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What are we going to cover?

We’re going to talk about:

Cluster analysis, and what its good
for.

How there is more than one way to
measure distance.

If you have a lot of data, what is
the correct number of clusters?
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Textual

Lots of words.

“Cluster analysis is a statistical technique used to
identify how various units – like people, groups, or
societies – can be grouped together because of
characteristics they have in common. Also known as
clustering, it is an exploratory data analysis tool that aims
to sort different objects into groups in such a way that
when they belong to the same group they have a maximal
degree of association and when they do not belong to the
same group their degree of association is minimal.

Unlike some other statistical techniques, the
structures that are uncovered through cluster analysis
need no explanation or interpretation – it discovers
structure in the data without explaining why they exist.”

A. Crossman [1]
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Textual

Picking it apart.

“. . . can be grouped together . . . ” – implies a way to compare
different pieces of data

“. . . sort different objects into groups . . . ” – decide group
membership

“. . . the structures that are uncovered . . . ” – the cluster
analysis has no preconceived ideas

“. . . discovers structure in the data without explaining why
they exist.” – clusters may in fact not exist
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Textual

A little deeper.

Need to define characteristics necessary to define group
membership

Need to define order that items are considered for group
membership

Need to define how many groups/clusters there are

Recognize that group membership may not have meaning
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Textual

Down the “rabbit hole”

What are the important items to use to define group
membership (size, weight, time, location, textual content, . . . )

Adding a new member changes the “characteristics” of the
group, so adding new members in different order may result in
different groups

How to choose number of groups? Easy cases are: 1 (all
members belongs to a single group), and n (each member
belongs to its own group). Selecting the number of groups
between 2 and n − 1 is hard.

One of these is easy, the others are hard.
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Textual

As Alice falls further . . .

How to determine when to add a new member?
1 One at a time (selected in order, or random, and if random

then how to ensure results are repeatable)
2 All at once by keeping two copies of the current group

membership

How to choose number of groups?
1 Have subject matter expert (SME) provide guidance
2 Brute force from 1 to n
3 How to know the “right” number of groups
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Textual

Slippery slopes

How to define the center of a cluster?
1 Median or mean of all members (may not match a group

member)
2 Select group member nearest median or mean

How to measure distance from candidate member to cluster?
1 Over 1,000 different ways to measure distance[2]
2 Measure distance to:

1 Cluster center
2 Closest cluster member
3 All cluster members
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Textual

What to do about units of measurement?

If interested in clustering people based on their height, weight, and
waist, then

Can’t directly compare weight and others attributes (different
units)

Can’t directly compare height and waist (different ranges of
values)

How to make a cluster out of things that have more than 2
attributes?
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Mathematical

Simple approaches to handling numerical data

Convert all attribute data to the same units (feet to inches,
pounds to ounces, etc.)

Normalize the data between 0 and 1:

xnormalized = xraw−min(xall )
max(xall )−min(xall )

Compute the z − score for a data point. A z − score is the
number of standard deviations from the mean a data point is.

z − score = xraw−µ(xall )
σ(xall )
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Mathematical

Simple numerical distances

Based on the Lp notation.
If we have two vectors x = (x1, x2, x3, ..., xn) and
y = (y1, y2, y3, ..., yn), then the distance between the two is:

d(x , y) = ‖x − y‖ = (
∑n

1 |xi − yi |r )
1
r

Where r is chosen by the user.

r = 1 the Manhattan distance (the number of city blocks you have
to walk to get from one place to another), sometimes also
known as the Hamming distance[3]

r = 2 standard Euclidean distance

r =∞ Supermum, the maximum difference between any attribute of
the vectors
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Mathematical

Simple approaches to handing textual data

We are interested in a few things:

How often does the term t appear in a document d

How many documents N in the corpus D

Combining those ideas towards finding “important” terms in the
corpus.
A little math:

f (t, d) = frequency of term t in document d

tf (t, d) = 1 + log(f (t, d))(log term frequency)

idf (t,D) = log(
N

dεD : tεd
)(inverse document frequency)

tfidf (t, d ,D) = tf (t, d) ∗ idf (t,D)
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Mathematical

Problems (opportunities) unique to numerical data.

There are a limited number of things you can do with missing
numerical data.

You can ignore the entire “data record”

You can insert “false” data, either:

Compute the average of all “good” data
Insert the mode of all “good” data
Compute a random number based on the statistics of the
“good” data

Options for dealing with “bad”/missing data are limited.



15/32

Intro. Definitions Examples Hands-on Q & A Conclusion References Files

Mathematical

Problems (opportunities) unique to textual data.

There are some interesting problems when dealing with text.

Capitalizations

Prefixes and suffixes

Words that are too common (articles, conjunctives, etc.)

How words are used (chapter headings, footers, titles,
captions, etc.)

Textual analysis presents all sorts of opportunities.
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Overview of processing

1 Randomly assign each data member to a cluster
2 Until exit condition met

1 Compute the distance from each member to all cluster centers
2 Assign each member to new cluster
3 Compute new cluster center

Exit conditions can include:

No members move between clusters

A maximum number of loops are executed

Movements are too small to affect overall solution
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Iris dataset

Source code from the text

Need to do a couple of things:

1 Load “chapter-04.R” into the editor

2 Highlight and execute the entire file

3 Understand the output

1 2 3
setosa 0 0 50
versicolor 3 47 0
virginica 36 14 0

Clustering was able to correctly label 89% (0.89 = 50+47+36
50+47+36+3+14 )

of the flowers.
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Iris dataset

A picture is worth . . .

The clustering algorithm has lots
of moving parts, and it would be
useful to see them in action.
Load “chapter-04-iris-cluster.R”
into the editor and run.
Changes in color mean that an
iris data row changed cluster
assignment.

Attached file.
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Iris dataset

Same image.

Attached file.
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Crime dataset

Some basics

There is an R library with some
crime statistics from 1970.

library(cluster.datasets)

data(all.us.city.crime.1970)

crime =

all.us.city.crime.1970

plot(crime[5:10])

Pretty basic stuff.
Can we find clusters in the data?
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Crime dataset

Same image.

Can we find clusters in the data?
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Crime dataset

Copy and paste into editor:

1 c r i m e . s c a l e = data . f rame ( s c a l e ( c r i m e [ 5 : 1 0 ] ) )
2 s e t . s e e d ( 2 3 4 )
3 Two Clu s te r s = kmeans ( c r i m e . s c a l e , 2 , n s t a r t = 25)
4 p l o t ( c r i m e [ 5 : 1 0 ] , c o l=as . f a c t o r ( Tw oClu s te r s\$ c l u s t e r ) , main = ”2−c l u s t e r s o l u t i o n

” )
5 T h r e e C l u s t e r s = kmeans ( c r i m e . s c a l e , 3 , n s t a r t = 25)
6 p l o t ( c r i m e [ 5 : 1 0 ] , c o l=as . f a c t o r ( T h r e e C l u s t e r s\$ c l u s t e r ) , main = ”3−c l u s t e r

s o l u t i o n ” )
7 F o u r C l u s t e r s= kmeans ( c r i m e . s c a l e , 4 , n s t a r t = 25)
8 p l o t ( c r i m e [ 5 : 1 0 ] , c o l=as . f a c t o r ( F o u r C l u s t e r s\$ c l u s t e r ) , main = ”4−c l u s t e r

s o l u t i o n ” )
9 F i v e C l u s t e r s = kmeans ( c r i m e . s c a l e , 5 , n s t a r t = 25)

10 p l o t ( c r i m e [ 5 : 1 0 ] , c o l=as . f a c t o r ( F i v e C l u s t e r s\$ c l u s t e r ) , main = ”5−c l u s t e r
s o l u t i o n ” )
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How many clusters

Peeking into the kmeans object

Typing the name of the kmeans object prints out its values:

K-means number of clusters and their size

Cluster means the centroid coordinates when kmeans()
ended

Clustering vector the cluster to which each element belongs

Within cluster sum of squares by cluster sum of the
squares of the distance of each member from the centroid

Available components components that can be accessed by
name or [[]] notation

In the editor, type: TwoClusters
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How many clusters

How many clusters are needed?

A way to determine the optimal
number of clusters is to vary k
and evaluate the output.
The text uses incremental
improvement in the ratio between
each k ′s betweeness sum of
squares, and the total sum of
squares.
The data plotted in the text is
inaccurate.

Attached file.
2 clusters has the best ratio.
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How many clusters

Same image.

Attached file.
2 clusters has the best ratio.
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How many clusters

More explorations into how many clusters are needed.

The text continues the exploration of how many clusters are
needed by looking at life expectancy data from the
cluster.datasets library

The NbClust function from the NbClust library uses a
collection of techniques to arrive at a number of clusters

NbClust() then recommends the number of clusters that
gets the most votes
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How many clusters

Does NbClust make a difference?

Yes.
Using the data life expectancy data from the text, and different
arguments to the NbClust function, different numbers of clusters
are determined.

Distance measurement
Method euclidean maximum manhattan minkowski

kmeans 3 3 3 3
average 2 2 15 2

How distance is measured, and how membership is decided makes
a difference.
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Some simple exercises to get familiar with data
clustering

1 What are the clusters in
the crime data population
and murder rate?

2 Does a scatterplot of
population and burglary

rate show anything?

3 What kind of correlation
exists between white
population change and
crime rate?
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Q & A time.

Q: What was the greatest
achievement in taxidermy?
A: The Royal Canadian Mounted
Police.
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What have we covered?

Wrote simplistic clustering
functions
Glossed over the idea of distances
and how they can be computed
and measured
Explored kmeans() as a way to
cluster data
Explored how to find the “correct”
number of clusters
Explored how distance
measurements and clustering
techniques can and will affect the
number of clusters

Next: LPAR Chapter 5, agglomerative clustering
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Files of interest

1 Annotated iris

histogram

2 Calculus derivation for

“normal” distribution

3 YouTube video deriving the
“normal” distribution:
https:

//www.youtube.com/

watch?v=ebewBjZmZTw

4 Cluster source code from

Chapter 4

5 Revised cluster code

6 Revised crime cluster

code

7 Life expectancy clusters

8 R library script file


rm(list=ls())

main <- function()
{
    data(iris)

    d <- iris$Sepal.Length ## look "blocky"
    d <- iris$Petal.Length ## definitely not "normal" distribution
    d <- iris$Petal.Width  ## definitely not "normal" distribution
    d <- iris$Sepal.Width  ## looks good
    
    myMean <- sprintf("%.2f", mean(d))
    mySd <- sprintf("%.2f", sd(d))
    a <- hist(d,
              xlab="Centimeters",
              main=bquote("Histogram of data ("*mu == .(myMean)*" "*sigma*" = "*.(mySd)*")")
              )

    myMean <- as.numeric(myMean)
    mySd <- as.numeric(mySd)
    
    myXs <- seq(min(d), max(d), length.out= 100)
    normal <- dnorm(x=myXs,
                    mean=myMean,
                    sd=mySd
                    )
    multiplier <- a$counts / a$density

    lines(myXs,
         normal * multiplier[1],
         col="blue",
         lwd = 2)

    sd_x <- seq(myMean - 3 * mySd, myMean + 3 * mySd, by = mySd)
    sd_y <- dnorm(x = sd_x, mean = myMean, sd = mySd) * multiplier[1]

    segments(x0 = sd_x, y0= 0, x1 = sd_x, y1 = sd_y, col = "firebrick4", lwd = 2)

    print("The program has ended.")
    
}

main()


"Chuck Cartledge"




The Normal Distribution:  A derivation from basic principles


Dan Teague
The North Carolina School of Science and Mathematics


Introduction


Students in elementary calculus, statistics, and finite mathematics classes often
learn about the normal curve and how to determine probabilities of events using a table for
the standard normal probability density function.  The calculus students can work directly


with the normal probability density function p x e
x


b g=
− −FHG IKJ1


2


1
2


2


σ π


µ
σ  and use numerical


integration techniques to compute probabilities without resorting to the tables.  In this
article, we will give a derivation of the normal probability density function suitable for
students in calculus.  The broad applicability of the normal distribution can be seen from
the very mild assumptions made in the derivation.


Basic Assumptions


Consider throwing a dart at the origin of the Cartesian plane.  You are aiming at
the origin, but random errors in your throw will produce varying results.  We assume that:


• the errors do not depend on the orientation of the coordinate system.
• errors in perpendicular directions are independent.  This means that being too high


doesn't alter the probability of being off to the right.
• large errors are less likely than small errors.


In Figure 1, below, we can argue that, according to these assumptions, your throw is more
likely to land in region A than either B or C, since region A is closer to the origin.
Similarly, region B is more likely that region C.   Further, you are more likely to land in
region F than either D or E, since F has the larger area and the distances from the origin
are approximately the same.


Figure 1







2


Determining the Shape of the Distribution


Consider the probability of the dart falling in the vertical strip from x to x x+ ∆ .
Let this probability be denoted p x x( )∆ .  Similarly, let the probability of the dart landing in
the horizontal strip from y to y y+ ∆ be p y y( )∆ . We are interested in the characteristics of
the function p.  From our assumptions, we know that function p is not constant.  In fact,
the function p is the normal probability density function.


Figure 2


From the independence assumption, the probability of falling in the shaded region
is p x x p y y( ) ( )∆ ∆⋅ .  Since we assumed that the orientation doesn't matter, that any region
r units from the origin with area ∆ ∆x y⋅  has the same probability, we can say that


p x x p y y g r x y( ) ( ) ( )∆ ∆ ∆ ∆⋅ = .
This means that


g r p x p y( ) ( ) ( )= .


Differentiating both sides of this equation with respect to θ , we have


0 = +p x
dp y


d
p y


dp x
d


( )
( )


( )
( )


θ θ
,


since g is independent of orientation, and therefore, θ .


Using x r= cos θb g and y r= sin θb g, we can rewrite the derivatives above as


0 = ′ + ′ −p x p y r p y p x r( ) ( ) cos ( ) ( ) sinθ θb gc h b gc h.
Rewriting again, we have 0 = ′ − ′p x p y x p y p x y( ) ( ) ( ) ( ) .  This differential equation can
be solved by separating variables,


′ = ′p x
x p x


p y
y p y


( )
( )


( )
( )


.
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This differential equation is true for any x and y, and x and y are independent. That can
only happen if  the ratio defined by the differential equation is a constant, that is, if


′ = ′ =p x
x p x


p y
y p y


C
( )
( )


( )
( )


.


Solving ′ =p x
x p x


C
( )
( )


, we find that ′ =p x
p x


Cx
( )
( )


 and ln ( )p x
Cx


cb g= +
2


2
 and finally,


p x Ae
C


x
( ) = 2


2


.


Since we assumed that large errors are less likely than small errors, we know that C must
be negative.  We can rewrite our probability function as


p x Ae
k


x
( ) =


−
2


2


,
with k positive.


This argument has given us the basic form of the normal distribution.  This is the


classic bell curve with maximum value at x = 0 and points of inflection at x
k


= ± 1
.  We


now need to determine the appropriate values of A and k.


Determining the Coefficient A


For p to be a probability distribution, the total area under the curve must be 1.  We
need to adjust A to insure that the area requirement is satisfied.  The integral to be
evaluated is


Ae dx
k x−


− ∞


∞z 2


2 .


If Ae dx
k x−


− ∞


∞z =
2


2 1, then e dx
A


k x−


− ∞


∞z =
2


2 1
.  Due to the symmetry of the function, this area


is


twice that of e dx
k x−∞z 2


2


0
, so 


e dx
A


k x−∞z =
2


2
0


1
2


.


Then,


 e dx e dy
A


k x k y−∞ −∞z zF
HG


I
KJ⋅
F
HG


I
KJ=


2 2


2


0


2


0
2


1
4


,







4


since x and y are just dummy variables.   Recall that x and y are also independent, so we
can rewrite this product as a double integral


e dy dx
A


k x y− +∞∞ zz =2


00
2


2 2 1
4


e j
.


(Rewriting the product of the two integrals as the double integral of the product of the
integrands is a step that needs more justification than we give here, although the result is
easily believed.  It is straightforward to show that


f x dx g y dy f x g y dy dx
M M MM


( ) ( ) ( ) ( )
0 0 00z z zzF


HG
I
KJ
F
HG


I
KJ=


for finite limits of integration, but the infinite limits create a significant challenge that will
not be taken up.)


The double integral can be evaluated using polar coordinates.


e dx dy e r dr d
k x y k r− +∞∞ −∞zz zz=2


00


2


00


22 2 2e j π


θ
/


.


To evaluate the polar form requires a u-substitution in an improper integral.  Performing
the integration with respect to r, we have


e r dr d
k


e du d
d
k k


k r u−∞ − ∞zz z z z= − L
NM


O
QP = =2


00


2


0


2


0 0


22 1
2


π π π


θ θ θ π/ / /


.


Now we know that 
1


4 22A k
= π


, and so A
k=


2π
.  The probability distribution is


p x
k


e
k x


( ) =
−


2
2


2


π
.


Determining the Value of k


A question often asked about probability distributions is "what are the mean and
variance of the distribution?"  Perhaps the value of k has something to do with the answer


to these questions.  The mean, µ , is defined to be the value of the integral x p x dx( )
− ∞


∞z .


The variance, σ2 , is the value of the integral x p x dx−
− ∞


∞z µb g2 ( ) .  Since the function


x p x( ) is an odd function, we know the mean is zero.  The value of the variance needs
further computation.
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To evaluate x p x dx2 2( )
− ∞


∞z = σ , we proceed as before, integrating on only the


positive x-axis and doubling the value.  Substituting what we know of p x( ), we have


2
2


2


0


2 2
2k


x e dx
k x


π
σ


∞ −z = .


The integral on the left is evaluated by parts with u x=  and dv xe
k x


=
−


2
2


 to generate the
expression


2
2 0


2


0


2
2


2 1k
M


k x
M k xx


k
e


k
e dx


π
lim


→ ∞


− −− +
L
N
MM


O
Q
PP


∞z .


Simplifying, we know that lim
M


k x
M


x
k


e
→ ∞


−− =2


0


2 0 and we know that 1 1 2
2


2
2


0k
e dx


k k


k x−
∞z = π


from our work before.  So 2
2


2


0


2
2


2
2


1 2
2


1k
x e dx


k
k k k


k x


π π
π∞ −z = ⋅ ⋅ =  so that k = 1


2σ
.


The Normal Probability Density Function


Now we have the normal probability distribution derived from our 3 basic
assumptions:


p x e
x


b g=
− FHG IKJ1


2


1
2


2


σ π
σ .


The general equation for the normal distribution with mean µ  and standard deviation σ  is
created by a simple horizontal shift of this basic distribution,


p x e
x


b g=
− −FHG IKJ1


2


1
2


2


σ π


µ
σ .
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                                        # Setting the centroids, from p. 66
set.random.clusters = function (numrows, k) {
    clusters = sample(1:k, numrows, replace=T)
}

compute.centroids = function (df, clusters) {
    means = tapply(df[,1], clusters, mean)
    for (i in 2:ncol(df)) {
        mean.case = tapply(df[,i], clusters, mean)
        means=rbind(means, mean.case)
    }
    centroids = data.frame(t(means))
    names(centroids) = names(df)
    centroids
} 

                                        # Computing distances to centroids, p. 67
euclid.sqrd = function (df, centroids) {
    distances = matrix(nrow=nrow(df), ncol=nrow(centroids))
    for (i in 1:nrow(df)) {
        for (j in 1:nrow(centroids)) {
            distances[i,j]  = sum((df[i,]-centroids[j,])^2)
        }
    }
    distances
}

assign= function (distances) {
    clusters=data.frame(cbind(c(apply(distances, 1, which.min))))
    if(nrow(unique(clusters))<ncol(distances)){  
                                        #precaution in case of empty cluster
        clusters=set.random.clusters(nrow(distances),ncol(distances))
    }
    clusters
} 
                                        # Tasks performed by the main function, from p. 68
kay.means = function (df, k) {
    clusters = set.random.clusters(nrow(df),k)
    ss.old = 1e100
    ss = 1e99
    while(ss!=ss.old) {
        
        centroids = compute.centroids(df, clusters)
        distances = euclid.sqrd(df, centroids)
        ss.old=ss
        ss = sum(distances)
        clusters = assign(distances)
    }
    names(clusters) = "Clusters"
    clusters
}
                                        # Internal validation, from p. 69
set.seed(1)
irisClust = cbind(iris, kay.means(iris[1:4], 3))
tableClust=table(unlist(irisClust[5]), unlist(irisClust[6]))
tableClust

print("The program has ended.")



rm(list=ls())

library(datasets)

                                        # Setting the centroids, from p. 66
set.random.clusters <- function (numrows, k) {
    clusters <- sample(1:k, numrows, replace=T)
}

compute.centroids <- function (df, clusters) {
    means <- tapply(df[,1], clusters, mean)
    for (i in 2:ncol(df)) {
        mean.case <- tapply(df[,i], clusters, mean)
        means<-rbind(means, mean.case)
    }
    centroids <- data.frame(t(means))
    names(centroids) <- names(df)
    centroids
} 

                                        # Computing distances to centroids, p. 67
euclid.sqrd <- function (df, centroids) {
    distances <- matrix(nrow=nrow(df), ncol=nrow(centroids))
    for (i in 1:nrow(df)) {
        for (j in 1:nrow(centroids)) {
            distances[i,j]  <- sum((df[i,]-centroids[j,])^2)
        }
    }
    distances
}

localAssign<- function (distances) {
    returnValue <- NULL
    clusters<-data.frame(cbind(c(apply(distances, 1, which.min))))
    
    if(nrow(unique(clusters))<ncol(distances)){  
                                        #precaution in case of empty cluster
        returnValue<-set.random.clusters(nrow(distances),ncol(distances))
    }
    else
    {
        returnValue <- clusters[,1]
    }
    as.vector(returnValue)
} 
                                        # Tasks performed by the main function, from p. 68
kay.means <- function (df, k) {
    clusters <- set.random.clusters(nrow(df),k)
    ss.old <- 1e100
    ss <- 1e99
    while(ss!=ss.old) {
        saveData(clusters, ss)
        centroids <- compute.centroids(df, clusters)
        distances <- euclid.sqrd(df, centroids)
        ss.old<-ss
        ss <- sum(distances)
        clusters <- localAssign(distances)
    }
    names(clusters) <- "Clusters"
    clusters
}

saveData <- function(clusterAssignments, ss)
{
    d <- get("dataCollection", envir = .GlobalEnv)
    d[[length(d) + 1]] <- list(dataCollection = clusterAssignments,
                               ss = ss)
    assign("dataCollection", d, envir = .GlobalEnv)
}

plotSavedData <- function()
{
    d <- get("dataCollection", envir = .GlobalEnv)
    xLimits <- c(1, length(d))
    yLimits <- c(1, length(d[[1]]$dataCollection))

    par(mar=c(5, 4, 4, 6) + 0.1)

    plot(0, type="n", xlim=xLimits, ylim=yLimits,
         xlab="Cluster assignment operation",
         ylab="Row from iris dataset")
    
    for (i in 1:yLimits[2])
    {
        for (j in 2:xLimits[2])
        {
            lines(c(j-1, j),
                  c(i, i),
                  col=d[[j - 1]]$dataCollection[i],
                  typ="b")
        }
    }

    par(new = TRUE)
    
    x <- xLimits[1]+2:xLimits[2]-1
    y <- c()
    for (i in x[1]:x[length(x)])
    {
        y <- c(y, d[[i]]$ss)
    }
    plot(x,y, axes=FALSE,
         typ="b",
         xlab="", ylab="",
         lwd=3,
         xlim=xLimits, ylim=range(y))
    axis(side=4, at = pretty(range(y)))
    mtext("ss", side=4, line=2)    
}
    
main <- function()
{
                                        # Internal validation, from p. 69
    assign("dataCollection", list(), envir = .GlobalEnv)
    set.seed(1)
    k <- 3
    irisClust <- cbind(iris, kay.means(iris[1:4], k))
    tableClust<-table(unlist(irisClust[5]), unlist(irisClust[6]))
    print(tableClust)
    plotSavedData()
    print("The program has ended.")
}

main()



rm(list=ls())

library(cluster.datasets)

source("library.R")

initData <- function()
{
    ## Understanding the data, from p. 71
    data(all.us.city.crime.1970)
    returnValue = all.us.city.crime.1970
}


main <- function()
{
    verbose <- TRUE
    crime <- initData()
    dumpObject(ncol(crime), verbose=verbose)
    dumpObject(names(crime), verbose=verbose)
    dumpObject(summary(crime), verbose=verbose)

    plot(crime[5:10])
    dumpObject(round(cor(crime[5:10]),3), verbose=verbose)


    ## From p. 72
    crime.scale = data.frame(scale(crime[5:10]))
    set.seed(234)
    kLimit <- 5

    data <- list()
    oldPar <- par()
    par(ask=TRUE)
    v=rep(0,kLimit)

    for (k in 1:kLimit)
    {
        data[[k]] <- kmeans(crime.scale, k, nstart = 25)
        plot(crime[5:10],col=as.factor(data[[k]]$cluster), main = sprintf("%.0f-cluster solution", k))

        v[k] <- (data[[k]]$betweenss/data[[k]]$totss) - sum(v)
    }

    plot(v, xlab = "Number of clusters ", 
         ylab = "Ratio difference",
         typ="b")

    par(oldPar)
    print("The program has ended.")
}

main()



rm(list=ls())

library(NbClust)
library(cluster.datasets)

initData <- function()
{
    data(life.expectancy.1971)
    returnValue <- life.expectancy.1971[-c(23, 24, 27),]
    returnValue$f50 <- unlist(lapply(returnValue$f50, as.numeric))

    returnValue = cbind(returnValue, returnValue$m0/returnValue$f0, returnValue$m25/returnValue$f25, returnValue$m50/returnValue$f50, returnValue$m75/returnValue$f75)

    returnValue = as.matrix(data.frame( scale(returnValue[-(c(1,2))]) ))
    
    returnValue
}


main <- function()
{
    data <- initData()

    for (dist in c("euclidean", "maximum", "manhattan",  "minkowski")) #"canberra", "binary", 
    {
        for (meth in c("kmeans", "average")) #"ward.D", "ward.D2", "single", "complete", "mcquitty", "median", , "centroid"
        {
            b <- NbClust(data, method = meth, distance = dist)
            print(sprintf("distance = %s, method = %s, best clusters = %.0f",
                          dist, meth, max(b$Best.partition)))
        }
    }
    print("The program has ended.")
}

main()



.ls.objects <- function (pos = 1, pattern, order.by,
                         decreasing=FALSE, head=FALSE, n=5) {
    ## https://stackoverflow.com/questions/1358003/tricks-to-manage-the-available-memory-in-an-r-session
    napply <- function(names, fn) sapply(names, function(x)
        fn(get(x, pos = pos)))
    names <- ls(pos = pos, pattern = pattern)
    obj.class <- napply(names, function(x) as.character(class(x))[1])
    obj.mode <- napply(names, mode)
    obj.type <- ifelse(is.na(obj.class), obj.mode, obj.class)
    obj.size <- napply(names, object.size)
    obj.dim <- t(napply(names, function(x)
        as.numeric(dim(x))[1:2]))
    vec <- is.na(obj.dim)[, 1] & (obj.type != "function")
    obj.dim[vec, 1] <- napply(names, length)[vec]
    out <- data.frame(obj.type, obj.size, obj.dim)
    names(out) <- c("Type", "Size", "Rows", "Columns")
    if (!missing(order.by))
        out <- out[order(out[[order.by]], decreasing=decreasing), ]
    if (head)
        out <- head(out, n)
    out
}
                                        # shorthand
lsos <- function(..., n=10) {
    .ls.objects(..., order.by="Size", decreasing=TRUE, head=TRUE, n=n)
}

dumpObject <- function(object, comment=" ", verbose=TRUE)
{
    if(verbose == TRUE)
    {
        print(sprintf("%s  -- Dumping the object: %s (of type: %s, class: %s)",
                      comment,
                      deparse(substitute(object)),
                      typeof(object),
                      class(object)
                      )
              )

        print(object)
    }
}

normalizeText <- function(corpus, stopWords=stopwords("english"))
{
    corpus <- tm_map(corpus, content_transformer(tolower))
    corpus <- tm_map(corpus, removePunctuation)
    corpus <- tm_map(corpus, content_transformer(removeNumbers))
    corpus <- tm_map(corpus, removeWords, stopWords)
    corpus <- tm_map(corpus, stripWhitespace)
    corpus <- tm_map(corpus, stemDocument)
    corpus
}

getCorpus <- function(sourceId=1, useSaved=TRUE, saveFile=NULL)
{
    corpus <- NULL
    switch(as.character(sourceId),
           "1"={
               getNew <- TRUE
               if(useSaved == TRUE)
               {
                   if (file.exists(saveFile) == TRUE)
                   {
                       getNew <- FALSE
                       load(saveFile)
                   }
               }
               if(getNew == TRUE)
               {
                   oldWd <- getwd()
                   tempDir <- tempdir()
                   ## tempFile <- sprintf("%s/reviews.tar.gz", tempDir)
                   tempFile <- file.path(tempDir, "reviews.tar.gz")
                   URL <- "http://www.cs.cornell.edu/people/pabo/movie-review-data/review_polarity.tar.gz"
                   download.file(URL,destfile = tempFile)
                   setwd(tempDir)

                   if (substring(tempFile, 2, 2) == ":")
                   {
                       print(sprintf("Stripping Windows device info from: %s ", tempFile))
                       tempFile <- substring(tempFile, 3)
                   }

                   print(sprintf("Getting ready to untar %s", tempFile))
                   
                   untar(tempFile)

                   temp <- "txt_sentoken"

                   if (file.exists(temp) == FALSE)
                   {
                       dir.create(temp)
                   }

                   setwd(temp)

                   SourcePos <- DirSource(file.path(".", "pos"), pattern="cv")
                   SourceNeg <- DirSource(file.path(".", "neg"), pattern="cv")
                   pos <- Corpus(SourcePos)
                   neg <- Corpus(SourceNeg)
                   dumpObject(pos, comment="Positive reviews")
                   dumpObject(neg, comment="Negative reviews")

                   corpus <- c(pos, neg)
                   setwd(oldWd)

                   if (is.null(saveFile) == FALSE)
                   {
                       save(corpus, file=saveFile)
                   }
               }
           },
           "2" = {
               getNew <- TRUE
               if(useSaved == TRUE)
               {
                   if (file.exists(saveFile) == TRUE)
                   {
                       getNew <- FALSE
                       load(saveFile)
                   }
               }
               if(getNew == TRUE)
               {
                   fileName <- "../Data/TextMiningO.pdf"
                   corpus <- Corpus(URISource(fileName),
                                    readerControl = list(reader=readPDF))

                   if (is.null(saveFile) == FALSE)
                   {
                       save(corpus, file=saveFile)
                   }
               }
           },
           "3" = {
               getNew <- TRUE
               if(useSaved == TRUE)
               {
                   if (file.exists(saveFile) == TRUE)
                   {
                       getNew <- FALSE
                       load(saveFile)
                   }
               }
               if(getNew == TRUE)
               {
                   fileName <- file.path("..", "Data", "romeoAndJuliet.base64")
                   tempFile <- saveFile
                   if (is.null(tempFile) == TRUE)
                   {
                       tempFile <- tempfile()
                   }
                   write(base64(
                       paste(
                           readLines(fileName),
                           collapse=""),
                       encode=FALSE),
                       file=tempFile)

                   print(tempFile)
                   corpus <- Corpus(DirSource(dirname(tempFile)))

                   unlink(tempFile)
                   
                   if (is.null(saveFile) == FALSE)
                   {
                       save(corpus, file=saveFile)
                   }
               }
           },
           "4"={
               file <- file.path("..", "Data", "corpus.dat" )
               load(file)
           },
           "5"={
               getNew <- TRUE
               if(useSaved == TRUE)
               {
                   if (file.exists(saveFile) == TRUE)
                   {
                       getNew <- FALSE
                       load(saveFile)
                   }
               }
               if(getNew == TRUE)
               {
                   file <- file.path("..", "Data", "TextMiningO.pdf" )
                   Rpdf <- readPDF(control = list(text = "-layout"))
                   corpus <- VCorpus(URISource(file), 
                                     readerControl = list(reader = Rpdf))    
                   if (is.null(saveFile) == FALSE)
                   {
                       save(corpus, file=saveFile)
                   }
               }
           }
           )
    corpus
}

loadFFdata <- function(dataID, useSaved=TRUE, saveDir=NULL, ...)
{
    loaderFunc <- function(localSaveDir, func, localUseSaved, localHeaderFile, localOptionals)
    {
        getNew <- TRUE
        if(localUseSaved == TRUE)
        {
            if (file.exists(localHeaderFile) == TRUE)
            {
                getNew <- FALSE
                load.ffdf(localHeaderFile)
            }
        }
        if(getNew == TRUE)
        {

            ## command <- sprintf("mkdir -p %s", saveDir)
            if (file.exists(localHeaderFile) == FALSE)
            {
                ## command <- sprintf("mkdir -p %s", localHeaderFile)
                ## system(command)
                dir.create(localHeaderFile, showWarnings = TRUE, recursive = TRUE, mode = "0777")
            }

            options(fftempdir = saveDir)

            unzip(zipfile=localOptionals$zipFile, files=localOptionals$dataFile, exdir=saveDir)
            ## ffdfSourceFile <- sprintf("%s/%s", saveDir, localOptionals$dataFile)
            ffdfSourceFile <- file.path(saveDir, localOptionals$dataFile)

            print(sprintf("Saving data to %s",ffdfSourceFile ))

            if (is.null(localOptionals$FUN) == TRUE)
            {
                data.ff <- func(file=ffdfSourceFile,
                                sep=localOptionals$sep,
                                VERBOSE=FALSE,
                                header=TRUE,
                                next.rows=100000,
                                colClasses=NA)
            }
            else
            {
                data.ff <- func(file=ffdfSourceFile,
                                ## sep=localOptionals$sep,
                                ## VERBOSE=FALSE,
                                ## header=TRUE,
                                ## next.rows=100000,
                                ## colClasses=NA,
                                FUN=localOptionals$FUNCName)
                }
            save.ffdf(data.ff, dir=localHeaderFile)
            print("Finished saving data.")
        }
        data.ff
    }

    data.ff <- NULL
    optionals <- list(...)
    optionals$sep <- ','
    ## headerFile <- sprintf("%s/my-header-file-id=%04.0f", saveDir, dataID)
    dumpObject(saveDir)
    headerFile <- file.path(saveDir, sprintf("my-header-file-id=%04.0f", dataID))
    ## headerFile <- file.path(saveDir, "my-header-file-id")
    switch(as.character(dataID),
           "1"={
               data.ff <- loaderFunc(saveDir, read.table.ffdf, useSaved, headerFile, optionals)
           },
           "2"={
               data.ff <- loaderFunc(saveDir, read.csv.ffdf, useSaved, headerFile, optionals)
           },
           "3"={
               tempDir <- tempdir()

               ## optionals$zipFile <- sprintf("%s/%s", tempDir, optionals$zipFile)
               optionals$zipFile <- file.path(tempDir, optionals$zipFile)

               dumpObject(headerFile)

               if (file.exists(headerFile) == FALSE)
               {
                   print(sprintf("Downloading: %s to %s", optionals$downloadURL, optionals$zipFile))
                   download.file(optionals$downloadURL, optionals$zipFile)
               }

               optionals$FUNCName <- "read.delim"
               data.ff <- loaderFunc(localSaveDir=saveDir, func=read.table.ffdf, localUseSaved=useSaved, localHeaderFile=headerFile, localOptionals=optionals)

               if (file.exists(optionals$zipFile) == TRUE)
               {
                   unlink(optionals$zipFile)
               }
           }
           )

    data.ff
}

createTextFile <- function(fileName,
                           url="https://www.gutenberg.org/files/76/76-0.txt",
                           overwrite=FALSE)
{
    doWork <- FALSE
    if (file.exists(fileName) == FALSE)
    {
        doWork <- TRUE
    }
    else
    {
        if ((file.exists(fileName) == TRUE) && {overwrite == TRUE})
        {
            doWork <- TRUE
        }
    }

    if (doWork == TRUE)
    {
        download.file(url, destfile=fileName, method=getDownloadMethod(), quiet=TRUE)
    }
}

setHadoopVariables <- function()
{
    hadoopBinary <- Sys.getenv("HADOOP_CMD")
    stream <- Sys.getenv("HADOOP_STREAMING")
    hadoopPrefix <- Sys.getenv("HADOOP_PREFIX")
    hadoopConfDir <- Sys.getenv("HADOOP_CONF_DIR")
    hadoopHome <- Sys.getenv("HADOOP_HOME")
    yarnConfDir <- Sys.getenv("YARN_CONF_DIR")

    if(.Platform$OS.type == "unix")
    {
        hadoopBinary <- "/usr/local/hadoop/bin/hadoop"
        ## stream <- "/usr/local/hadoop/share/hadoop/tools/lib/hadoop-streaming-2.8.0.jar"
        stream <- system("ls /usr/local/hadoop/share/hadoop/tools/lib/hadoop-streaming-*.jar", intern=TRUE)
    }
    else
    {
        hadoopPrefix <- file.path("c:", "hadoop")
        hadoopBinary <- file.path(hadoopPrefix, "bin", "hadoop")
        hadoopHome <- hadoopPrefix
        hadoopConfDir <- file.path(hadoopPrefix, "etc", "hadoop")
        yarnConfDir <- hadoopConfDir

        stream <- file.path("c:", "hdc", "hadoop-dist", "target", "hadoop-2.8.1", "share", "hadoop", "tools", "lib", "hadoop-streaming-2.8.1.jar")
    }

    Sys.setenv(HADOOP_HOME=hadoopHome)

    Sys.setenv(HADOOP_CMD=hadoopBinary)
    Sys.setenv(HADOOP_CONF_DIR=hadoopConfDir)
    Sys.setenv(HADOOP_PREFIX=hadoopPrefix)
    Sys.setenv(HADOOP_STREAMING=stream)
    Sys.setenv(YARN_CONF_DIR=yarnConfDir)
}

setHadoopVariablesOld <- function()
{

    hadoopBinary <- "/usr/local/hadoop/bin/hadoop"
    Sys.setenv(HADOOP_CMD=hadoopBinary)

    stream <- "/usr/local/hadoop/share/hadoop/tools/lib/hadoop-streaming-2.8.0.jar"
    Sys.setenv(HADOOP_STREAMING=stream)
}

airportLocations <- function(locationFile, airports)
{
    airportLocations <- read.csv(locationFile, header=FALSE)
    colnames(airportLocations) <- c("Row", "Name", "City", "Country", "ID3", "ID4",
                                    "Latitude", "Longitude", "Elevation", "Unknown1",
                                    "Unknown2", "Unknown3", "Unknown4", "Unknown5")

    dumpObject(head(airportLocations))

    dumpObject(head(airports))

    returnValue <- list()

    noLocationCounter <- 0

    for(airport in airports)
    {
        temp <- airportLocations[which(airportLocations$ID3 == airport),]
        if(nrow(temp) > 0)
        {
            returnValue[[airport]] <- c(temp$Latitude, temp$Longitude)
        }
        else
        {
            print(sprintf("No location data for airport ID %s", airport))
            noLocationCounter <- noLocationCounter + 1
        }
    }

    returnValue[["AirportCount"]] <- length(airports)
    returnValue[["NoLocations"]] <-  noLocationCounter

    returnValue
}

setAirportValues <- function()
{
        ## https://www.rita.dot.gov/bts/sites/rita.dot.gov.bts/files/subject_areas/airline_information/index.html
    ## https://www.transtats.bts.gov/DL_SelectFields.asp?Table_ID=258&DB_Short_Name=Air%20Carriers

    tempDirectory <- tempdir()

##    flightDataZipFileName <- "../Data/347085990_T_T100D_MARKET_US_CARRIER_ONLY.zip"
    flightDataZipFileName <- file.path("..", "Data", "347085990_T_T100D_MARKET_US_CARRIER_ONLY.zip")
    flightDataFileName <- "347085990_T_T100D_MARKET_US_CARRIER_ONLY.csv"

    ## outputDirectory <- sprintf("%s/output", tempDirectory)
    outputDirectory <- file.path(tempDirectory, "output" )

##    airportLocationFile <- sprintf("%s/airportLocations.txt", tempDirectory)
    airportLocationFile <- file.path(tempDirectory, "airportLocations.txt")
    airportLocationURL <- "https://raw.githubusercontent.com/jpatokal/openflights/master/data/airports.dat"

    returnValue <- list("flightZipFile" = flightDataZipFileName,
                        "flightDataFile" = flightDataFileName,
                        "outputDir" = outputDirectory,
                        "airportFile" = airportLocationFile,
                        "airportURL" = airportLocationURL,
                        "tempDirectory" = tempDirectory
    )

    returnValue
}

getDownloadMethod <- function()
{
    downloadMethod <- ifelse(.Platform$OS.type == "unix", "libcurl", "auto")

    downloadMethod
}


''Chuck Cartledge''

https://www.youtube.com/watch?v=ebewBjZmZTw
https://www.youtube.com/watch?v=ebewBjZmZTw
https://www.youtube.com/watch?v=ebewBjZmZTw
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