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+» Definition of estimation.

+» Graphical estimation.

+» Method of point estimation.
«» Unbiasedness.

« Mean squared error.

%+ Consistency.

«»+ Sufficient statistics.

«» Rao-black well theorem.

«» Crammer Rao inequality.

+ Introduction and definition.
++ Confidence interval for mean.
+» Confidence interval for differ.
+» Confidence interval for variance.
«+» Confidence interval for ratio.

«» Applications.
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(Some Special Distribution) :dalal cilaysil) (s

(Discrete Distribution) :dskiial cilayj gl :Ysl

Bernoulli Distribution : Jdsi» a6

X _ 1-x —
f(X;p) = {p (1-p) x=01
0 ,otherwise
Ex)=p ,var(x)=p(1-p)
Binomial Distribution :guaall 53 s

(n) px(l _ p)n—x x=01 n
f(X;n,p) ={\x ' T
0 ,otherwise
E(x) = np ,var(x) = np(1 — p)
Poisson Distribution :¢suls: a6

e—l()")x
f(X, l) — ! , X = 0, 1,
0 ,otherwise

E(x) =24 ,var(x) = A
Negative Binomial Distribution : Sl cuaall 53 &igs

x+r—-1y | . ~
f(X;r,p)={< X )P (1-p) ,x=0,1,..
0 ,otherwise
r(1—-p) r(1-p)
Ex) =—— ,var(x) = ———
P p?
Geometric Distribution : pwaigll asj sl
.y — (P —p)* ,Xx=0,1,...
f:p) { 0 ,otherwise
1- 1-—
Ex) = d-p) ,var(x) = ( zp)
p p
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(Continous Distribution) :3iuall cilay; gt : Ll

Uniform Distribution :aliial) &gl

1
f(x;a,b)={m asx<b
0 ,otherwise
a+b (b —a)?
E == = —_
0 =— var()=-—0
Normal Distribution : aukhll a5l
1 —(X—Zu)2
f(X;1,02) ={ fomoZ . 20 TR SXS®
0 ,otherwise
Ex)=p ,var(x) = ¢?
Gamma Distribution :lls a4
1 X
a—-1 B
£(X; @, B) = { Tat B x“ e ,X>0
0 ,otherwise
EX)=ap ,var(x) = ap?
Negative Gamma Distribution : cussll LS a4
Ba a-1
- -1 o—Bx
f(X;a,B)= T X e ,X>0
0 ,otherwise
o o
E(x) =— ,var(x) = —
B B?
Exponential Distribution : ¥ a3
1 X
— B
fXap) =1 B ° x>0
0 ,otherwise
Ex) =B ,var(x) = p?
Negative Exponential Distribution : qusal) ¥ )53l
L >0
f X, ) = { B € X
(X; @ B) 0 ,otherwise
1 1
E(x) =— ,var(x) = —
B B?
Beta Distribution :lu aj s
1
a-1 b-1
f(X;a,b) = B(a,b)x (1-x) ,0< x<1
0 ,otherwise
a ab
E = — , =
() a+b var(x) (a+b)2(a+b+1)




(Method of Estimation) : il i)k

(Method of Moments):agjal) 43k :Ys

Let X;,X,,...,X, be a r.s drawn from a population which has a p.d.f f(x; 8), 6 € Q where the
parameter 8 = {04,6,, ..., 8y} is unknown. Our object is to estimate the parameter 6. The concept of
the method of moments depends on the idea of estimating the population moments by the Sample
moments. Therefore, the procedure of estimate the parameter for this method is at following:

1) Find the population moments
B = E(X")
2) Find the Sample moments
~ __ inr
rT h
3) the population moments = the Sample moments
M = Ay
The solution of Step (3) (these system of equation) will be the estimation of the estimation
of the parameter 6 = {64,0,, ..., 6y }.

(Method of Maximum Likelihood): akie¥) olse¥) 43 b : Ll

The another method for estimating the Parameter 6, which called Maximum Likelihood
estimation method.

The concept of this method depend on Likelihood function which can be defined as
follows:

Let X;,X5, ..., X, be ar.s drawn from a population which has a p.d.ff (x; 6) 6 € Q

Then the Likelihood function L(6;X,,X,,...,X,) iS a joint probability density function the
random sample X;,X,, ..., X,.

L(8; Xy, Xy, o, Xp) = (X1, X5, oo, X3 0)

= (X3 0) * (X3 0) % . Xy 0) = | [£CX;:0)

In this method we choose an estimate @ ( value of the parameter 8 ) , That maximizes the L(0) , that
is

L(0; Xy, X5, -, Xn) = max{L(0; Xy, X5, ..., Xp), 0 € O}

Then 6 is called the MLE of 6.

To finding out the MLE to the unknown parameter 6 , it will be the solution of the
following equation:

oL(0) 92L(0)

o0 0 S

It was notice that is easier to us logarithm of the likelihood function. Furthermore,
Ln(L(0)) or L(8) have their maximum at the same value of 6.

<0




Example (1): Let X, X, , ..., X, be a r.s from exponential density

f(x,0) = % e X/%  1(0,00)X | Zero otherwise , use the method of moment to estimate 6.

Solution: X~exp() - E(X)= 6 and var(X) = 6?

1) p, =EX") - m =EX) =60
~ XX ~ XXi _ ¢
2) iy ==+~ i ==—=X

3) mp=H o

=~ X is moment estimator for 9
Example (2): Let X, X, , ..., X,, be a r.s from Binomial distribution.
Estimate the parameter P by using method of moment.

Solution: X~ Dbin(n,P) » E(X) = nP and var(X) = nP(1 —P)

n
f(x,0) = (x) P*(1-P)"* ,x=0,1,..,n ,Zerootherwise
1) i =EX)>  p=EX) =nP
~ inl‘ =~ ZXi v
2) By ==+~ i ==—=X

S|

3 M=l P=

-~ — is moment estimator for P
n

Example (3): Let X4, X5, ..., X, be ar.s from Normal distribution.

Estimate the two parameters p and o2 by using method of moment.

Solution: X~N(i,02) >E(X) = p and  var(X) = EX?) — (E(X))” = o2

F(xm,00) = — B Zero oth
X,L,0%) = e o ,—0 < X< , Zero otherwise
vV 21o?
1) i =EX" - m =EX)=n
~ inr -~ ZXI v
2) fp="—- b ====X

n

n
3) m=H

) p=EXD >  pp=EX) =var(X) + (EX))" = 6? + p?

~ inr -~ inz
5 ="~ Hy ==




) I ) C—
XX _)o_zzzl_xz
n n

6) =y~ 6%+ 2 =

_X\2
52 = 52 = L

,where Y(X; — X)% = ¥ X;Z — nX2

~ X and S? are moment estimators for p and o2

Example (4): Let X4, X5, ..., X, be ar.s from Gamma distribution.
Estimate the two parameters o and 3 by using method of moment.

Solution: X~ gamma(a, B) - E(X) = ap and var(X) = EX2) — (E(X))” = ap?

Xa—l —1x

f(x,pn,02%) = o B“e B , x>0 ,Zero otherwise

1) u=EX")- n; = EX) = ap

~ _IX" ~ _XXi_ g
2) W==-—" H====X
~ ~T T ~ X

3) mp=pf— [ap=X -a=3

) p=EX) >  pp=EX?) =varX) + (EX)" = ap? + (ap)?

~ TXi" = X’
. ~A ~ 2 ZXiZ X’\ =72 inz
6) 1y =, ~ @B?+ (aB)" =EC B2+ (02 =220
PP P BIPUE S S Py
PSP =3 va=g=Xru9=0
X2 = 7
S2 — Z(X‘n X) ,whereY(X; —X)% = ZXiZ — nX?
)_(2

s2 .
“ 52 and < are moment estimators for o and 3




