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Case Study: Grain size in two phase steel
Welcome to dealing with materials data, we are looking at the collection analysis and interpretation
of data from the material science and engineering and we have done two modules, we have done
an introduction to R module and this module is meant for doing descriptive data analysis using R
and we have already done analysis on two sets of data, one is on the conductivity of
electromagnetic, tough pitch copper and we also did an analysis on grain size and we found that

the conductivity measurements and the grain size data are of two different types.

The case of conductivity measurement, the repeated measurements just gave errors about some
mean value, because those are measurement errors or random errors or uncertainties associated
with the experiment. But, on the other hand, when we measured something like a grain size, it has
naturally a distribution. Not all grains are of the same size, they follow a distribution and the
distribution is not normal or Gaussian or anything like that it is slightly more complicated.

So, it makes sense to represent the data in this case, not just with the mean and standard deviation,
like we did in the case of conductivity, but also by plotting something like a histogram plot to

indicate how the data looks like.
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Data as distribution: case study 2

o GrainSizeDataSet2.csv
o Contains grain sizes of two phases
o We carry out all the rank-based and property based analysis for both these phases
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So let us now continue with the second data set. It is also data set which deals with distributions
and this is the grain size data set to dot CSV and this is slightly complicated data set because it
contains grain size of two phases and we are going to carry out all the rank based and property

based analysis for both these phases and in all the cases we are going to do it, one next to the other.

So, we can have information about grain sizes of these two phases. But, we will also have a
comparison between the grain sizes of phase one and phase two in terms of their rank based and

property based summaries. So, that is what we are going to do.
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Just numbers are not sufficient

o Grain size of grains of Phase 1: 24.1 + 0.4
o Grain size of grains of Phase 2: 23.4 + 2.0
o Just looking at the grain sizes: identical within error bars!

o Important to give histogram / box-plot / quantile information along with summary
measures (such as mean and standard deviation)
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One of the things that you have to carry from this session is that if you just looked at the grain size,
likely reported conductivity just by reporting the mean and standard deviation. You will see that
the grain size of grains are phase one is 24.1, plus or minus point 4 and grain size of grains of
phase 2 is 23.4, plus or minus 2.

Sometimes students make a mistake of thinking that these two grain sizes are different and grain
size of grains of phase two is smaller than one that is not true. Because you also have to take into
account the fact that there is an uncertainty, when we say 23.4 plus or minus 2, it means that the
number could be anywhere between 21.4 to 25.4 and so the 21.4 to 25.4 actually covers 24 also,
when we say 24.1 plus or minus point 4 that means, it is 23.7 to 24.5.

So, within the error bars, all that you can say is that these two phases have the same grain size.
However, if you look at the histogram as we will do or look at the quantile information, you will
see that the mean and standard deviation are not the complete picture. These two grain size
distributions are very different even though they might end up giving you more or less the same
grain size and that is the part that has to come through the session. So, that is what we are going to

see and we are going to understand.
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Type 'q()' to quit R.

> getwd() X 3664 obs. of 6 variables
[1] "/hone/quru/Desktop/DealingiithHaterialsData”
> X < read.csv("Data/GrainSizeDataSet2.csv")
> str(X)
'data.frame': 3664 obs. of 6 variables
$ Phase.Identity PANE 111100 e e e s
1111.., 9.4
$ Integer.identifying.grain pint 978 117 11
8 131 149 154 181 184 234 .,

$ Nunber .of .neasurenent.points.in,the.grain: tnt 2222213 P - :
1422 ‘. | 'k MB ‘ﬂ

$ Area.of .grain.in.square.microns : Factor w/ 224 le

vels "0,00624","0.00935",,.: 1111122311 ... L _—z/ L
$ Diameter.of .grain. in.nicrons S nun 0,09 6.09 ‘ Im( f' \\
0.69 0.69 0.69 0.11 0,11 013 0.9 0,09 .., . - .

§ ASTH.gratn, size thum 4324320 | I“'./ [ N
43203 24.3 3.7 23.7 233 4.3 4.3 .. '

e NN
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So, let us do as usual we want to open R and so we have to check the version, we have to make
sure that we are in the right directory and so we are all set to now start importing the data and in

this case, the data is in CSV format. So, read dot CSV and it is from data directory and grain size



two is the data set two. As you can see, there are 3664 observations and there are 6 variables 6
variables because in addition to the 5 variables that you saw in the other case, here the grain at the

phase identity is also included before grain identity.

Of course, you can get more information by looking at the structure of this object x. It is a data
frame, there are 300 and, 3,664 observations, there are 6 variables, the variables are phase identity,
integer, identifying grade number of measurement points, the area of grain diameter of grain and
ASTM grain size, like we did earlier, we are going to be worried only about integers identifying
the grain and ASTM grain size. Of course, for the two phases, phase identity is the, is this is a 2
phase microstructure. So, there are 2 phase identities 1 and 2 and we are going to be working with
these two.

First thing of course is to plot we can always try plot x so it is a 6 by 6. So, you should have 36
boxes 3, 4, 5, 6 and 3, 6. So 36 boxes are there and so against phase identity against integer
identifying grain etc, all the parameters are plotted and so you can see how the data looks. So, this

is the first step and this does not distinguish between the grain identities.
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> getwd() Data
[1] "/hone/quru/Desktop/DealinghithHatertalsData" X 3664 obs. of 6 variables
> X <+ read.csv("Data/CrainSizeDataSet2.csv")
> str(X)
'data.frame': 3664 obs. of 6 variables
$ Phase.Identity tint 111111
D o
$ Integer.identifying.grain it 978117 11 o
8 131 149 154 181 184 234 ...
$ Nunber.of .measurement.points.in.the.grain: int 222223

3422... | TR R
$ Area.of .grain.in.square.microns : Factor w/ 224 le | & . 1 X
vels "0.00624","0.00935",..: 1111122311 ..,
$ Diameter.of.grain.{n.nicrons toum 0.090.09 | .l !
0.09 0,09 0,09 6.11 6,11 0,13 6.09 06.09 ...
$ ASTM.grain.size snum 24,3 24,32
4,3 24,3 24,3 23,7 23,7 23.3 24,3 24.3 ..
> plot(X)

> plot(X[,2],X[,6],col=factor(X(,1]))
> plot(X[,61,X oluf X
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Let us now plot the data: with two different colours for data from two different phase identities

[plot(X(,6],X[,2] colvtactar(X(,1)))
1
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> getwd() o § mesmamines
[1] "/home/quru/Oesktop/DealinghithMaterialsData” Data

> X < read.csv("Data/GratnSizeDataSet2.csv") X 3664 obs. of 6 variables
> str(X)

'data.frame': 3664 obs, of 6 variables:

$ Phase.Identity tint 111111

1111...

$ Integer.identifying.grain ANt 978 117 11 e e e e o
8 131 149 154 181 184 234 ... sy

$ Nunber.of .measurement.points.in.the.grain: int 222223

34220

$ Area.of .gratn.in.square.nicrons : Factor w/ 224 e ! v od ‘-iiill
vels "0.00624","0.00935",..: 1111122311 ... 8 .

$ Diameter.of .grain.in.microns tnum 0,69 6.09 : Vi i
0.09 0,09 0,09 6.11 0.11 0.13 6.09 0.09 ... 2 v e

$ ASTH.grain.size tnum 24.3 2432 RN L "QI.‘
4.3 24,3 24,3 23,7 23,7 23.3 4.3 24,3 ... gl ' W :
> plot(X) : | Lo '=|
> plot(X[,2],X[ 6], col=factor(X[,1])) o : Ba Cams ne d) AWV

> plot(X[,6],X[,2],col=factor(X[,1]))

CRobhRRPO~R

So, let us do the plotting of, what is this command? So, we want to plot the grain identity versus
grain size and we want to color them according to the phase identity. So, phase identity, one should
get one color and phase identity two should get another color.

So, this is how the plot looks. So, these are the sizes and these are the grain identities, you can also
switch them, which is how it was the original one and you will get this I am showing this plot
because this is closer to what you would see in the case of a dot chart.

But it is very difficult here we know to distinguish between these black points and red points.
However, in dot chart, they will be separated. So, dot chart is always a nice way of visualizing the

data instead of plain scatterplot that you can make. Of course, you can also play with the plain



scatterplot yourself and come up with commands which will separate these data. But there is an

easier way by using the existing libraries.
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So, that is what and here it is much clearer. So, there are lots of red points and fewer black points

and the black points are all clustered here and the red points are spread all over. So, black points
are between 20 and 24. Whereas red points are between 12 and 24 and odd. So, this is an important

point. So, we will come back to it.

(Refer Slide Time: 08:38)
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From this plot, it is clear that most of the data is in colour red (that is, corresponding to one of the phases);
the red data also has a wider distribution. On the right bottom, one can see the grain sizes of the other
phase (plotted in black colour); this data has a much narrower distribution.

Let us visualize the data better by plotting two separate plots:

plot(X{11,6] X[41,2) ,maine"Phase 1* xlabe*ASTN grain wize®,ylabs*Grain IDY)
plot(X[42.67,X(12,2) ,main+"Phase 2*,x1abe"ASTH grain size®,ylabs*Grain 10*)

REobBRNOeE
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$ Integer.identifying.grain sint 978 117 11 Data
8 131 149 154 181 184 234 ... X 3664 obs. of 6 variables

$ Nunber.of .measurement.points.in.the.grain: int 222223
3422,

$ Area.of .gratn.in.square.ntcrons : Factor w/ 224 e
vels "0.00624","0.00935",..: 1111122311 .,
$ Diameter.of .grain.in.microns :num 0,69 6.69 . Yo
0.09 0,09 6,09 6.11 6,11 6,13 0,09 6.09 ... sl
$ ASTM.grain.size pnum 243 24.3 2
4,3 24,3 24.3 23,7 23,7 23.3 4,3 24.3 ...
> plot(X) ‘ 4"'isi“
> plot(X[,2],X[,6]),col=factor(X[,1])) : i
> plot(X[,6],X[,2],col=Factor(X[,1])) . Ve II
il
aeg ! 1
() !
At il

So, let us do the other thing. Let us separate out the data. So, this tells R that we are going to make
two plots, and one on top of another and those two plots we are going to plot by using phase one
phase two. So, the grep command, so is going to get all the line numbers or rows, which have data
of phase one and this grep command is going to get the row numbers of all the data points which

has data for phase two, that is what 11 and 12 do. So, if | plot x 116 versus x112.

So, this will be only data that is corresponding to phase one, because we have separated that those
line numbers and 12 is for those data rows which have data about phase 2. So, that is what this is
and of course we are going to label them as phase 1 and phase 2 and x label is ASTM grain size y
label is grain ID.
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$ Integer.identifying.grain int 978 117 11 © Awe
8 131 149 154 181 184 234 ... Data
$ Nunber .of ,measurenent ,points.in.the.grain: tnt 222223 X 3664 obs. of 6 variables
3422 Values
$ Area.of .qrain.in.square.microns : Factor w/ 224 le {1 int [1:457) 12345678916 ,.
vels "0,00624","0.60935",..: 1111122311 ,., 2 nt [1:3207] 458 459 460 461 462 463
$ Diameter.of .grain.in.microns :num 0.09 6.69
6.69 0.09 6,09 6,11 6,11 6,13 6.09 6,09 ... - -
$ ASTH.grain.size Dhum 24,3 24,32 TR
4.3 24,3 24.3 23.7 23.7 23.3 4.3 24.3 ... Phase)
» plot(X) o
> plot(X[,2] ,X[,6],col=factor(X[,1])) i | 1 ’ | I

> plot(X([,6),X[,2),col=factor(X[,1]))
> par(nfrowsc(2,1))

> 11 < grep(1,X[,1])

> 12 < grep(2,X(,1]) i

> plot(X[11,6],X[11,2],main="Phase 1" ,xlab="ASTM grain size",y

labs"Gratn 10") j 8 Siha A . “" * lhl“ "I |
> plot(X[12,6],X[12,2] ,main="Phase 2" xlab="ASTM grain size",y | ® . '-‘ L AR A

lab="Grain 10")

STV e
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So, let us do this plot and you can see that phase 1 has grain sizes, ranging somewhere between 20
and 24 and odd and phase 2 has between 12 and 24. So, this is about to 3, this is about 12 the
spread is 4 times as much, like I said we later we are going to see that both of them are willing to
give you a grain size which were somewhere which is somewhere about 24 both are going to show
you the same grain size and of course, this is going to show more of spread it will show a spread

of two, as compared to spread of 0.4 here.

So, 5 times however, looking at this data now, it is very clear that the phase one and phase two
grain sizes are completely different in terms of their distribution, even though the overall grace

properties like me might be the same.

So, that is the point behind making this broad. Like I said the, you do not have to make all this two
plot separate, dot chart will do it automatically for us. So we are going to look at that. But before

we do the dot chart.
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labs Cratf\ 10%) Data
> sten(k{11,61) X 3664 obs. of 6 variables
Values
The decimal dn( is 1 digit(s) to the left of th
o oi5(s):to A u it [1:457) 12345678910 ..,
208 | 0 {2 int [1:3207] 458 459 460 461 462 463..
210 |
m | A e 10
24 | Phase )
26 | 6
218 | i Bl ‘ . i
220 | 60 LE Rl A '_ -
222 | 00 e Wy my ms me By M0
24 | 0 ANTV g e
226 | 0600
228 | Phase 2
230 | 060060 o b RPN TP o8
232 | 006900000000009000 |, NG ailn ?;(h%’?ﬂ]”'
35 : o1 LOAIRE ‘41'1:_.‘:.
oy WM W M ® m w
pre—

214 | X 3664 obs. of 6 variables

26 | 6 Values

218 | i int [1:457] 12345678910 ...
220 | 00 {2 int [1:3207] 458 459 460 461 462 463..

Phase 1
m TIT) ns w0
ANV g sow
Phase 2
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Js.‘:lsﬂg_f}“
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12 | 016 Data
13 | 0011223466899 X 3664 obs. of 6 variables
14 | 01223355555666678888999 Values
15 | 00002222444555566788999 i int [1:457)12345678910,..
16 | 00012222223334444444555666666777777888899 12 int [1:3207] 458 459 460 461 462 463
17 | 00001111111233333344444455556777899999
18 | 0011111222233333344445555555666666677777777788888889999 e mev msses m -
99 TR
19 | 000000000111222233344444444555555566666667688688868899999 Prase)
20 | 00601111111222233333333334444444555556677777778888899 o 7
21 | 0011111111111111111122222222223333333445555555566666677 | E § ! I I

7777777888688

22 | 0000000011111111111133333333333333333333333333333333355
5555555555555452

3|
0900600006000+616

24 | 3333333333333333333333333333333333333333333333333033333 | § |
333333333333341921 8 o1 20 agh

il

AEoRRRN@eR

Let us do the stem plots and again, we are going to do two stem plots. First stem plot is for identity
one, you can see. So, the decimal point is one digit to the left of the pipe symbol. So, it is 20.8 and
21.0, 21.2, etc, 21.6, and 22.0, 22.0, 22.0. So, these are the data points and you can see that it has
a tail and then it slowly peaks and the peak is here. There are 275 data with this 24.2 number and
that is why the average falls somewhere about 24.2 because the rest of the numbers are small

compared to this value and the data goes like this and then it just speaks right.

So, it has a long tail on one side, but there is nothing on this side there is no tail at all I mean this
is a peak and from the peak on 1 side, you see that the data has a tail. So we can now do this for 2
stem plot because it is much more skewed. So, you see these data points 11, 12, 13, etc and then
you see that there are 52 more data points 616 more data points, thousand 924 more data points.

So, this is also the peak and from there, it just goes this way. So stem and leaf plots are nice to
know about the structure of the data how it looks like, which will become apparent when we do

the histogram plot, which we are going to do.
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15 | 00062222444555566788999 | St
16 | 00012222223334444444555666666777777888899 Data
17 | 00001111111233333344444455556777899999 X 3664 obs. of 6 variables
18 | 0011111222233333344445555555666666677777777788888889999  Values
99 i1 int [1:457) 12345678910 .,
19 | 0060000001112222333444444445555555666666678888888899999 {2 int [1:3207) 458 459 460 461 462 463,

20 | 66001111111222233333333334444444555556677777778888899

21 | 001111111111 111111112222222222333333 344555 5555566666677 e mm mwn m e
7777777888888 i

22 | 6660660011111111111133333333333333333333333333333333355
5555555555555+52 : "

23| ? i ! ] l
6006006000000+616

24 | 3333333333333333333333333333333333333333333333333333333
3333333333333+1921

> dotchat(X[11,6])
Error {n dotchat(X[11, 6]) : could not find function “dotcha
> dotchart(X[11,6])

> dotchart(X[12,6]) { ) " ' ' » u s

$ Integer, identifylng.gratn tint 97811711 n‘;.
8 131 149 154 181 184 234 ... A

$ Nunber.of .measurenent.points.in.the.grain: int 222223 A 3664 obs. of 6 variables
31422... Values

$ Area.of .grain.in.square.nicrons : Factor w/ 224 le i int [1:457] 12345678910 ..
vels "0.00624","0.00935",..: 1111122311 .., 2 int [1:3207) 458 459 460 461 462 463..
$ Diameter.of .grain.in.microns :num 0.69 0.09

0.09 0.69 0.09 6.11 0.11 0.13 6.09 0.09 ... » """'"'"0'—

$ ASTM.grain,size num 24.3 24,32
4,3 24,3243 23.7 23,723,343 4.3 ..,

> plot(X) . RN ¥

> plot(X[,2],X(,61,col=factor(X(,1])) : s f 4 l |

» plot(X[,6],X[,2],col=factor(X[,1]))

> par(nfrow=c(2,1))

> 11 <- grep(1,X[,1])

> 12 < grep(2,X[,1])

> plot(X(i1,6],X(11,2],main="Phase 1" ,xlab="ASTM grain size",y
lab="Grain 10")

> plot(X[12,6],X[12,2] ,matn="Phase 2" ,xlab="ASTN grain stze®,y
lab="Grain ID")

3.sten(X[11,6])

BEORBRCB®E

So, before that we are going to do the dot chart. Let us do the dot chart. So, we had x. Notice that.
So, let us do the dot chart, notice that because we previously said that you have to do these two

plots, two rows of plots, it continues.

If you want to change it, you have to give again, give the command to make sure that it starts
plotting single, but in this case, we want to see the two plots for phase 1 and phase two. So let us
continue. So, this is the second chart, so you can see that this is the same as the two plots we made

previously and so dot chart again gives you this information.
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We can also get a single dot chart:

t(X[,6] factor(X[,1]

G Vot (ot

17 | 00001111111233333344444455556777899999 e
18 | 00811111222233333344445555555666666677777777788888889999 Data
99 X 3664 obs. of 6 variables
19 | 0006006001112222333444444445555555666666678888888899999  Values
20 | 00001111111222233333333334444444555556677777778888899 i int [1:457) 12345678910,
21 | 0011111111111111111122222222223333333445555555566666677 ~ 12 int [1:3207] 458 459 460 461 462 463
1177177888888
22 | 0600000011111111111133333333333333333333333333333333355 e e e s e
5555555555555452 I
23 | 0660000000000000000000000000000000000000000000000000000
6000000000000+616 m b B
24 | 3333333333333333333333333333333333333333333333333333333
3333333333333+1921

> dotchat(X[11,6])

Error in dotchat(X[i1, 6]) : could not find function “dotchat
> dotchart(X[11,6))

> dotchart(X([12,6])

> par(mfrow=c(1,1))

> dotchart(X[,6],col=factor(X[,1]))

—

REobBAN@eE

Let us make a single dot chart. So how do we do? We say, and then we do a chart of x and then
we color. We color by the next factor X 1. So, we are going to say dot chart of the 6 column which
is the sizes and color by factor of 1, which means phase 1 and phase 2 should be plotted with

different colors and here is a plot.

Now you can see that dot chart automatically separates out the black points from red points
previously, just our scatterplot actually overlap them, but dot chart automatically separate them

out and puts them. So you do not have to make two different plots, just by calling dot chart with



factor. Now you can look at how the data looks like. So, which is very good, which is a nice way

of looking at the data. Let us now move to the rank based properties.

(Refer Slide Time: 16:17)
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18 | 0011111222233333344445555555666666677777777788888889999 * 4 wev=
99 Data

19 | 0000000001112222333444444445555555666666678888888699999  °X

20 | 00001111111222233333333334444444555556677777778888899

21 | 0011111111111111111122222222223333333445555555566666677 11
7177771868888 2

22 | 0000000011111111111133333333333333333333333333333333355
5555555555555+52

23 | 00000000600000000000000000000000000000600000000000000000
0000000000000+616

24 | 3333333333333333333333333333333333333333333333333333333 0 -
3333333333333+1921

3664 obs. of 6 variables

int [1:457) 12345678910 ..,
int [1:3207) 458 459 460 461 462 463..

- -
- i 0

> dotchat(X[11,6])
Error {n
> dotchart(X[11,6]))

> dotchart(X[12,6]) |

> par(nfrowec(1,1)) 7 .
> dotchart(X[,6],col=factor(X[,1])) = e ecieitanedinil

> plot,ecdf(X[i1,6)) 1 n P

dotchat(X[11, 6]) : could not find function “dotchat

1

> plot.ecdf(X[ 11,

AEobhBRRPNO«@

e

19 | 0000000001112222333444444445555555666666678888888899999

20 | 00001111111222233333333334444444555556677777778888899

21 | 0011111111111111111122222222223333333445555555566666677
1777777888888

22 | 6060000011111111111133333333333333333333333333333333355
5555555555555452

23 |
0000060000000+616

24 | 3333333333333333333333333333333333333333333333333333333
3333333333333+1921

> dotchat(X[11,6))

Error in dotchat(X[i1, 6]) : could not find function “dotchat
> dotchart(X[11,6])

> dotchart(X[12,6])

> par(mfrow=c(1,1))

> dotchart(X[,6],col=factor(X[,1]))
> plot.ecdf(X[11,6))

> plot.ecdf(X[12,6))

> par(mfrowsc(2,1))

' 1 II

> par{nfrow

G

e

)

Data

X 3664 obs. of 6 variables
Values

i1 int [1:457) 12345678910 ,.,
{2 int [1:3207] 458 459 460 461 462 463..

- -
- Bt O

So, we will do the cumulative distribution function of course. So, you can say ecdf, plot dot ecdf
of X, 1, 6. So, this is the cumulative distribution function and you can see it just goes like that,
because we know that there is a peak somewhere here and it has a tail, and this is true for two also.

It is also but it is a much longer and fatter tail as compared to the other one right.
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21 | 0011111111111111111122222220223333333445 5555 55566666677 * 3 vt
Da

1177777888888 o)
22 | 6600000011111111111133333333333333333333333333333333355 | o X 3664 obs. of 6 variables
5555555555555+52 Values
23| i1 int [1:457) 12345678910 ..,
06000000000000+616 2 int [1:3207) 458 459 460 461 462 463.
24 | 3333333333333333333333333333333333333333333333333333333
333333333333341921 e > o
> dotchat(X[11,6]) o)

Error {n dotchat(X[i1, 6]) : could not find function “dotchat

> dotchart(X[11,6]) £

> dotchart(X[12,6])) T
> par(nfrow=c(1,1)) o a n

> dotchart(X[,6],col=factor(X[,1]))

> plot.ecdf(X[11,6]) i

> plot.ecdf(X(12,6])

> par(mfrow=c(2,1)) 1
> plot.ecdf(X[11,6])

> plot,ecdf(X[12,6])

PR
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7777777888888 b (e
22 | 0000000011111111111133333333333333333333333333333333355  Data
§555555555555452 X 3664 obs. of 6 variables
23 | 060060000006000000000000 Values
6000000000000+616 i1 int [1:457) 12345678910 ,.,
24 | 3333333333333333333333333333333333333333333333333333333 {2 int [1:3207] 458 459 460 461 462 463
3333333333333+1921

- o
> dotchat(X[11,6]) et eaa il
Error in dotchat(X[i1, 6]) : could not find function “dotchat ooy
> dotchart(X[11,6])

> dotchart(X[12,6))

> par(mfrow=c(1,1))

> dotchart(X[,6],col=factor(X[,1]))
> plot.ecdf(X[11,6))

> plot.ecdf(X[12,6]) clty)

> par(mfrow=c(2,1))

> plot.ecdf(X[11,6)) i o] .
> plot.ecdf(X[12,6]) " el —ttt
> par(mfrow=c(1,1)) ' ' ' » 2

AEobRRPNO«@

So, if you actually do this two rows then you will immediately see because see both of them go
from 0 to 1, and in this case you have so both are skewed. Both have long tails and the tail is only
on one side. That is what | mean by skew. But, but the tail is much longer here and because they

are on the same scale, you can also see that this tail is much fatter than this.

So, so these information about these skewedness and how much information is there in detail, but
peak at this value somewhere around this value is where they peak. But, their tails have different

distributions, different characteristics. So, let us go back to single plot.
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Let us use ggplot2 to plot the two cumulative distributions on the same plot. Note how the plot is achieved
just by adding another layer for the second data set

=3

N2 ¢ X[12,)
grplot (dataski, aos (ASTH. grain aize)) +asat, ecdf ()
Jotat_ecdf (datasX2,aon (ASTH. grain, size)) 8

> dotchat(X[11,6])
Error in
> dotchart(X[11,6]))
> dotchart(X[12,6])
> par(mfrowsc(1,1))

dotchat(X[11, 6)) :

! et et
Data
could not find function “dotchat X 3664 obs. of 6 variables
Values
i int [1:457)12345678910.,.,
12 int [1:3207] 458 459 460 461 462 463..

> dotchart(X[,6],col=factor(X[,1]))

> plot,ecdf(X[i1,6])
> plot.ecdf(X[12,6))

> par(mfrow=c(2,1))

> plot,ecdf(X[i1,6])
> plot.ecdf(X[12,6])

> par(mfrow=c(1,1))
> Llibrary("ggplot2

- -

o)

e S B

ocdt)

So, we have looked at the empirical cumulative distribution function and we will do. So, can we
do that using ggplot? Let us do that also. So, we use the library ggplot and library scales. The
reason why we are doing this is because we want to see whether the data will show any normal
behavior. Obviously, it is not well to show because it is peaking at one end and it is highly skewed.
Normal Distribution should have nice symmetric tails on either side, which is not the case. So, we

are obviously not expecting, but if you see some kind of this kind of skew, what kind of plots do

you get, for the probability scale
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> dotchat(X[11,6])

Error in dotchat(X[11, 6]) : could not find function "dotchat

> dotchart(X[11,6])

> dotchart(X[12,6))

> par(mfrow=c(1,1))

> dotchart(X[,6],col=factor(X[,1]))

> plot.ecdf(X[11,6])

> plot,ecdf(X[12,6])

par(nfrowsc(2,1))

> plot.ecdf(X[11,6])

> plot.ecdf(X[12,6])

> par(mfrowec(1,1))

> library("ggplot2")

> library("scales”)

> 11 < grep(1,X(,1])

> 12 < grep(2,X([,1])

> X1 < X[11,]

> X2 < X[12,]

> ggplot(data=X1,aes(ASTM.grain,size))sstat_ecdf()+
stat_ecdf(data=X2,aes(ASTH.grain,.size))

v

REoBBRNO®E

So, let us take a look at it, let us. So, | have plotted the both this on the same plot. So, usually
ggplot he has to say data is x1 and you brought the grain size and that is ecdf and then you have to
plot the second data. Again the ASTM grain size and you have to plot the empirical cumulative
distribution function. So that is what we have done and they are on the same plot, and then what

do we do?

BT T—

[N pR—

X 3664 obs, of 6 variables
X1 457 obs. of 6 variables
X2 3207 obs. of 6 variables
Values
i1 int [1:457) 12345678910...
2 int [1:3207] 458 459 460 461 462 463.
-
_,d-/r’r:m
e e i




(Refer Slide Time: 19:36)

s ASTM.grain size

In order to check if the grain size distributions are normal, we have to make the scales of the y-axes of the
cumulative distributions probability scales. Let us do that:

Library (“geplot2*)
Library(*acales®)
11 <~ grep(1,X(,1))
12 - grop(2,X[,1))
N1 < X(41,)
2 ¢ X(52,)

e (0 Cole Yew s jewes A Oubeg Do it

Error in dotchat(X[i1, 6]) : could not find function “dotchat” * e

> dotchart(X([11,6]) 3664 obs. of 6 variables

> dotehart(X[12,6]) X1 457 obs. of 6 variables

> par(nfrow=c(1,1)) X2 3207 obs. of 6 variables

> dotchart(X[,6],col=factor(X[,1])) Values

> plot.ecdf(X[11,6]) i1 int [1:457) 12345678910 ...
> plot.ecdf(X[12,6]) i int [1:3207] 458 459 460 461 462 463..
> par(mfrow=c(2,1)) [T ——

> plot.ecdf(X[11,6])
> plot.ecdf(X[12,6])
> par(mfrow=c(1,1))

> library("ggplot2")
> library("scales”)

> 11 < grep(1,X[,1])
> 12 < grep(2,X[,1])
> X1 < X[i1,])

> X2 < X[12,]

> ggplot(datasX1,aes(ASTM.gratn, size))estat_ecdf()+

+ stat_ecdf(data=X2,aes(ASTM.grain.size))
> par(mfrowsc(2,1))

> |

ST g s

CEobhRRPO~R

Obviously, we are going to change the scale the chain the scale these are not needed we already
have this information. We also have this information. So, this is also not needed. So, we are going

to make two plots,
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o8 Warning: Transformation introduced infinite values in cont

X2, 03 (ASTH. grain. size)) satat _ocdf()¢

o

#% Warning: Transformation introduced infinite values in ¢

e (4 Cole Yow (i e B Qe e D b
' o
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> plot.ecdf(X[12,6)) .
> par(nfrowsc(2,1)) X 3664 obs, of 6 variables

> plot.ecdf(X[11,6)) X1 457 obs. of 6 variables

> plot.ecdf(X[12,6]) X2 3207 obs. of 6 variables

> par(nfrow=c(1,1)) Values

> Ubrary("ggplot2") 1 int [1:457) 12345678910 ..
> library("scales”) i2 int (1:3207) 458 459 460 461 462 463.
> 11 < grep(1,X(,1]) .o

> {2 < grep(2,X[,1]) 82 i
> X1 < X[i1,]

> X2 < X[12,]

> ggplot(datasX1,aes(ASTM,gratn,stze))sstat_ecdf()+

+ stat_ecdf(data=X2,aes(ASTM.grain.size))

> par(mfrow=c(2,1))

> ggplot(datasX1,aes(ASTM.gratn.size))estat_ecdf()+ = [

+ scale_y_continuous(trans=scales: :probability_trans("nor __J"d

n")) =

Rarning message:

Transformation introduced infinite values in continuous y-axis

> l AT g
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> plot.ecdf(X[12,6]) o] @ aotnmne
> par(nfrow=c(2,1)) X 3664 obs, of 6 variables

> plot. ecdf(X[11,6)) X1 457 obs. of 6 variables

> plot.ecdf(X[12,6]) X2 3207 obs. of 6 variables

> par(nfrow=c(1,1)) Values

> Wbrary(“ggplot2") i1 int [1:457) 12345678910 ...
> library("scales”) i2 int [1:3207] 458 459 460 461 462 463.
> 11 < grep(1,X(,1]) - - o

> {2 < grep(2,X([,1]) SEIie:. 24

> X1 < X[i1,]

> X2 < X[12,]

> ggplot(datasX1,aes(ASTM.gratn,size))estat_ecdf()+

+ stat_ecdf(data=X2,aes(ASTM.grain.size))

> par(mfrow=c(2,1))

> ggplot(datasX1,aes(ASTM.gratn.size))estat_ecdf()+ [

+ scale_y_continuous(trans=scales::probability_trans("nor __[44~

n)) [

Rarning me
finite values in continuous y-axis

AT g

And what are those plots going to be? We are going to do the probability distribution. The scale,
we are going to change it to probability scale normal probability scale. Obviously, we do not expect

it to be normal.

(Refer Slide Time: 20:29)

— [ ——
> lbrary("scales”) | A
> 11 < grep(1,X(,1]) X 3664 obs, of 6 variables
> 12 < grep(2,X(,1)) X1 457 obs. of 6 variables
> X1 < X[i1,] X2 3207 obs. of 6 variables
> X2 < X[12,] Values
> ggplot(datasXl,aes(ASTM.gratn, size))estat_ecdf()+ i1 int [1:457) 12345678910,
+ stat_ecdf(data=X2,aes(ASTM.grain.size)) 2 int [1:3207] 458 459 460 461 462 463.
> par(mfrow=c(2,1)) . -t
> ggplot(datasX1,aes(ASTM.gratn. size))sstat_ecdf()+ B8 =

: e ” |
+ scale_y_continuous(trans=scales: :probability_trans("nor
) o
Warning message: g
Transformation introduced infinite values in continuous y-axis /

> ggplot(datasX2,aes(ASTM.gratn.size))estat_ecdf()+ > ",,/”/7

+ scale_y_continuous(trans=scales: :probability_trans("nor 5%
n)

Warning message:

Transfornation introduced infinite values in continuous y-axis ol ‘

>
TR
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So, we do not expect this curves to turn out to be a straight line. We are just confirming and so you
can see, it is not clear here that these two figures are one on top of each other, but you will see it

here.
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So, in both the cases, so this is also not a straight line, sort of some amount of deviation. And here
it is very clearly seen that it is not a straight line at all and you can see that this does not go up to
it is only point 4 here and it is only point 25 here, the scale is not going up to 1, as you would have

seen in other cases.

That is because the data is not symmetric about the mean. It is only 1 side that you have the tail.
So, that is what is seen in this also. So we will come back and we will do more of the other analysis,

histograms and box plots, etc for the same data set, thank you.



