






Central Limit Theorem

Suppose we want to verify the below result via simulations:

Let X1,X2, . . . be i.i.d. random variables with finite mean µ, finite

variance σ2. Then √
n(X̄n − µ)

σ

d→ Z , (1)

where Z ∼ Normal (0, 1).
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Suppose we want to verify the below result via simulations:

Let X1,X2, . . . be i.i.d. random variables with finite mean µ, finite

variance σ2. Then √
n(X̄ − µ)

σ

d→ Z , (2)

where X̄ = X1+X2+...+Xn
n and Z ∼ Normal (0, 1).



Central Limit Theorem

We could rephrase the result as:

Let X1,X2, . . . be i.i.d. random variables with finite mean µ, finite

variance σ2. Then
(Sn − nµ)√

nσ

d→ Z , (3)

where Sn = X1 + X2 + . . .+ Xn and Z ∼ Normal (0, 1).



Central Limit Theorem

Suppose each Xi was distributed as Bernoulli (p) random variable.

Then Sn is a Binomail(n,p) random variable. Let us check for what

p does
Sn − np√
np(1− p)

is close to a Normal distribution.



Central Limit Theorem

We may simulate Binomial samples either direclty by rbinom

command or usi ng the replicate and rbinom command.

> binomialsim1 = 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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Perhaps n = 10 is not large enough to see the Central Limit

Theorem occuring.



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

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.


