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Outline 
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What is R 

 Software for Statistical Data Analysis and Visualization 

 Based on S (Bell Lab, since 1976) 

 Programming Environment 

 Interpreted Object Oriented Language 

 Data Analysis & Visualization 

 Free and Open Source Software 
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Why R ? 

 Strengths 

 Free and Open Source 

 Strong User Community 

 Highly flexible 

 Implementation of cutting-edge stat/bioinfo methods 

 Fair graphics and intelligent defaults 

 Continuous improvement and extension 

 Weakness 

 Steep learning curve / help system is not friendly 

 Slow for large datasets – improving! 
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R vs some other languages 

 Matlab  

 

 Perl/C 

 

  Python  

http://blog.udacity.com/2015/01/python-vs-r-learn-first.html 
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Basic R resources 

 Getting R for Windows: 

http://cran.r-project.org 

In “Download and Install R” section choose 

“Windows” and next screen choose “base” and click 

on Download R 3.2.0 for Windows  

Then a regular installation procedure should apply 

 Editor: 

 Rstudio - http://www.rstudio.com 

 

 Bioconductor project - http://bioconductor.org// 

 

 

http://cran.r-project.org/bin/windows/base/
http://cran.r-project.org/bin/windows/base/
http://cran.r-project.org/bin/windows/base/
http://cran.r-project.org/bin/windows/base/R-3.2.0-win.exe
http://cran.r-project.org/bin/windows/base/R-3.2.0-win.exe
http://cran.r-project.org/bin/windows/base/R-3.2.0-win.exe
http://www.rstudio.com/
http://www.rstudio.comhttp/bioconductor.org/
http://www.perl-express.com/
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R installation at home 

For your home/lab installation 

 Choose a "save" option and download the exe file  

 Double-click the downloaded file and proceed with a wizard 

 After clicking on "Finish" you should get a shortcut to Rgui.exe 
file on your desktop  

 



8 

RGui 

Under File 

 Change dir 

 Load Workspace 

 Save Workspace 

 Load History 

 Save History 

Under Edit 

 GUI Preferences 

Under Help 
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Simple R-session 

 ‘Change dir’ to right one (to be able to write) 

 > a <- c(1.1, 2.3, 5.4) 

 >length(a) 

 >b = seq(1,11,2); d = 1:10 

 >rT = rep(1:5, times = 3) ; rEach <-  rep(1:5, each = 3)   

 >max(a); min(a) 

 >ls() # list objects in your working environment  

 mean(d) 

 > summary(b) 

 q(save = “yes”) 
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In an R Session usually we: 

 First, read data from other sources 

 Use packages, libraries, and functions 

 Write functions wherever necessary 

 Conduct statistical data analysis and produce plots 

 Save outputs to files, write tables 

 Save R workspace if necessary 
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R documentation/manuals 

 http://www.r-project.org/ Under documentation on the left (Wiki?) 

 http://cran.r-project.org/doc/contrib/Verzani-SimpleR.pdf 

 More later 

http://www.r-project.org/
http://www.r-project.org/
http://www.r-project.org/
http://cran.r-project.org/doc/contrib/Verzani-SimpleR.pdf
http://cran.r-project.org/doc/contrib/Verzani-SimpleR.pdf
http://cran.r-project.org/doc/contrib/Verzani-SimpleR.pdf
http://cran.r-project.org/doc/contrib/Verzani-SimpleR.pdf
http://cran.r-project.org/doc/contrib/Verzani-SimpleR.pdf
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Getting help in R 

 >example(‘function.name’) 

 >apropos(‘keyword’) 

 >help.start() 

 ?mean, ?”:” – short-cut for help(“:”) 

 demo(graphics) 

 ‘sos’ 
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Data creation and input/output 

 

 

 Create  

 Vectors: a=c(1,2,5) ; b10 <-1:10 ; c(“red”, “magenta”) -> 
colors2 

 Matrices: m=matrix(c(1,2,3,4,5,6),nr=2,nc=3,byrow=T) 
(nr=#rows) 

 Lists: myList = list(num = 1:5, let = letters[1:5]) 

 Read data 

 from file: read.delim, read.csv, readLines, scan 

 from web  

 

 Write/save data 

 write.csv, write.table 

 save 
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Variables  
> a = 49 
> sqrt(a) 
[1] 7 

> sentence <- "The dog ate my homework" 
> sub("dog","cat", sentence) 
[1] "The cat ate my homework“ 
>sentence 
? 
 
> b = (1 + 1 == 3) 
> b 
[1] FALSE 
 
 
> flag <- (1:5 == 3) 
> flag 
[1] FALSE FALSE  TRUE FALSE FALSE 
 
In R, a single number or character is the special case of a vector with 
1 element. 
 

numeric 

character string 

logical 
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Vectors and matrices 

 Vector: an ordered collection of data of the same type 
> a = c(1,2,3,4,5)  # same as   1:5 # same as seq(1,5) 
> (a*2)[3] 
[1] 6 
 
 List: an ordered collection of data of arbitrary types.  
> Smith = list(name=“John”, married=TRUE, kids = c(“Ann”, “Pete”)) 
> Smith$name 
[1] “John“ 
> Smith$kids[2] 
[1] “Pete” 

 
Typically, vector elements are accessed by their index (an integer), list 

elements by their name (a character string).  
 
 Matrix: a rectangular table of data of the same type 
 
Example: the expression values for 10,000 genes for 30 tissue biopsies: a 

matrix M with 10,000 rows and 30 columns 
 
M[1:50, -(1:5)] ###  first 50 rows and all columns but first 5 
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Data frames 

Data frame: is supposed to represent the typical data table that 
researchers come up with – like a spreadsheet. 
 
It is a rectangular table with rows and columns; data within each 
column has the same type (e.g. number, text, logical) while different 
columns may have different types. 
 
Example: 
> a 
                localization tumor.size progress 
ID348     proximal      6.3                 0  
ID234     distal            8.0                 1 
ID987     proximal      10.0               0 
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Data structures in R 

Linear  Rectangular 

All Same Type VECTORS 

an ordered collection of data of 

the same type 

MATRIX 

a rectangular table of data of 

the same type 

 

Mixed LIST 

an ordered collection of data of 

arbitrary types 

DATA FRAME 

a rectangular table of data of 

arbitrary types 
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Assesing data 

 how many elements? length(x) 

 i-th element: x[2] (i = 2) 

 all but i-th element: x[-2] (i = 2) 

 first k elements: x[1:5]  or head(x,5) ## k = 5 

 last k elements: tail(x,3) ##k = 3 

 specific elements: x[c(1,3,5)] (First, 3rd and 5th) 

 all greater than some value: x[x>3] (the value is 3) 

 bigger than or less than some values: x[ x< -2 | x > 2] 

 which indices are largest: which(x == max(x)) 
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Accessing Variables 

 Subscripts 

 x[1] identifies 1st element in vector x 

 y[1,] identifies 1st row in matrix or dataframe y 

 y[,3] identifies 3rd column in matrix or dataframe y 

 $ sign for lists and data frames 

 myframe$age gets age variable of myframe 

 a$tumor.size  

 Smith$kids 
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Subsetting 
 
> a[c(1,3),] 
                localization   tumor.size   progress 
ID348     proximal        6.3                0 
ID987     proximal        10.0              0 
 
> a[c(T,F,T),] 
                localization tumor.size progress 
ID348     proximal       6.3             0 
ID987     proximal      10.0            0 
 
> a$localization 
[1] "proximal" "distal"   "proximal" 
 
>  a$localisation=="proximal" 
[1]  TRUE FALSE  TRUE 
 
> a[ a$localization=="proximal", ] 
                localization  tumor.size progress 
ID348     proximal       6.3              0 
ID987     proximal      10.0             0 

subset rows by a 
vector of indices 

subset rows by a 
logical vector 

subset a column 

comparison resulting in 
logical vector  

subset the selected 
rows 
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Subsetting (cont.) 

 Using subset function 

 subset() will subset the dataframe 

 Subscripting from data frames 

 myframe[,1] gives first column of myframe 

 Specifying a vector 

 myframe[1:5] gives first 5 rows of data 

 Using logical expressions 

 myframe[myframe[,1], < 5,] gets all rows of the first column that 

contain values less than 5 
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Functions 

Functions do things with data 
 
“Input”: function arguments (0 – no arguments, or 1, or 2, etc.) 
“Output”: function result (exactly one) 
 
There are many basic R- functions (which make R a very proficient 
calculator) but everybody could add easily new ones. 
 
Example:                                                    
bmi= function(weight, height)  
{    ### weight in kg, height in m 
 
      result = weight/ height/ height 
      return(result)  
} 
>bmi(91,1.8) 
[1] 28.08642 
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Functions  

 

BMI chart  

 

A graph of body mass index as 

a function of body mass and 

body height. The dashed lines 

represent subdivisions within a 

major class 

(Created by Wikimedia Commons User:InvictaHOG) 
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Some built-in R-functions 

 ‘load’,  ‘save’  

 ‘ls’ vs ‘dir’ 

 ‘c’, ‘rep’ , ‘seq’, ‘rm’, ‘length’ 

 ‘log10’, ‘log2’, ‘sin’ 

 ‘sum’, ‘mean’, ‘var’ , ‘median’ 

 ‘print’ 

 ‘plot’,‘barplot’, ‘image’, ‘heatmap’ 

 ‘summary’ 

 readLines 

 ‘read.table’, ‘read.csv’ 

 ‘read.delim’ and read.delim(“clipboard”) 

 ‘write.table’, ‘write.csv’ 

 q(save = “yes”) 

Google “RQuickReference” and “R-refcard” (PDF) for much more functions  
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R as a calculator 
> log2(32) 

[1] 5 

> 5^5 

[1] 3125 

> 2^(5:1) 

[1] 32 16  8  4  2 

# simple example of vectorized 

# calculations 
 
> seq(0,2,by=.5) 
[1] 0.0 0.5 1.0 1.5 2.0 

 
> plot(sin(seq(0, 2*pi, length=100))) 
# example of function chaining – compact code  
# (hard to understand though) 
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R-package installation/loading 

 Open R-console 

 Open ‘Packages’ drop-down list under RGui 

 Choose  ‘Set CRAN mirror’ (then choose a mirror and click OK) 

>chooseCRANmirror() ### automatically appears  

 Choose repositories (CRAN – default, usually one adds ‘BioC 

software’ etc., click OK (clicking ‘Cancel’ prompts the dialog 

within the console): 

>setRepositories() ### automatically appears  

 Install package from repositories (could take time!) 

 Load package (the first line!)   ## library(‘packageName’) 

>help(package = ‘packageName’) 
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Example: seqinr R-package 

>proteinInFastaFormat 

MPRLFSYLLGVWLLLSQLPREIPGQSTNDFIKACGRELVRLWVEICGSVSWGRTAL

SLEEPQLETGPPAETMPSSITKDAEILKMMLEFVPNLPQELKATLSERQPSLREL

QQSASKDSNLNFEEFKKIILNRQNEAEDKSLLELKNLGLDKHSRKKRLFRMTLS

EKCCQVGCIRKDIARLC 
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Example: seqinr R-package(cont.) 

> seqAA <- read.fasta(file = system.file("sequences/seqAA.fasta", 
package = "seqinr"), seqtype = "AA") 

A function AAstat of package ‘seqinr’ returns simple protein sequence information 
including the number of residues, the percentage physico-chemical classes and 
the theoretical isoelectric point ;  

>   AAstat(seqAA[[1]]) 

$Compo 

  A  C  D  E  F  G  H  I  K  L  M  N  P  Q  R  S  T  V  W  Y  

  8  6  6 18  6  8  1  9 14 29  5  7 10  9 13 16  7  6  3  1  

… 

$Prop$Aliphatic 

[1] 0.2404372 

$Prop$Aromatic 

[1] 0.06010929 

... 

$Pi 

[1] 8.534902 
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Example: seqinr R-package(cont.) 
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Some R-packages 

Estimated more than 5000!!! 

 Numerous packages for interaction with NCBI, KEGG, Ensembl, 

GEO, SGD, TAIR,… 

 ‘Biostrings’, ‘DESeq2’, ‘edgeRun’ – for HTS data analysis 

 ‘limma’, ‘affy’, “lumi’, ‘beadarray’ – for expression microarrays 

 ‘MEDME’ - for methylation level analysis  

 ‘BioNet’, ‘FGNet’ – for integrated bionetwork analysis  

 ‘flowCore’, “flowViz’ – for FACS data analysis and visualization 

 ‘cluster’ 
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What is Clustering? 

Why is Clustering? 

31
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Components of Clustering Task 

 Feature extraction & object representation  

 Domain-dependent definition of similarity/distance 

 Rule of grouping  

 Abstraction (compact representation) 

 Assessment of results  (“good” or “bad” clustering?) 

 

 

(Data Clustering: A Review, A.K. Jain et al, ACM Computing Surveys, Vol. 31, No. 3, September 1999) 
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nature 2002 breast cancer 

 

 

 

(Many slides courtesy E. Domany of 

Weizmann Institute) 
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Giraffe        
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Dendrogram1 

T (RESOLUTION) 
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Giraffe + Okapi       
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Clustering algorithms 

 K-means (top-down – partitioning; centroid – representative) 

 Hierarchical (bottom-up – agglomerative) 

 Density based 

 Model (probability disribution) based 

 Physics based 

 … 
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K-means 

“GUESS”  K=3 
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K-means 

Iteration = 0 

•Start with random 
positions of  centroids. 
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K-means 

Iteration = 1 

•Start with random 
positions of  centroids. 

•Assign each data point to   

  closest centroid 
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K-means 

Iteration = 1 

• Start with random   

   positions of  centroids. 

• Assign each data point to   

  closest centroid 

• Move centroids to center 

 of assigned points 
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K-means 

Iteration = 3 

 

 

•Start with random 
positions of  centroids. 

•Assign each data point to   

  closest centroid 

•Move centroids to center 

 of assigned points 

•Iterate till algorithm 
converges (e.g., no new 

assignments) 
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 Result depends on initial centroids’ position 

 Fast algorithm: compute distances from data points to 

centroids 

 O(N) operations (vs O(N2)) 

 Must preset K 

 

 

K-means - Summary 
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Hierarchical clustering (Bottom-Up) 
 
Initially each point = cluster 
 
Distance between two points – easy to compute  
At each step merge pair of nearest clusters 
 
How to compute distance between clusters? Linkage! 
 
1. Single-Link Method / Nearest Neighbor 
2. Complete-Link / Furthest Neighbor 
3. Average of all cross-cluster pairs 

 
 

44
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Hierarchical Clustering:


1.    Example: Single-Link (Minimum) Method:


 

Resulting Tree, or 
Dendrogram: 

45
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Hierarchical Clustering

:


2.   Example: Complete-Link (Maximum) Method:


 

Resulting Tree, or 
Dendrogram: 

46
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Hierarchical Clustering 
 

In a dendrogram, the length of each tree branch represents the distance 
between clusters it joins 

 
Different dendrograms may arise when different linkage methods are 
used 

 

47
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K-means vs Hierarchical  

 Hierarchical Clustering:  

 Need to select Linkage Method 

 To perform any analysis, it is necessary to partition the 

dendrogram into k disjoint clusters, cutting the dendrogram at 

some point.  A limitation is that it is not clear how to choose 

this k 

 K-means 

 Need to select K 

 In both cases: Need to select distance/similarity measure 

48
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Graph clustering 

 Decompose a network into subnetworks based on some topological 

properties 

 Usually we look for dense subnetworks 

 
(current and next slides courtesy Dr. Nataša  
Pržulj of Imperial College) 
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E.g., Nuclear Complexes 
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Graph clustering 

 

Example algorithms: 

 Highly connected subgraphs (HCS) 

 Restricted neighborhood search clustering (RNSC) 

 Molecular Complex Detection (MCODE) 

 Markov Cluster Algorithm (MCL) 
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Sara Aibar et al. Bioinformatics 2015;31:1686-1688 

© The Author 2015. Published by Oxford University Press.
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Thoughts to think 

 

 Recently biomedical research has become increasingly dependent on 

sophisticated modeling, analysis and computational techniques to deal 

with Big Data.  

 For big data comprehension/analysis one needs to understand and use 

tools originated from computational sciences and to require creating 

new ones! 

 Data  Information  Knowledge  

 Clustering helps!!!  
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