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ABSTRACT

ICT based learningheinter relatiorship of various
probability distributionscan be studiediz. shape,
location and scale parameterthrough visual
diagrammatic methods. In this paper wehave
discussedhe approximation of Poisson to Normal
probability distribution.

1.INTRODUCTION

Information and Communication
Techndogies (ICT) is becoming increasingly the
necessary integrated information platform in
teaching and learning processes. Implementing ICT
can bring benefits to learners, at the same time it
provides a broagiew of the some of the complex
concepts.ICTs are making dynamic changes in
class room environment. ICTs provide both
students and teachers with more productive
learning opportunities to needs of the sociéBs
greatly facilitate the acquisition and saloption of
knowledge in the interested field.

Task: Students of statistics should learn discrete
and continuous probability distributions in
probability theory. Theoretically thestudents
should learnto go to great lerifps of derivations
relating to the distributions and their
interrelationships. Each distribution has its own
unique behavioral pattern and characteristios.
the all existing distributions Normal Distribution
plays a very important role in statistical theory.

2. NORMAL DISTRIBUTION

The normal distribution is the most
important andalso widely used distribution in
statistics.The Normal distribution is also the core
of the space of allobservable processes. This
distribution  often  provides a reasonable
approximation to variety of datdt is sometimes
called the "bell curve," although the tonal qualities
of such a bell would be less than pleasing. It is also
called the "Gaussian curve" after the mathematician
Karl Friedrich Gauss.

The density of the normal distributids
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deviation, respectively, and define the normal

distribution. The symbat is the base of the natural
|l ogarithm and ~ is the

3. DIAGRAM OF DISTRIBUTION
RELATIONSHIPS

Probability distributions have surprising
number interconnections. A dashed line in the
chart below indicates an approximate (limit)
relationship between two distribution families. A
solid line indicates an exact relationship: special
case, sum, or trarimation.
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Fig. 1 Inter relationship of various probability Chi-squared f(x) = x* "Zexp(x / 2) [*'for( 3/ 2) 2
distributions with Normal positive x. The parameter 3
freedom.
4. PARAMETERIZATIONS
Gamma f(x)= YB%lexptx / b)) / G(U) for |
The precise relationships between Xx. The parameter U is called
distributions depend on parameterization. The  gcgle.
relationships detailed below depend on the
following parameterizations for the PDFs. Uniformfx)= 1 for 0 O x O 1.
Let C(n, k) denote the binomial coefficient(n, k) Cauchy f(x)= G/ (- ¥+ Zxfor all x. Note
and N ) ~ that € and & are location an
Bla, b) = d(a) G(b) [/ 0C(acafchybidribution has no mean or variance.

Geanmetric f(x) = p (1-p)* for nonnegative integers
X.

Snedecor Ff(x) is proportional to %" 22/ (1 +

(4 3xF ?for positive x.

Discrete uniformf(x) = 1/nforx =1, 2, ..., n.

parameter € is the mean.
Negative binomialf(x) = C(r + x - 1, x) p(1-p)*
for nonnegative integers x. Student tf(x) is proportional to (1 + & 3¢ )* 1) /2

for positive x. The paramete

Beta binomial f(x) = C(n, )B( U + Xx-X)/n  + otBeedom.

Exponential f{(x) = exptx / ¢ ) / ¢ f or posi ti v

B(U, b) 1f.om x 0,
. Weibult f(x) = ( o>t éxpcx’kb) for positi
C(N,K)forx=0,1, ...,N.

_ ) _ Double exponentiaf(x)=exp¢xe | / G) [/ 204 for
Poisson f(x) = exp¢e-) "/ » for nonnegative X. The patametocati os and m
integers x. The paramet efegpylei S both the mean and
the variance.

5. RELATIONSHIPS
Binomiat f(x) = C(n, x) (1 - p)™* forx =0, 1, ...,
n. In all statements about two random
variables, the random variables are implicitly
Bernoulli: f(x) = p*(1 - p)** where x = 0 or 1. independent.
Lognormal f(x) = (Zyllagip(‘_(log(x)'s y *pd Geometric / negative binomiallf each X is
I x for positiveéarexnotthdlot egeombif trandom ddifble Unith probability of
mean and variance of the distribution. success pthen the sum of n Xs is a negative
binomial random variable with parameters n and p.
Normat f(x) = ( 92 exp(- Y((x- € ) F)dfor
all x. Negative binomial / geometric A negative
- . binomial distribution with r = 1 is a geometric
Beta f0)= @ ( U™@-xF)/ x( G (U) &( bgiskibufioR.r O
O x O 1.
) , Negative binomial / Poissorif X has a negative
Standard normalf(x) = ("2 éxp(-x*/2) for all binomial random vaable with r large, p near 1,
X. andr(tp) = oy,a (MheeY isa Poisson
random variable with mean a.
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Betabinomial / discrete uniformA betabinomial

(n, 1, 1) random variable is a discrete uniform

random variable over the values O ... n.

Betabinomial / binomial Let X be a betdinomial

ran
O/ (

dom variable with pa

U + b) and suppose
binomialn, p) random variable therx& v.F

Hypergeometric / binomial The difference

between a hypergetetric distribution and a

binomial distribution is the difference between

sampling without replacement and sampling with
replacement. As the population size increases
relative to the sample size, the difference becomes

negligible.

Geometric / geometridf X, and X are geometric
random variables with probability of successapd

p. respectively, then min(x X,) is a geometric
random variable with probability of success p:= p
+ P - p1 po- The relationship is simpler in terms of
failure probabilities: r g, gp.

Poisson / Poissonlf X; and X are Poisson
dom variabl es and £ he
respectively, then X+ X, is a Poisson random

ran

var

Binomial / Poissonlf X is a binomial(n, p) random

i abl e jwixth

me an €

variable and Y is a Poisson(np) distition then
= n) & P(Y = n) .if

P(X

Binomial / Bernoulli If X is a binomial(n, p)

random variable with n = 1, X is a Bernoulli(p)

random variable.

Bernoulli / Binomial The sum of n Bernoulli(p)

random variables is a binorffia, p) random
variable.

Poisson / normal If X is a Poisson random

variable with large mean and Y is a normal
distribution with the same mean and variance as X,
n for integers

t he

Y O k + 1/ 2)

Binomial / normal If X is a binomial(n, p) random
variable and Y is a normal random variable with
the same mean and variance as X, i.e. np and np(1

p) .

then for

i nt egetlR

j

r
U

n

i1 /an dO

O Y O k + 1/2). The approxim
4 0.5 amdarggghen n i

Lognormal / lognormallf X ; and X% are lognormal

random variables Ui ahdp@tz ame
&.Medpectively, then XX, id)a logriojmal rahdemt  p =
var bahlse Iwartighecp’@lrfHAmet é ss a( ¢

Normal / lognormal | f X is a dnor mal
random variable then*ei s a | ognror mal (
random variable. Conversely, if X is a lognormal

(ed Tandom variable then | og

0°) random variable.

Beta / normal If X is a beta random variable with
parameters U ank4ab Weeeual and
Y is a normal random variable with the same mean

and variance as X, i . e. me an
Ub/ (W+B) B + 1)).

Normal / standard normall f X i's & nor mal |
random variablethen(Xe ) / 0 i s a standar
random variake. Conversely, If X is a normal(0,1)
random variable then®d0 X + .
random variable.

means €

Normal /normal If X1i s a ny0 Pimadom ( ¢

variable and X i s a n g r Aedndonf €

variable, then X+ X,i s a njorr nealé (€

{,%) random variable.

Garsmal/ aorngale f arxd insp d sgammaad U,
variable and Y is a normal random variable with

the same mean and variance as X, the@d Fy ¥

the shape parameter U is | ar
parameter b.

Gamma / betalf X, is gamna (;,Ul) random

variable and Xi s a  g.alnnaralom(vétiable

then X/(X1+ X)) i s ia ,) bhedonavarable.

More generally, if X i s g a;mm)adéntom

variable and Xi s g a.mn) &Hndom variable

t h ezn(l/ @)bl'f' 1&2) i s 1a02)baﬂdbm( U
variable.

k, P(j O X O k) & P(]j

Beta / uniform A beta random variable with
parameters U = b = 1 is a un

Chi-squared / chisquared If X, and X% are chi
squared r andomarnedegreasdof es wi t
and k, P(]j O X O k) & P(]j
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freedom respectively, then, % X, is achi-squared
random v an+t+ adedrees offieedom. 3

Standard normal / chsquared The square of a
standard normal random variable has asthiared
distribution with one degree of freedom. The sum
of the squares of n standard normal random
variables is has a chéquared distribution with n
degrees of freedom.

X i s a
with U
vari abl

Gamma / chsquared | f
random variabl e
chisquared random
freedom.

Cauchy / standard normalf X and Y ae standard
normal random variables, X/Y is a Cauchy(0,1)
random variable.

Student t / standard normalf X is a t random

variable with a large number of degrees of freedom

3 t hyedn yFwhere Y is a standard normal

random variable.

X an
¥

Snedecor F / chksquaed. | f i s
random variable wi t h
approximately distributed as a efguared random
variable with 3 degrees

Chi-squared / Snedecor: Hf X; and X% are chi
sqguared r and o marncdegreashof e s
freedan respectively, then (X F (X 3 is an

F (1,3,) mandom variable.

Chi-squared / exponential A chi-squared
distribution with 2 degrees of freedom is an
exponential distribution with mean 2.

Exponential / chisquared An exponential random
variable with mean 2 is a chguared random
variable with two degrees of freedom.

sum of n
i s

Gamma / exponentiall h e
random variabl es
variable.

e X
a

Exponential / gammaA gamma distribution with
s,ape parameter U = 1
exponential (b)

and

Exponential / uniform If X is an exponential
random variable wXt&) memna e,
uniform random variable. More generally, sticking

any random variable into its CDF yields a uniform

random variable.

Uniform / exponential If X is a uniform random

variable, -a= | X gs an exponential random
variable with mean a. Mor e g
inverse CDF of any random variable X to a

g a m nmaform(rangom \fanable creates a variable with the

same distributiach aspX. = 2, t hen X i s a
e with 3 degrees of
Cauchyreciprocall f X i s a Cauchy (¢,
variable,t hen 1/ X is a Cauchy (¢
variabl e?wREere ¢ = ¢

Cauchy sumlf X; i s a Ca ucliangdom( ¢
variable and Xi s a Ca y)dtheg X € X%,
i s a Caruyxeh# )iardom variable.

Student t / CauchyA random variable witha t

distribution with one degree of freedom is a
Cauchy(0,1) random variable.

F(s3, ¥)

Student §/eSnedecorifeXns a Branddm variable

with 3 degree bifs faeed@dEd¢rm, 3}

adndoin vadabdld. o m.

Snedecor F / Snedecor: F f X
rawdom Rariable hen 1/ X,
variable.

F(3
F(3

i 5§ 2Jan
i) sandanm

Exponential / ExponentialIf X; and X are
exponenti al randomawmdr eabl es
respectively, then min()X X;) is an exponential
random variafk)déewtth mean ¢

Exponential / Weibull If X is an exponential
random variabl e wi isha mean l
Wei bull (9, b) random variabl

Weibule h Expoadntialf ) X is a Weibul!l
cpadonm aafiable, X As) an expanehtiainrandom
variable with mean b.

Exponential / Double exponentidf X and Y are
expahenpiaalameaedom variaambl es

di stri but iYoi:na double exponential random variable with

mean O and scal e ¢
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Double exponential / exponentidf X is a double new type of teacher. Education@chnology and
exponential random variable with mean 0 and scale the teacherprofession. Teacher and Teacher
&, then | X| i s m saniable with o n e Bducat®n, 21158In d o
mean @o. Voogt, J. (2003). Consequences of ICT for
aims, contents, processes, aadvironments of
6. USE OFICT IN ESTABLISHIG learning. In J.van den Akker, W. Kuiper &
RELATIONSHIP U.Hameyer (Eds.),Curriculum landscapes and
trends (pp 217 7 236). Dordrecht: Kluwer
Most of the distributions occurring in Academic Publishs.

practice can be approximated by Normal
distribution. More over sampling distributions tend Watson, D.M. (2001). Pedagogy before

to normality for large samples. Technology: Rehinking theRelationship between
ICT andTeachingEducation and
For exampl e, | f lagetheniXo i s dnéornatian Teahnolpgies, @,251-266.

is well approximated by a normal distribution and

how | ar ge doeThis@n beahowen t ovyolsd,?A. B. and Dahamini, M. (2008)he
diagrammatically through Economics of E Learning:The Impact of ICT on
MATLAB/MATHEMATICA StudentPerformance in Higher Educatiobirect
Effects, Indirect Effects an@rganizational Change
(http://rusc.uoc.edwownloaded

March 4, 2011)

o 5 10 15 20
Fig. 1 Poisson approaches to Normal
7.CONCLUSIONS

By drawing the random samples from
Poisson distributiomnd changing thealues of the
p ar a mesuohrasl,ad andl0 the shape and
location of the distributioncan be changed
Therefore ICT enabled teaching gives us an
opportunity to study how the approximation to the
Normal distribution changes when we alter the
parameter of the Poisson distributidn.a similar
approach one can demonstrate the inter relationship
of various dstributions.

REFERENCES

Brosnan, T. (2001). Teaching Using ICT
University of London: Institute dEducation.

Volman M. (2005). Variety of roles for a

21 | www.ijdcst.com


http://en.wikipedia.org/wiki/File:Poisson_distribution_PMF.png

