,vao_n WV r }\)\C,] 6C|S

Etcaywyn otnv AvoAUTKN
Aedouevwyv pe tn yAwooa R

Xapnc lewpytov (MSc, PhD)
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Harris Georgiou (MSC, PhD) — https://github.com/xgeorgio/info

* R&D: Associate post-doc researcher and lecturer with the
University Athens (NKUA) and University of Piraeus (UniPi)

* Consultant in Medical Imaging, Machine Learning, Data
Analytics, Signal Processing, Process Optimization, Dynamic
Systems, Complexity & Emergent A.l., Game Theory

* HRTA member since 2009, LEAR / scientific advisor

* HRTA field operator (USAR, scuba diver)

* Wilderness first aid, paediatric (child/infant)

* Humanitarian aid & disaster relief in Ghana, Lesvos, Piraeus

* Support of unaccomp. minors, teacher in community schools

* Streetwork training, psychological first aid & victim support

* 2+4 books, 170+ scientific papers/articles (and 5 marathons)




Ertilokomnnon — Nnyeg

* [leplexopeva:
—  Ttelval n Mnxaviky Mabnon kot n AvaAutikr) Aedopévwv (ML/DA).
— HyAwooa R wg epyaleio-mAatdopua epappoywv ML/DA.
— Baowko ocuvtaktiko, SuvatoTnTES, CUVAPTHOELS, SLaypAUHLOTA.
— Koatnyopiec mpoBAnuatwv ML/DA:
» Classification, Regression, Clustering, Time Series Analysis.

* [nyéc:
— «Epyaotriplo AvoAutikng Asdouévwv» — pabnua MM Naver. MNelpatd (onpelwoelg) 2017-
2021.

— Yanchang Zhao, “R and Data Mining: Examples and Case Studies” (2015)
http://www.RDataMining.com

— Norman Matloff, “The Art of R Programming: A Tour of Statistical Software Design” (1st
Edition), No Starch Press, 2011.

— Rui Miguel Forte, “Mastering Predictive Analytics with R”, Packt Publishing, 2015.
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debopévwy IOV pag TPOooPEPOUV QLUTEC
Ol ETILOTNHUOVLIKEC TIEPLOXEC UTTOPEL VAL
elval avedappootec Aoyw:

— TOU HEyaAou Oykou,

Machine Learning /
Pattern Recognition

Data Analytics
(Data Mining,
KDD)

—  TwV MoAAWV SLOOTACEWYV,
—  TNG €TEPOYEVELAC TWV SeSOUEVWY,
— Twv analtnoswy enefepyaoiag,



IMIE TTOLEC TEXVLKEC ...

Top 10 Data Science, Machine Learning Methods
Used, 2017
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Regression B0%
Clustering
Visualization

Decision Trees/Rules
Random Forests
Statistics - Descriptive
K-nn

PCA

Text Mining

Time series

mnyRA: kdnuggets.com




Me TL AOYLOULKO ...

KDnuggets Analytics/Data Science
2016 Software Poll, top 10 tools

0% 10% 20% 30% 40% 50% 60%

R

Python

saL

Excel
RapidMiner
Hadoop
%share

Spark
%share

Tableau

KNIME

scikit-learn

mnyn: kdnuggets.com




Diagnosis Count

Age Distributions vs Benign/Malignant
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1
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H vAwooo R 2

R can be regarded as a continuation of the “S” programming language, which was
developed at Bell Labs (1993) by Rick Becker, John Chambers and Allan Wilks.

It uses the “matrix manipulation” programming paradigm, i.e., algebraic
operations in tabular data, mostly numeric but also supports composite structures.

“Data frames” are usually such composite data structures, directly reflecting
records and DB schemas from real-world applications.

“Interactive” mode enables online script-based manipulation of data and iterative
code prototyping, often without the need to “run” a complete program.

GUI and visual tools support make data exploration extremely intuitive.

Extensive support of state-of-the-art algorithms from Linear Algebra, Statistics,
Machine Learning, Signal Processing, etc (CRAN repository = 20k official packages).




Operators

Datatypes

Control Structures

= Control Structures Examples

= Loops

= Loops Examples

Data Structures

= Vectors
= Matrices

= Dataframes

11

Functions

= Functions Examples

Apply Functions

= Apply
= Sapply

= Examples of Both

Basic Plotting
How to clean the environment
How to set the directory

How to read CSV file
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Operators

= Comparison Operators

== (equal)

I= (not equal)

>= (greater than or equal)

<= (less than or equal)

= |Logical Operators

= & (and)
= | (or)
= | (not)

R
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Data types

= R has five basic or “atomic classes”
= character
= Numeric (real number)
= integer

= Complex

= The most basic object is a vector



14

Control Structures

An if statement operates on length-one logical vectors

" Syntax = Example
if (1==0) {
if (TRUE) { print(1)
statement_1 }oelse  {
} else | print(2)
statement_2 }
}
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Vectorized ifelse

The ifelse operates on vectors
= Syntax

Ifelse(test, true_value, false_value)

= Example
X<-1:10
Ifelse(x<5, x, 0)
1234000000
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Loops

The basic syntax a for loop inRis

= Syntax
For (value in vector) {

statements

}

" Example
v<-LETTERS[1:4]
for (iinv){

print(i)
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Data Structures

= Vectors Examples
1. Creating asequence from5to13:
V<-5:13
print(v)
2. Create vector with elements from 5 to 9 incrementing by 0.4:
print(seq(5, 9, by=0.4))
The logical and numeric values are converted to characters:
s<-c(‘apple’, ‘red’, 5, TRUE)

print(s)
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Data Structures H

Matrices

Matrices are the R objects in which the elements are arranged in a
two-dimensional rectangular layout

Syntax

Matrix(data, nrow, ncol, byrow, dimnanes)

Example

Elements are arranged sequentially by row and the column and row names are
defined :

rownames = ¢("rowl", "row2", "row3", "row4")
colnames = ¢("col1", "col2", "col3")

P <- matrix(c(3:14), nrow = 4, byrow = TRUE, dimnames = list(rownames, colnames))
print(P)
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Data Structures

= Matrices: Indexing and Operations

Access the element at 2nd column and 4th row:
print(P[4,2])
Access only the 2nd row:
print(P[2,])
Access only the 3rd column:
print(P[,3])
Add the matrices:

result <- matrix1l + matrix2

R
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Data Structures

Creation of a data frame:
emp.data <- data.frame( emp_id = c (1:5),

emp_name = ¢("Rick","Dan","Michelle","Ryan","Gary"), salary =
c(623.3,515.2,611.0,729.0,843.25), start_date =
as.Date(c("2012-01-01", "2013-09-23", "2014-11-15", "2014-05-11",
"2015-03-27")), stringsAsFactors = FALSE )

Extraction of Specific columns:

result <- data.frame(emp.dataSemp_name,emp.dataSsalary)
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Functions

An R function is created by using the keyword function. The basic syntax of R
an R function definition is as follows :

function_name <- function(arg_1, arg_2, ...) {
Function body

return(return_value)

}

= Example

Creation of a function to print squares of numbers in sequence and calling this,
supplying 6 as an argument:

new.function <- function(a) {
for(iin 1:a) { b <-i72
print(b) } }

new.function(6)
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Apply Functions

. Syntax of apply function

apply(X, MARGIN, FUN, ARGs)
* Arguments

» X:array, matrix or data.frame

MARGIN: 1 for rows, 2 for columns

FUN: one or more functions

ARGs: possible arguments for functions

= Example

apply(iris[1:8,1:3], 1, mean)
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Basic Graphics

. Scatterplot
Boxplot

Histogram

B owoN e

Quantile-Quantile plot
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Scatterplot

The simple scatterplot is created using the plot() function.

= Syntax

plot(x, y, main, xlab, ylab, xlim, ylim, axes)

*  xisthe data set whose values are the horizontal coordinates.
* yisthe data set whose values are the vertical coordinates.

*  main is the tile of the graph.

Milage

*  xlab is the label in the horizontal axis.

* ylab is the label in the vertical axis.

*  xlimis the limits of the values of x used for plotting.
*  ylim is the limits of the values of y used for plotting.

* axes indicates whether both axes should be drawn on the plot.

30

25

15

Weight vs Milage

3.5 40 45 5.0

Weight




Boxplot Q

Boxplots are created in R by using the boxplot() function.

. Synt ax Mileage Data

boxplot(x, data, names, main)

30

X is a vector or a formula.

data is the data frame.

_

Miles Per Gallon
20
|

= —

names are the group labels which will be printed

m

main is used to give a title to the graph.

10
|
o

Number of Cylinders
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Histogram

R creates histogram using hist() function.

u Syntax Histogram of v

20

hist(v,main,xlab,xlim,ylim,breaks,col,border)
v is a vector containing numeric values used in histogram. |

main indicates title of the chart.

1.0

col is used to set color of the bars.

Frequency

border is used to set border color of each bar.

0.5
1

xlab is used to give description of x-axis.

xlim is used to specify the range of values on the x-axis.

0.0
|

ylim is used to specify the range of values on the y-axis. 0 10 20 30 40 50

Weight
breaks is used to mention the width of each bar. ’
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How to clean the environment H

= clean everything from previous runs

closeAllConnections()

M=l How to read CSV file

math_dataset=read.table("student-mat.csv",sep=";",header=TRUE)
Opens the file student-mat.csv
The delimiter between columns is ;"

Header= TRUE means that the first row of the CSV file will be used as a
label for each column.
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Normalize function

#function that does min max normalization

normalize_min_max <- function(element,old_min,old_max,new_min, new_max ){

v=((element-old_min)/(old_max-old_min))*(new_max-new_min)+new_min

}

#normalize grades according to min max normalization

new_min=0

new_max = 100

V'=

YV — M4

Max.s— mina

(new maxs—new mins) +new  mins

old_min= min(grades_math)

old_max= max(grades_math)
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Normalize function H

grades_normalized= apply(grades_math,1, function(x)
normalize_min_max(x,old_min,old_max,new_min,new_max))

#insert the normalized grades in the dataset

math_datasetSgrades_normalized <- c(grades_normalized)

#compute mean, median values
mean_value <- mean(grades_math$G3)

median_value <- median(grades_mathSG3)




minkowski distance

* The Minkowski distance is a metric in a normed vector space which
can be considered as a generalization of both the Euclidean
distance and the Manhattan distance.

* The Minkowski distance of order p between two points

is defined as:

n I/P

Z |z — il

1=1

#minkowski distance

stats::dist(students.matrix,method = "minkowski")

30




Getting Started with R studio

LE] RStudic - a

R B 2| CE| = Addin - i Project: (None)

3] jenny_test seriptR s 27 jenny_final_test seriptR s+ 9] student-mergeR 07 S ReeripttestR* ¢ | | Rdataset 33— [ | Envitonment History =
=] i Osource on save @, # = i =% Run | 5% | [#source + = =* | | import Dataset F uist- | (&

1 #clean everything from previcus runs # | ( Global Environmant -

?  closeallconpnart inns Oy

3 rm1ist-1s(

i oo Scripts Envi ¢

5 nvironmen

6 #cat the working directory .

7 #this is hardcoded at the momert Varlables

8 setwd("C:/users/Turbo_ x;GDUg'Ie orive/R pr Ugrammrg;]ab_rna erial/dataset™)

[} nath_dataset =read. table( " studert-mat. csv"” ,sep— yheadar—TRU

10 port_dataset- read tab'le'"studeﬁt -por.csv",sep— ,header—TP

11  common_columns=c("school”, "sex"”,"age”, "address", "famsize","Pstatus”, "Medu”, "Fedu",’

12  common_antries=mergemath_dataser,port_datasar, by=commor_columns )
13  primt(nrow(common_entries)) # 382 students

14 Files FPlots Packages Help Viewer
15 # count the missing elements per columr = .
R - . - . (%] i’ -

16 wmissing_values_dataframe - sapp'lykrrlath_dataset function{x) is.nalx)) ) Mew Folder | €] Delete 5] Rerama | ¥ More

17 missing_values_count = sapply math_dataset, functionix) sum 15 na(x)7) [J: ©  users > Turbe X > Google Drive » R programming > lab_material * dataset

18 # non-a Bgate m |v.|r|rj t-\'lt-uc—rlr court {we do not sum anythi B e Madified

19 #find the indexes of missing values to be discarded from the dataset b T

20 <« ¥ "

13:400  (Top Level) = R Seripe = ] 2] FRhistory 13KB Apr 16, 445 FM

£] e P
Console C:f\sers/Turbo_XfGoogle Drive/R programming/lab_material/datasel) =5 - O £3 duftr ke AT
S e e e O O heatn - Aor 14, 2016, 522 BM
B is Tree software and comes with ABSOLUTELY MO WARRANTY. L student-mates Agrd, 2016, 212 PM
¥ou al:e.ma]come‘to rt‘:d'istr"ibutt‘: it un(.!er l;er‘talrin cnnd'!t'iuns. O & student-merge.R IE0E Agr3, 2016, 212 PM
Type 'license(d' or "licence()' for distribution details.
O | student-por.csy %1 KB Agr 3, 2016, 212 PM

R A5 a cn'l]gbnratwe‘prnject with many contributors. O | cudentbt 31K8 Aord, 2016, 2112 OM
Type 'contributers{)’ for more information and
‘citation)’ on how to cite R or R packages in publications.

peCommand Prompt Tine belp, or

Blp o cus e we e wweoes oo e o0 FRTE .

b 30" o quit B Files

> setwd("C: /users,/Turbo_x/Google orive/R programming/lab_material/daraset')
e
“
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Classification:
» Decision trees: rpart, party

v

Random forest: randomForest, party
SVM: el1071, kernlab

v

Clustering:
» k-means: kmeans(), kmeansruns()

» k-medoids: pam(), pamk()
» Hierarchical clustering: hclust(), agnes(), diana()

» Neural networks: nnet, neuralnet, RSNNS > DBSCAN: fpc

» Performance evaluation: ROCR

Time series analysis:

» BIRCH: birch
» Cluster validation: packages clv, c/Valid, NbClust

» Time series decomposition: decomp(), decompose(), arima(),

stl()

» Time series forecasting: forecast
» Time Series Clustering: TSclust
» Dynamic Time Warping (DTW): dtw

» Regression: to predict a continuous value, such as the volume
of rain

» Classification: to predict a categorical class label, such as
weather: rainy, sunnny, cloudy or snowy




The Iris Dataset

# 17r1s data
str(iris)

## 'data.frame': 150 obs. of b5 wvariables:

## § Sepal.length: num 5.1 4.9 4.7 4.6 56 5.4 4.6 5 4.4 4.9
## § Sepal.Width : num 3.5 3 3.2 3.1 3.6 3.9 3.4 3.4 2.9 3.1
## § Petal.length: num 1.4 1.4 1.3 1.51.41.71.41.51.41
## § Petal.Width : num 0.2 0.2 0.2 0.2 0.2 0.4 0.3 0.2 0.2 O
## § Species : Factor w/ 3 levels "setosa","versicolor",

# split 2nto training and test datasets

set.seed(1234)

ind <- sample(2, nrow(iris), replace=T, prob=c(0.7, 0.3))
iris.train <- iris[ind==1, ]

iris.test <- iris[ind==2, ]
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Build a Decision Tree

# build a decision tree

library(party)

iris.formula <- Species ~ Sepal.Length + Sepal.Width +
Petal.Length + Petal.Width

iris.ctree <- ctree(iris.formula, data=iris.train)




plot(iris.ctree)

&3
Petal.Length
p < 0.001

<1.9 19
E
Petal.Width
p < 0.001
<1.7 >1.7
4 |
Petal.Length
p = 0.026
=44 >4.4
N
Node 2 (n = 40) Node 5 (n = 21) Node 6 (n = 19) Node 7 (n = 32)

1 1 1 1 s
0.8 — 0.8 — 0.8 — 0.8 —
0.6 — 0.6 — 0.6 — 0.6 —
0.4 — 0.4 — 0.4 — 0.4 —
0.2 0.2 0.2 — 0.2
0 - 0 - 0 - R =

setosa setosa setosa setosa

] 4
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Prediction

# predict on test data

pred <- predict(iris.ctree, newdata = iris.test)
# check prediction result

table(pred, iris.test$Species)

B

## pred

Hit setosa

= versicolor
##  virginica

setosa versicolor virginica

10 0 0
0 12 2
0 0 14




k-means Clustering

set.seed(8953)

iris2 <- iris

# remove class IDs

iris2$Species <- NULL

# k-means clustering

iris.kmeans <- kmeans(iris2, 3)

# check result

table(iris$Species, iris.kmeans$cluster)

##
## 1 2 3
#i# setosa O 50 O

## versicolor 2 0 48
##  virginica 36 0 14




# plot clusters and their centers

plot(iris2[c("Sepal.Length", "Sepal.Width")], col=iris.kmeans$cluster)

points(iris.kmeans$centers[, c("Sepal.Length", "Sepal.Width")],
col=1:3, pch="%*", cex=b)
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Linear Regression

## correlation between CPI and year / quarter

cor(year, cpi)
## [1] 0.9096316
cor (quarter, cpi)

## [1] 0.3738028

cpl = ¢y + ¢1 * year + ¢ * quarter,

## build a linear regression model with function Ilm()
fit <- Im(cpi 7 year + quarter)

£it

S

## Call:

## 1lm(formula = cpi
e

## Coefficients:

## (Intercept)

##  -7644.488

~ year + quarter)

year quarter
3.888 1.167
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Data AirPassengers

Data AirPassengers: monthly totals of Box Jenkins international
airline passengers, 1949 to 1960. It has 144(=12x12) values.

plot (AirPassengers)

AirPassengers
400
1

1950 1952 1954 1956 1958 1960
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Decomposition

apts <- ts(AirPassengers, frequency = 12)
f <- decompose (apts)

plot(£f)

Decomposition of additive time series

500
11 1 1

observed
300

trend

0 20 40 60 150 250 350 450100

seasonal

N N (Y N T N N A O |

0 20 40 60 -40

random

| I N [ |

-40




# build an ARIMA model

fit <- arima(AirPassengers, order

1, 0), period = 12))

= c(1,

fore <- predict(fit, n.ahead = 24)
# error bounds at 95/ confidence level

U <- fore$pred + 2 * fore$se
L <- fore$pred - 2 * fore$se

42

0, 0), list(order = c(2,
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100

—— Actual

—— Forecast
---- Error Bounds (95% Confidence)

I
1950

I ! I I I I
1952 1954 1956 1958 1960 1962




43

* [lep

* lny

uvoyn

LEXOMEVAL:
Tu elval n Mnxavikry Madnon kat n AvaAutikn Asdopévwy (ML/DA)
H yAwoooa R w¢ epyadeio-mAatdopua epappoywv ML/DA
Baolkd ocuvtakTtiko, SUvVaTOTNTES, CUVAPTHOELS, SlaypappaTa
Katnyopleg mpofAnudatwv ML/DA:

 Classification, Regression, Clustering, Time Series Analysis

£C:
«Epyaotrplo AvoAutikng Asdopuévwvy — padnua MM MNaverm. Nepatd (onpewoetg) 2017-
2021.

Yanchang Zhao, “R and Data Mining: Examples and Case Studies” (2015)
http://www.RDataMining.com

Norman Matloff, “The Art of R Programming: A Tour of Statistical Software Design” (1st
Edition), No Starch Press, 2011.

Rui Miguel Forte, “Mastering Predictive Analytics with R”, Packt Publishing, 2015.




= Hamming (7,4) error correction |
codesinR :

= Kmeans clustering in COBOL

= Bi-directional Associative Memory
(BAM) in Arduino/C

= Linear Regression in SQL, Matlab

er ;
jor :« detlimit;

= k-nearest-neighbor Classifier in SQL

« - (seekerData’Length) Output:
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Github:
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Epwtnoslg

Xapn¢ Mlewpyiov (MSc,PhD)
https://www.linkedin.com/in/xgeorgio/
https://twitter.com/xgeorgio_gr



