so we can write it as follows.

. n
0 = Z a; Yi
i—1
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If the estimator is to be unbiased, there will be restrictions on the a;. Specifically

E@) = E (Z a; yz> = Z a; E(y;)
. =1 . =1
= Z ai b= H Z a;
i=1 i=1
= iai =1
i=1

Now consider the variance of 6:

Var(0) = Var

n
Z @; yz]
i=1
= Z a? Var(y;) + % Yizj ai aj Cov (yi yj)
n
_ Y e
i=1

because the covariance between y; and y; (¢ # j) is equal to zero due to the fact that the y’s are
drawn from a random sample.

The problem of obtaining a BLUE of  becomes that of minimizing »""'_ | a7 subject to the con-
straint "', a; = 1. This is done by setting up a Lagrangian

Lia, ) = Y af = XD ai — 1)
i=1 i=1
The necessary conditions for an optimum are

oL
— 201 — A =0
6@1 “
oL
— = 2a, — A =0
Oan, @
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i=1
The first n equations imply that a; = a2 = az = .. .a, so that the last equation implies that
Z a; — 1 = 0
i=1
= na; — 1 = 0
= na; = 1
1
= a; = =
n
= 0 = iaiyi:liyi:g
i=1 nia
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Note that equal weights are assigned to each observation.

4.2.6. Example. Let X 1,X o,. .., X,, denote a random sample drawn from a population having a
population mean equal to x and a population variance equal to 0. The sample mean (estimator of
() is calculated by the formula

n
_ X;
X = —
25
i=1
and is an unbiased estimator of ;s from theorem 3 and equation 12.

Two possible estimates of the population variance are

o=y KX

¢~ yE =X

n—1

&
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We have shown previously in theorem 3 and equation 14 that 2 is a biased estimator of o 2;
whereas S? is an unbiased estimator of 5. Note also that

52 = <" — 1)52 7)

n
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Also from theorem 3 and equation 13, we have that
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Var ()_() = -

Now consider the mean square error of the two estimators X and S? where X 1, X 5,..X , are a
random sample from a normal population with a mean of x and a variance of o 2.

_ o2

MSE(X) = E(X - )’ = Var(X) = =
MSE($) = B($ - o) = Var($2) = 22

The variance of S? was derived in the lecture on sample moments. The variance of 67 is easily
computed given the variance of S2. Specifically,

Var (62) = Var((n - 1>52> — (” - 1>2 Var (%)

B n—1\> 20  2(n — 1)
n

n -1 n2
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We can compute the MSE of 67 as follows

2
MSE&* = E(6* - o) —E<62 (" — 1>a2+<” — 1>a2 0)
n
2

n2

R (2(” - 1) N (n—1)% 2n(n —1) n2)

4(2n—2+n2—2n+1—2n2+2n+n2)
= o

2n — 1
_ 4
- ()
Now compare the MSE’s of 52 and 4°:

MSE (6*) = o* (2";1> < ot (

n

) = MSE (S?)

n —1

So 67 is a biased estimator of o2 but has lower mean square error than S2.



