Reaa“ - Estimation

Xo) Xopoo ) ¥Xn ved- '@som o~ S;opu\\a’\llm X
Pk sc P>
X had < ed £ 018} ¢ (P

(Boal :- ES’Hmo{tc S
« Poink QS't'i‘m&’tor '. 3. B —®
(Suivabl) %CK;, ¥, -, Ka)  ag pent
Cehicator for ©
Vabasd - Elolhr, . %)= O
(ensisteat = Vay Col%,,..., ) —2©

o - 8,
Tuvo mc‘h’_)O&L! N "

(_'\) MLU:)_QSH O&" r’)o.f\-er\’&‘&

SN
%\CD\K O\tb y ,_(—, Z 7<<J <=1, ”3&/
N =\

Zq(/\c}vf. u?ﬁl Ao onedd - ECN\(JI l‘@z\, w,d

So\dﬁ, W@ d — Qqu\aﬁ%m u‘\“Z d\r~ U lcasony
r Hy O

G(I Max: mun lilel hosdl  €shimate
(o] % %, %) = E%Cx@k o)

Vecg (%y,..-, %) Alwel  add mma‘aﬁ%
L oas o f(\‘unc’bm S\ o

Tohepnadl & eh enation - Waed MWeo  Cateal b
Aeoye Ao @pui&k an @M Yor . €30 afie
it Zoecl  CockSAcnun %w Ho  mean.




Central Limit Theorem
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Let X1, X, ... be i.i.d. random variables with finite mean g,
finite variance 2. Then
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where X = X1+X%t4% 3nd 7 ~ Normal (0, 1).
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Central Limit Theorem
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We could rephrase the result as:
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Let X1, X5, ... be i.i.d. random variables with finite mean g,
finite variance o2. Then
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where S, = X; + X + ...+ X, and Z ~ Normal (0, 1).
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Central Limit Theorem
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Suppose each X; was distributed as Bernoulli (p) random
variable. Then S, is a Binomial(n,p) random variable. Let us
check for what p does
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is close to a Normal distribution.
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Central Limit Theorem

We may simulate Binomial samples either directly by rbinom

command or using the replicate and rbinom command.
binomialsiml = rbinom(100,10,0.1)

# generates 100 Binomial (10,0.1) samples

>
>
>
> binomialsim2 = replicate(100, rbinom(1,10,0.25))
> # generates 100 Binomial (10,0.25) samples
>
>
>
>

binomialsim3 = replicate(100, rbinom(1,10,0.5))
# generates 100 Binomial (10,0.5) samples



Histogram of all three simulations
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From the above it seems that at n = 10 the symmetry is
achieved when p = 0.5 and not at p = 0.1 and p = 0.25



Standardised Histograms: Binomial n=10 and p=0.1, 0.25, 0.5
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Standardised Histograms: Binomial n=20 and p=0.1, 0.25, 0.5

Std-Binomial(20, 0.1) Std-Binomial(20, 0.25) Std-Binomial(20, 0.5)
& M &1 8 -
o
< —
ed Hl | © -
3 - 3 7
2 2 2
S S S
=4 T 2 4 T 2 A
o ° °
e [ i
w0 w -
0 -
o o )
—r T 1 1 L . LI |
-1 0 1 2 3 -2 -1 0 1 2 01 2 3 4 5
binomialsim1 binomialsim2 binomialsim3

n = 20 is better.



Standardised Histograms: Binomial n=50 and p=0.1, 0.25, 0.5
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n = 50 we get closer to Normal distribution



Role of n versus p
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Binomial Random variable is close to Normal when the
distribution is symmetric. That is when p is close to 0.5.
Otherwise the general rule that we can apply is that when

np >5 and n(1 — p) > 5.

then Binomial(n,p) is close to Normal distribution.



Confidence Intervals

2 v Normal[o,4.) PC Bl 196) ~ 045

Using the Central Limit Theorem for large n we have
X —
P(] M < 1.96) ~ 0.95

which is the same as saying
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The interval (— 1'\3%" + X, 1'3%" + )_<) is called the 95%

confidence interval for p.



Confidence Intervals
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0 : ; : 1.960 | % 1960 | ¥
95% confidence interval for p is (— T X =+ X)

Meaning: for n large if we did m (large) repeated trials and
computed the above interval for each trial then true mean

would belong to approximately 95% of m intervals calculated.



Confidence Intervals

Witk
\/arCX') =4

The below is code for finding the confidence interval for a data

x. — (%, .. %A)

cifn = function(x, alpha=0.95){ - 2=14b

>

+ z = gnorm( (1-alpha)/2, lower.tail=FALSE)
+ sdx = sqrt(1/length(x)) «— <ds= 3

+ c(mean(x) - z*sdx, mean(x) + z*sdx)

+
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Three Confidence Intervals for Normal(0,1)

oo ganp\ts  fyonm Noteak (251)

|
> x1 = rnorm(lMy = cifn(x1) x| X, .. , %\ e
>y

[1] -0.1624472 0.2295456
foo  Qamples  fgom Noteak (0531)

> x2 = rnorm(10m= cifn(x2) X7 Xey X
>z
[1] -0.2167657 0.1752271 . '\ f " jowemk o)
> x3 = rnorm(100,0,1);w = cifn(x3) %7 LIS
> w

[1] -0.30436422 0.08762858

Does 0 belong to all the three confidence intervals ?



Confidence Intervals Plots

The below is a plot of the three confidence intervals computed
in the previous slide.
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Confidence Intervals : 10 Trials

We generate 10 trials of 100 samples from Normal(0,1) and
compute the confidence intervals using the function defined
earlier. Lo trals

> normaldata = replicate(10, rnorm(100,0,1),

+ simplify=FALSE) agls Cita o eath 10
> cidata = sapply(normaldata, cifn)

It is easy to check how many of tffm contain 0.

> TRUEIN = cidatal[l,]*cidatal2,]1<0
> table (TRUEIN)
TRUEIN

FALSE TRUE
1 9



Confidence Intervals : 10 Trials
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Confidence Intervals: 40 Trials

We generate 10 trials of 100 samples from Normal(0,1) and
compute the confidence intervals using the function defined

earlier.

> normaldata = replicate(40, rnorm(100,0,1),
+ simplify=FALSE)

> cidata = sapply(normaldata, cifn)

It is easy to check how many of them contain O.

> TRUEIN = cidatal[l,]*cidatal2,]1<0

> table(TRUEIN)

TRUEIN

FALSE TRUE
3 37






Confidence Intervals : 100 Trials

We generate 100 trials of 100 samples from Normal(0,1) and
compute the confidence intervals using the function defined

earlier.

> normaldata = replicate(100, rnorm(100,0,1),
+ simplify=FALSE)

> cidata = sapply(normaldata, cifn)

It is easy to check how many of them contain O.

> TRUEIN = cidatal[l,]*cidatal2,]1<0

> table(TRUEIN)

TRUEIN

FALSE TRUE
3 97
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Confidence Intervals

0 : : : 1.960 1.960
95% confidence interval for p is ( T+ X, T+ X)

Meaning: for n large if we did m (large) repeated trials and
computed the above interval for each trial then true mean

would belong to approximately 95% of m intervals calculated.

Thus numerically the above meaning seems to hold for a
Normal population.



