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DataMining & R avec Stéphane Tufféry A Brief Introduction To More Advanced R



“An expert is a man who has made all the mistakes which can be made, in a narrow field ” N. Bohr
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R R is an interpreted language where expressions are entered into the R console, and a program within the R system (called the interpreter) executes the code, unlike C but like Javascript. 1



> 2+3



2



[1] 5



R is an Object-Oriented Programming language. The idea is to create various objects that contain useful information, and that could be called by other functions (e.g. graphs). 1



> a print (a)



3



[1] 5
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R A package is a related set of functions, including help files, and data files, that have been bundled together and is shared among the R community 1



> i n s t a l l . p a c k a g e s ( " q u a n t r e g " , d e p e n d e n c i e s=TRUE)



2



> l i b r a r y ( quantreg )
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S3 and S4 classes “Everything in S is an object. Every object in S has a class.” S3 is a primitive concept of classes, in R To define a class, use 1 1



> p e r s o n 3 JohnDoe3 JohnDoe3



3



$name



4



[ 1 ] " John "



5



$ age



6



[ 1 ] 28



7



$ weight



8



[ 1 ] 76



9



$ height



10



[ 1 ] 182



11



attr ( , " class " )



12



[ 1 ] " person3 "



c r c t s e t C l a s s ( " person4 " , r e p r e s e n t a t i o n ( name=" c h a r a c t e r " , age=" numeric " , w e i g h t=" numeric " , h e i g h t=" numeric " ) )



2



> JohnDoe4 JohnDoe4



2



An o b j e c t o f c l a s s " p e r s o n "



3



S l o t " name " :



4



[ 1 ] " John "



5



S l o t " age " :



6



[ 1 ] 28



7



S l o t " weight " :



8



[ 1 ] 76



9



Slot " height " :



10



[ 1 ] 182



Here we have
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S3 and S4 classes Observe that 1 1 2 3 4



> JohnDoe3 $ age [1] [1]



object , separator ) return (



28



> JohnDoe4@age 28



> s e t G e n e r i c ( "BMI4" , f u n c t i o n ( s t a n d a r d G e n e r i c ( "BMI" ) ) )



2 3



> setMethod ( "BMI4" , " p e r s o n 4 " ,



4



function ( object ){ return ( object weight*1e4/object h e i g h t ^ 2 ) } )



5 6



To create our BMI function, use
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> BMI4( JohnDoe ) [ 1 ] 22.94409
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R has a recycling rule



Numbers, in R



11



> x x x



3



[ 1 ] 2.718282



12



> y x+y



14



[ 1 ] 101 202 303 404 501 602 703



About large numbers, 4 5 6 7 8 9 10 11



804



> 1/0 [1] Inf > . Machine $ d o u b l e . xmax [ 1 ] 1 . 7 9 7 6 9 3 e +308 > 2 e+307< I n f [ 1 ] TRUE > 2 e+308< I n f [ 1 ] FALSE



4



> for ( i in 1:2) {



5



+



nom_v a r x1



9 10 11
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[1] 4 6 5 8 9 > x2 [1] 6 9 5 8 5
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It is possible to consider some active building variables



Numbers, in R About naming components of a vector



4



> x x



6



[ 1 ] 0.8018263 0.1685260 0.5900765 0.8230110



4



> x names ( x ) x



8



7



a b c d e f



8



1 2 3 4 5 6



9



> x[2:4]



10



> x % x



11



2 3 4



12



12



> x [ c ( "b" , " c " , "d" ) ]



13



13



b c d



14



14



2 3 4



15



> x x



[ 1 ] 0.8018263 0.1685260 0.5900765 0.8230110



9



17
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> x



> l i b r a r y ( pryr )



[ 1 ] 0.08434417 > x [ 1 ] 0.9253761



[ 1 ] 0.1255551
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Numbers (∈ R), in R



1 2 3 4 5 6 7



> ( 3 /10−1/ 1 0 ) [ 1 ] 0.2 > ( 3 /10−1/ 1 0 )==(7/10−5/ 1 0 )



9 10



> set . seed (1)



12



> U U[ 1 : 4 ]



14



> ( 3 /10−1/ 1 0 ) −(7/10−5/ 1 0 ) [ 1 ] 2 . 7 7 5 5 5 8 e −17 > a l l . e q u a l ( ( 3 /10−1/ 1 0 ) , ( 7 /10−5/ [ 1 ] TRUE > ( e p s options ( d i g i t s = 3)



16



> U[ 1 : 4 ]



17



[ 1 ] 0.266 0.372 0.573 0.908



18



> options ( d i g i t s = 22)



19



> U[ 1 : 4 ]



20



[ 1 ] 0.2655086631420999765396 0.3721238996367901563644 0.5728533633518964052200 0.9082077899947762489319
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Matrices, in R 1 2



> (N (M=m a t r i x (N, 4 , 5 ) )



4



16



> M>.6



17



[ ,1]



[ ,2]



[ ,3]



[ ,4]



[ ,5]



18



[ 1 , ] FALSE FALSE TRUE TRUE TRUE



[ ,1]



[ ,2]



[ ,3]



[ ,4]



[ ,5]



19



[ 2 , ] FALSE TRUE FALSE FALSE TRUE



5



[1 ,]



9



4



8



5



7



20



[ 3 , ] FALSE TRUE FALSE TRUE FALSE



6



[2 ,]



3



4



4



3



2



21



[ 4 , ] TRUE TRUE FALSE FALSE TRUE



7



[3 ,]



6



1



5



7



6



22



> M[ 1 ]



8



[4 ,]



3



4



5



6



4



23



[1] 9



9 10



> dim (N)=c ( 4 , 5 )



24



> N



25



11



[ ,1]



[ ,2]



[ ,3]



[ ,4]



[ ,5]



26



12



[1 ,]



9



4



8



5



7



27



13



[2 ,]



3



4



4



3



2



28



14



[3 ,]



6



1



5



7



6



29



15



[4 ,]



3



4



5



6



4
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> M[ 1 , 1 ] [1] 9 > M[ 1 , ] [1] 9 4 8 5 7 > M[ , 1 ] [1] 9 3 6 3
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Matrices, in R 1



> u dim ( u )=c ( 6 , 4 )



1



3



> u



2



a



4



> u [ c ( "K" , "N" ) , ]



[ ,1]



[ ,2]



[ ,3]



[ ,4]



3



K 2



b



c



d



8 14 20



5



[1 ,]



1



7



13



19



4



N 5 11 17 23



6



[2 ,]



2



8



14



20



5



> u [ c (1 ,2) ,]



7



[3 ,]



3



9



15



21



6



a



8



[4 ,]



4



10



16



22



7



J 1



7 13 19



9



[5 ,]



5



11



17



23



8



K 2



8 14 20



10



[6 ,]



6



12



18



24



9



> u [ c ( "K" , 5 ) , ]



11 12



> str (u) int [1:6 , 1:4] 1 2 3 4 5 6 7 8



10



b



c



d



E r r o r i n u [ c ( "K" , 5 ) , ] : s u b s c r i p t out o f bounds



9 10 . . . 13



> c o l na me s ( u )= l e t t e r s [ 1 : 4 ]



14



> rownames ( u )=LETTERS [ 1 0 : 1 5 ]
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Memory Issues, in R R holds all the objets in ‘memory’, and only limited amount of memory can be used. classical R message : cannot allocate vector of size ___ MB big datasets are often larger then the size of the RAM that is available on Windows, the limits are 2Gb and 4Gb for 32-bit and 64-bit respectively 1



> rm ( l i s t =l s ( ) )



2



> memory . s i z e ( )



3 4 5 6 7 8 9 10



[ 1 ] 15.05 > memory . l i m i t ( ) [ 1 ] 3583 > memory . l i m i t ( s i z e =8000) E r r o r i n memory . l i m i t ( s i z e = 8 0 0 0 ) : don ’ t be s i l l y ! : your machine has a 4Gb a d d r e s s l i m i t > memory . l i m i t ( s i z e =4000) [ 1 ] 4000
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Memory Issues, in R 1



> x3 x4 x5 x6 o b j e c t . s i z e ( x3 )



2 3 4 5



4024 b y t e s > o b j e c t . s i z e ( x4 ) 40024 b y t e s



1



> z1 z2 o b j e c t . s i z e ( x5 ) 1



6



400024 b y t e s 2



7 8



> o b j e c t . s i z e ( x6 ) 4000024 b y t e s
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> o b j e c t . s i z e ( z1 ) 24000112 b y t e s > o b j e c t . s i z e ( z2 ) 12000112 b y t e s > z3 z1 z2 o b j e c t . s i z e ( z2 ) 664 b y t e s > z2 o b j e c t . s i z e ( z1 ) 5000 b y t e s > z1 o b j e c t . s i z e ( z2 ) 664 b y t e s



7



> z2



300 , 400)



8



An o b j e c t o f c l a s s " b i g . m a t r i x "



> o b j e c t . s i z e ( z1 )



9



Slot " address " :



480200 b y t e s
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Integers, in R 1 2 3 4 5 6 7 8 9 10



> ( x_num=c ( 1 , 6 , 1 0 ) ) [1]



1



6 10



> ( x_i n t=c ( 1 L , 6 L , 1 0 L) ) [1]



1



6 10



> o b j e c t . s i z e ( x_num) 72 b y t e s > o b j e c t . s i z e ( x_i n t ) 56 b y t e s > t y p e o f ( x_num)



13 14 15 16 17 18 19 20



[ 1 ] " double " 19



11



> t y p e o f ( x_i n t ) 20



12



[1] " integer "



@freakonometrics



> i s . i n t e g e r ( x_num) [ 1 ] FALSE > i s . i n t e g e r ( x_i n t ) [ 1 ] TRUE > s t r ( x_num) num [ 1 : 3 ] 1 6 10 > s t r ( x_i n t ) i n t [ 1 : 3 ] 1 6 10 > c (1 , c (2 , c (3 , c (4 ,5) ) ) ) [1] 1 2 3 4 5
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Factors, in R 1 2 3



> ( x ( x x[1]



16



[1] A



17



Levels : A B C



18



> x [ 1 , drop=TRUE]



4



[1] A A B B C



19



[1] A



5



Levels : A B C



20



Levels : A



6



> unclass (x)



21



" , " Adult " , " S e n i o r " ) )



7



[1] 1 1 2 2 3



8



attr ( , " levels " )



22



9



[ 1 ] "A" "B" "C"



23



10



xA xB xC



24



12



1



1



0



0



25



13



2



1



0



0



26



14



3



0



1



0



15



4



0



1



0



16



5



0



0



1
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> x [ 1 ] Young Young Adult Adult Senior



> model . m a t r i x ( ~0+x )



11



> x library ( stringr )



16



> t w e e t s u b s t r ( c i t i e s , nchar ( c i t i e s )



R e g i s t e r TODAY h t t p : / / b i t . l y



−1, nchar ( c i t i e s ) ) 3 4



> unlist ( strsplit ( cities , " , " )) [ s e q ( 2 , 6 , by=2) ]



5



/ CIAClimateForum "



[ 1 ] "NY" "CA" "MA"



[ 1 ] "NY" "CA" "MA"



17



> hash s t r_e x t r a c t ( tweet , hash )



19 20



[ 1 ] "#c l i m a t e " > s t r_e x t r a c t_ a l l ( tweet , hash )



1



" Be c a r e f u l l o f



’ quotes ’ "



21



[[1]]



2



’ Be c a r e f u l l o f " q u o t e s " ’



22



[ 1 ] "#c l i m a t e "



"#a c t u a r i e s " "#



Toronto "
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Characters and Strings, in R 1



> s t r_l o c a t e ( tweet , hash ) s t a r t end



2 3 4 5



[1 ,]



10



> e m a i l=" ^ ( [ a−z0 −9_\\. −]+)@( [ \ \ da−z \\. −]+) \ \ . ( [ a−z



17



\\.]{2 ,6}) $"



> s t r_l o c a t e_ a l l ( tweet , hash ) 2



[[1]]



7



[1 ,]



10



17



8



[2 ,]



71



80



9



[3 ,]



88



95



> u r l s ex_s e n t e n c e = " This i s 1 s i m p l e s e n t e n c e , j u s t t o p l a y with , then we ’ l l p l a y with 4 , and t h a t w i l l be more d i f f i c u l t "



2 3



> ex_s e n t e n c e [ 1 ] " This i s 1 s i m p l e s e n t e n c e , j u s t t o p l a y with , then we ’ l l p l a y with 4 , and t h a t w i l l be more d i f f i c u l t "



The first step is to create a corpus 1



> l i b r a r y ( tm )



2



> ex_c o r p u s ex_c o r p u s



4







5



> i n s p e c t ( ex_c o r p u s )



6 7 8



[[1]] This i s 1 s i m p l e s e n t e n c e , j u s t t o p l a y with , then we ’ l l p l a y with 4 , and t h a t w i l l be more d i f f i c u l t @freakonometrics
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Characters and Strings, in R Here we have one document in that corpus. We see if some documents do contain some specific words 1 2 3 4



> g r e p ( " hard " , ex_s e n t e n c e ) integer (0) > g r e p ( " d i f f i c u l t " , ex_s e n t e n c e ) [1] 1



Since here we do not need the corpus structure (we have only one sentence) we can use more basic functions 1



> library ( stringr )



2



> word ( ex_s e n t e n c e , 4 )



3



[ 1 ] " simple "



@freakonometrics
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Characters and Strings, in R To get the list of all the words 1 2



> word ( ex_s e n t e n c e , 1 : 2 0 ) [ 1 ] " This " just "



3



[ 1 2 ] " play " will "



" is " " to " " with " " be "



"1" " play "



" with , "



"4,"



" and "



" more "



4



> ex_words ex_words



6



[ 1 ] " This " just "



7



[ 1 2 ] " play " will "



8 9



" is " " to " " with " " be "



" simple "



" sentence , " " " then " " that "



" we ’ l l " "



" difficult " s p l i t =" " ) [ [ 1 ] ]



"1"



" simple "



" play "



" with , "



"4,"



" and "



" more "



" sentence , " " " then " " that "



" we ’ l l " "



" difficult "



> g r e p ( p a t t e r n="w" , ex_words , v a l u e=TRUE) [ 1 ] " with , " " we ’ l l " " with "



@freakonometrics



" will "
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Characters and Strings, in R We can count the occurence of w’s or i’s in each word 1 2 3 4



> s t r_count ( ex_words , "w" ) [1] 0 0 0 0 0 0 0 0 1 0 1 0 1 0 0 0 1 0 0 0 > s t r_count ( ex_words , " i " ) [1] 1 1 0 1 0 0 0 0 1 0 0 0 1 0 0 0 1 0 0 2



or get all the words with a l 1 2



> g r e p ( p a t t e r n=" l " , ex_words , v a l u e=TRUE) [ 1 ] " simple "



" play "



" we ’ l l "



" play "



" will "



"



difficult " 3 4



> g r e p ( p a t t e r n=" l {2} " , ex_words , v a l u e=TRUE) [ 1 ] " we ’ l l " " w i l l "



or get all the words with an a or an i 1 2



> g r e p ( p a t t e r n=" [ a i ] " , ex_words , v a l u e=TRUE) [ 1 ] " This "



" is "



" simple "



" play "



" with , "



"



play " @freakonometrics
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Characters and Strings, in R or a punctuation symbol 1 2



> g r e p ( p a t t e r n=" [ [ : punct : ] ] " , ex_words , v a l u e=TRUE) [ 1 ] " s e n t e n c e , " " with , "



" we ’ l l "



"4,"



It is possible, here, to create some WordCloud, e.g. 1



> r e q u i r e ( wordcloud )



2



> wordcloud ( ex_c o r p u s )



3



> c o l s wordcloud ( words = ex_c o r p u s , max . words = 4 0 , random . o r d e r=FALSE, s c a l e = c ( 5 , 0 . 5 ) , c o l o r s=c o l s )
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Characters and Strings, in R The corpus can be used to generate a list of words along with counts of their occurrence.



1



> tdm i n s p e c t ( tdm )



8



sentence , 1



3







10



that



1



4



Non−/ s p a r s e e n t r i e s : 14 / 0



11



then



1



5



Sparsity



12



this



1



6



Maximal term l e n g t h : 9



13



we ’ l l



1



7



Weighting



14



will



1



15



with



1



16



with ,



1



frequency ( t f )



@freakonometrics



: 0% : term
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Characters and Strings, in R Note that the Corpus should be cleaned. This involves the following steps : — convert all text to lowercase — expand all contractions — remove all punctuation — remove all noise words We start with 1



> i n s p e c t ( ex_c o r p u s )



2







3 4 5 6



[[1]] This i s 1 s i m p l e s e n t e n c e , j u s t t o p l a y with , then we ’ l l p l a y with 4 , and t h a t w i l l be more d i f f i c u l t
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Characters and Strings, in R The first step might be to fix contractions 1



> f i x _c o n t r a c t i o n s l i b r a r y ( SnowballC )



2



> ex_c o r p u s i n s p e c t ( ex_c o r p u s )



4



[[1]]



5



[1]



this



simple sentence



just



play



w i l l play



will



difficult
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Characters and Strings, in R We now have a clean list of words, it is possible to create some WordCloud 1



> wordcloud ( ex_c o r p u s [ [ 1 ] ] )



2



> wordcloud ( words = ex_c o r p u s [ [ 1 ] ] , max . words = 4 0 , random . o r d e r=FALSE, s c a l e = c ( 5 , 0 . 5 ) , c o l o r s=c o l s )
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Dates, in R 1



> ( some . d a t e s ( s e q u e n c e . d a t e f o r m a t ( s e q u e n c e . date , "%b " ) [ 1 ] " o c t " " o c t " " o c t " " nov " " nov "



7



> weekdays ( some . d a t e s )



8



[ 1 ] " Tuesday " " Monday "



9 10 11 12



> Sys . s e t l o c a l e ( "LC_TIME" , " f r_FR" ) [ 1 ] " f r_FR" > weekdays ( some . d a t e s ) [ 1 ] " Mardi " " Lundi "
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Symbolic Expressions, in R Consider a regression model, Yi = β0 + β1 X1,i + β2 X2,i + β3 X3,i + εi . The code to fit such a model is based on 1



> f i t set . seed (123)



2



> d f t a i l ( df , 3 ) Y X1 X2



4 5



48 −0.557



B



2



6



49



0.950



C



2



7



50 −0.498



A



3
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Symbolic Expressions, in R 1



> r e g model . m a t r i x ( r e g ) [ 4 7 : 5 0 , ] ( I n t e r c e p t ) X1B X1C X1D X22 X23



3 4



47



1



0



0



0



1



0



5



48



1



0



0



0



1



0



6



49



1



0



0



0



0



0



7



50



1



0



1



0



1



0



1



> r e g model . m a t r i x ( r e g ) [ 4 7 : 5 0 , ] ( I n t e r c e p t ) X1B X1C X1D X22 X23 X1B : X22 X1C : X22 X1D : X22 X1B : X23



3 4



47



1



1



0



0



0



1



0



0



0



1



5



48



1



1



0



0



1



0



1



0



0



0



6



49



1



0



1



0



1



0



0



1



0



0



7



50



1



0



0



0



0



1



0



0



0



0
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Functions, in R



1



> x sum ( x )



3 4 5 1



> factorial



6



[ 1 ] 5.553364 > . P r i m i t i v e ( " sum " ) ( x ) [ 1 ] 5.553364 > cppFunction ( ’ d o u b l e sum_C(



2



function (x)



3



gamma( x + 1 )



7



+



int n = x . size () ;



4







8



+



double t o t a l = 0 ;



5







9



+



f o r ( i n t i = 0 ; i < n ; ++i ) {



10



+



11



+



}



12



+



return total ;



13



+ }’)



14



> sum_C( x )



1 2



> gamma f u n c t i o n ( x ) . P r i m i t i v e ( "gamma" )



NumericVector x ) {



15
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t o t a l += x [ i ] ;



[ 1 ] 5.553364
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Functions, in R 1



> f f formals ( f )



5



> f ()



5



$x



6



[1] 5



6



> body ( f )



7



7



x ^2



8 9



> x [ 1 ] 10 > f x [1] 5
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Functions, in R 1



> names_ l i s t x=f u n c t i o n ( y ) y/ 2



3



+ }



2



> x



4



> names_ l i s t ( a =5 ,b=7)



3



f u n c t i o n ( y ) y/ 2



4



> x x(x)



6



5



Replacement functions act like they modify their arguments in place



E r r o r : c o u l d not f i n d f u n c t i o n " x"



[ 1 ] "a" "b"



1



> ’ s e c o n d x



14



[1] 5



8
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[1]



1



5



3



4



5



6



7



8
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Functions, in R 1



> f sapply ( 0 : 1 , " f " ) [ 1 ] 1.253314 1.904271
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Functions, in R 1



> f i b o n a c c i system . time ( f i b o n a c c i ( 3 0 ) )



8



user



9



3.687
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system e l a p s e d 0.000



3.719
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Functions, in R It is possible to use Memoisation : all previous inputs are stored... tradeoff speed and memory 1



> l i b r a r y ( memoise )



2



> f i b o n a c c i binorm u binorm ( u , u )



3 4



[ 1 ] 0.00291 0.05854 0.15915 0.05854 0.00291 > o u t e r ( u , u , binorm ) [ ,1]



5



[ ,2]



[ ,3]



[ ,4]



[ ,5]



6



[ 1 , ] 0.00291 0.0130 0.0215 0.0130 0.00291



7



[ 2 , ] 0.01306 0.0585 0.0965 0.0585 0.01306



8



[ 3 , ] 0.02153 0.0965 0.1591 0.0965 0.02153



9



[ 4 , ] 0.01306 0.0585 0.0965 0.0585 0.01306



10



[ 5 , ] 0.00291 0.0130 0.0215 0.0130 0.00291
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11



> ( uv m a t r i x ( binorm ( uv$Var1 , uv$ Var2 ) , 5 , 5 )



1



> "%pm%" 100 %pm% 10



3



1



[ 1 ] 83.55146 116.44854



> f (0:1)



2



[ 1 ] 1.2533141 0.3976897



3



Warning :



4



In i f ( i s . f i n i t e ( lower ) ) { :



5



t h e c o n d i t i o n has l e n g t h > 1 and o n l y t h e f i r s t e l e m e n t w i l l be used



6 7 8 9



> Vectorize ( f ) (0:1) [ 1 ] 1.253314 1.904271 > sapply ( 0 : 1 , " f " ) [ 1 ] 1.253314 1.904271
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Functions, in R 1



> f integrate ( f ,0 , Inf )



3



1 with a b s o l u t e e r r o r < 2 . 5 e −07



4



> i n t e g r a t e ( f , 0 , 1 e5 )



5 6 7



1 . 8 1 9 8 1 3 e −05 with a b s o l u t e e r r o r < 3 . 6 e −05 > i n t e g r a t e ( f , 0 , 1 e3 ) $ v a l u e+i n t e g r a t e ( f , 1 e3 , 1 e5 ) $ v a l u e [1] 1
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Functions, in R 1



> set . seed (1)



2



> u i f ( u >.5) { ( " g r e a t e r than 50% " ) } e l s e { ( " s m a l l e r than 50% " ) }



4 5 6 7 8



[ 1 ] " s m a l l e r than 50% " > i f e l s e ( u > . 5 , ( " g r e a t e r than 50% " ) , ( " s m a l l e r than 50% " ) ) [ 1 ] " s m a l l e r than 50% " > u [ 1 ] 0.2655087



9 10



> v_x s q r t_x system . time ( f o r ( x i n v_x ) s q r t_x s q r t_x system . time ( f o r ( x i n s e q_a l o n g ( v_x ) ) s q r t_x [ i ] 



6



> system . time ( V e c t o r i z e ( s q r t ) ( v_x ) )



7



user



system



elapsed



8



0.008



0.000



0.009



9



>



10



> s q r t_x system . time ( u n l i s t ( l a p p l y ( v_x , s q r t ) ) )



12



user



system



elapsed



13



0.300



0.000



0.299
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Functions, in R 1



> library ( parallel )



2



> ( a l l c o r e s system . time ( u n l i s t ( mclapply ( v_x , s q r t , mc . c o r e s =4) ) )



5



user



system



elapsed



6



0.396



0.224



0.362
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Functions, in R Write a function to generate random numbers drawn from a compound Poisson, X = Y1 + · · · + YN with N ∼ P(λ) and Yi i.i.d. E(α). 1



> rN . P o i s s o n rX . E x p o n e n t i a l rcpd1 t r y ( a a



15



[ 1 ] 0.6931472 1.0986123 1.3862944
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Functions, in R 1



> power s q u a r e square (4)



8 9 10



function (x) { x ^ exponent }



1



> x =1:10



2



> g=f u n c t i o n ( f ) f ( x )



> cube g ( mean )



> cube ( 4 )



4



[ 1 ] 16



11



[ 1 ] 64



12



> cube



13



function (x) { x ^ exponent



14 15 16



[ 1 ] 5.5



} 
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Progress Bar, in R 1



> library ( tcltk )



1



> v_x t o t a l s q r t_x pb f o r ( i i n s e q_a l o n g ( v_x ) ) {



6



+ +



> f o r ( i i n s e q_a l o n g ( v_x ) ) {



5



+



s q r t_x c l a s s ( df )



7



[ 1 ] " data . frame "



1



> c b i n d ( df , z =9:7)



2



x y z



3



1 1 a 9



4



2 2 b 8



5



3 3 c 7
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1



> d f $ z df



3



x y z



4



1 1 a 5



5



2 2 b 4



6



3 3 c 3
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Data Frames, in R 1



> c b i n d ( df , z =9:7)



2



x y z z



3



1 1 a 5 9



4



2 2 b 4 8



5



3 3 c 3 7



6



> d f $ z df



8



x y z



9



1 1 a 5



10



2 2 b 4



11



3 3 c 3
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1



> d f df [ 1 ]



3



x



4



1 1



5



2 2



6



3 3



7



> d f [ , 1 , drop=FALSE ]



8



x



9



1 1



10



2 2



11



3 3
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Data Frames, in R



1 2 3 4 5 6 7



> d f [ , 1 , drop=TRUE] [1] 1 2 3 > df [ [ 1 ] ] [1] 1 2 3 > df [ [ 1 ] ] [1] 1 2 3 > d f $x



8



[1] 1 2 3



9



> df [ , "x" ]



10 11 12 13 14



[1] 1 2 3 > df [ [ "x " ] ] [1] 1 2 3 > d f [ [ " x " , e x a c t=FALSE ] ] [1] 1 2 3
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1



> set . seed (1)



2



> d f [ sample ( nrow ( d f ) ) , ]



3



x y xy



4



1 1 a 19



5



3 3 c 17



6



2 2 b 18



7



> set . seed (1)



8



> d f [ sample ( nrow ( d f ) , nrow ( d f ) ∗ 2 , r e p l a c e=TRUE) , ] x y xy



9 10



1



1 a 19



11



2



2 b 18



12



2 . 1 2 b 18



13



3



14



1 . 1 1 a 19



15



3 . 1 3 c 17



3 c 17
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Data Frames, in R 1



> rm ( l i s t =l s ( ) )



2



> l i b r a r y ( RCurl )



3



> dropbox_l d f dropbox_d f



dropbox_dt



s o u r c e_h t t p s t a i l ( df )



l o a d ( " d f_j s o n_2 . RData " ) P e r s_I d T r a j_Id



4



lat



lon



5



159996158



10000 2000091 3 . 8 6 0 6 6 6 −2.6781690



6



159996159



10000 2000091 3 . 9 8 3 4 1 8 −2.2454256



7



159996160



10000 2000091 3 . 9 2 9 7 7 3 −2.0908522



8



159996161



10000 2000091 3 . 9 6 7 0 6 7 −1.8922986



9



159996162



10000 2000091 3 . 8 8 1 1 8 8 −2.1948032



10



159996163



10000 2000091 2 . 9 8 9 1 9 7
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Data Frames, in R



1



> n system . time ( d f $ f i r s t l a t_0=0



2



> l o n_0=0



3



> system . time ( d f $ t e s t d f $ f i r s t d f $ l a s t object . s i z e ( df )



4



3839908904 b y t e s



6399847720 b y t e s
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Data Frames, in R



1



> system . time ( b a s e system . time ( l i s t _T r a j nrow ( b a s e 0 [1]



63453
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Data Frames, in R 1



> X l i b r a r y ( KernSmooth )



3



> kde2d image ( x=kde2d $x1 , y=kde2d $x2 , z=kde2d $ f h a t , c o l=



5 6



rev ( heat . c o l o r s (100) ) ) > c o n t o u r ( x=kde2d $x1 , y=kde2d $x2 , z=kde2d $ f h a t , add=TRUE)
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Databases, in R Consider the gapminderDataFiveYear.txt dataset, inspired from stat545-ubc 1



> g d f head ( gdf , 4 )



3



country year



4



1 A f g h a n i s t a n 1952



8425333



Asia



28.801



779.4453



5



2 A f g h a n i s t a n 1957



9240934



Asia



30.332



820.8530



6



3 A f g h a n i s t a n 1962 10267083



Asia



31.997



853.1007



7



4 A f g h a n i s t a n 1967 11537966



Asia



34.020



836.1971



8



> s t r ( gdf )



9



pop c o n t i n e n t l i f e E x p gdpPercap



’ data . frame ’ : 1704 obs . o f



6 variables :



10



$ country



: F a c t o r w/ 142 l e v e l s " A f g h a n i s t a n " , . . : 1 1 1 1 1 1 . . .



11



$ year



: int



1952 1957 1962 1967 1972 1977 1982 1987 1992 . . .



12



$ pop



: num



8425333 9240934 10267083 11537966 13079460 . . .



13



$ c o n t i n e n t : F a c t o r w/ 5 l e v e l s " A f r i c a " , " Americas " , . . : 3 3 3 3 . . .



14



$ lifeExp



15



$ gdpPercap : num
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: num



2 8 . 8 3 0 . 3 32 34 3 6 . 1



...



779 821 853 836 740 . . .
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Databases, in R One can consider tbl_df() to get an improved data frame (called local dataframe) 1



> g t b l gtbl



3



S o u r c e : l o c a l data frame [ 1 , 7 0 4 x 6 ]



4



country year



5



pop c o n t i n e n t l i f e E x p gdpPercap



6



1



A f g h a n i s t a n 1952



8425333



Asia



28.801



779.4453



7



2



A f g h a n i s t a n 1957



9240934



Asia



30.332



820.8530



8



3



A f g h a n i s t a n 1962 10267083



Asia



31.997



853.1007



9



4



A f g h a n i s t a n 1967 11537966



Asia



34.020



836.1971



10



5



A f g h a n i s t a n 1972 13079460



Asia



36.088



739.9811



11



6



A f g h a n i s t a n 1977 14880372



Asia



38.438



786.1134



12



..



...



...



...
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Databases, in R For instance, to reproduce 1



> s u b s e t ( gdf , l i f e E x p < 3 0 ) country year



2 3



1



4



1293



pop c o n t i n e n t l i f e E x p gdpPercap



A f g h a n i s t a n 1952 8425333



Asia



28.801



779.4453



Rwanda 1992 7290203



Africa



23.599



737.0686



use 1 2



> f i l t e r ( gtbl , l i f e E x p < 30) S o u r c e : l o c a l data frame [ 2 x 6 ]



3



country year



4



pop c o n t i n e n t l i f e E x p gdpPercap



5



1 A f g h a n i s t a n 1952 8425333



6



2



Rwanda 1992 7290203
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Asia



28.801



779.4453



Africa



23.599



737.0686
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Databases, in R The %>% operator can be used to generate (conveniently) datasets 1



> g t b l %>%



2



+



f i l t e r ( c o u n t r y == " I t a l y " ) %>%



3



+



s e l e c t ( year , l i f e E x p )



4



S o u r c e : l o c a l data frame [ 1 2 x 2 ]



5



year l i f e E x p



6 7



1



1952



65.940



8



2



1957



67.810



9



3



1962



69.240



17



11 2002



80.240



18



12 2007



80.546



which is (almost) the same as 19



> g d f [ g d f $ c o u n t r y == " I t a l y " , c ( " y e a r " , " l i f e E x p " ) ]
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1



Local Data Frames, in R



> system . time ( l a r r i v e % group_by ( T r a j_I d ) %>%



2



+ summarise ( l a s t_l a t= t a i l ( l a t , 1 ) , l a s t_l o n= t a i l ( lon , 1 ) ) )



1



> l o a d ( " l d f_j s o n_2 . RData " )



2



> system . time ( l d e p a r t % group_by ( T r a j_I d ) %>%



3



+ summarise ( f i r s t _l a t=head ( l a t ,1) ,



4



3



user



system



elapsed



4



60.81



0.31



62.15



5



> l a t_0=0



6



> l o n_0=0



7



> system . time ( system . time ( l a r r i v e system . time ( l f i n l o a d ( " s u p e r h e r o e s . RData " )



2



> superheroes name a l i g n m e n t g e n d e r



3 4



1



Magneto



5



2



male



Marvel



Storm



good f e m a l e



Marvel



6



3 Mystique



bad f e m a l e



Marvel



7



4



Batman



good



male



DC



8



5



Joker



bad



male



DC



9



6 Catwoman



bad f e m a l e



DC



10



7



Hellboy



bad



publisher



good



male Dark Horse Comics



for the superheroes,
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Databases, in R and for the publishers, consider 1



> publishers p u b l i s h e r yr_founded



2 3



1



DC



1934



4



2



Marvel



1939



5



3



Image



1992



There are many ways to merge those databases.
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Databases, in R Function inner_join(x, y) return all rows from x where there are matching values in y 1 2



> i n n e r_j o i n ( s u p e r h e r o e s , p u b l i s h e r s ) J o i n i n g by : " p u b l i s h e r " publisher



3



name a l i g n m e n t g e n d e r yr_founded



4



1



Marvel



Magneto



male



1939



5



2



Marvel



Storm



good f e m a l e



1939



6



3



Marvel Mystique



bad f e m a l e



1939



7



4



DC



Batman



good



male



1934



8



5



DC



Joker



bad



male



1934



9



6



DC Catwoman



bad f e m a l e



1934
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Databases, in R Function semi_join(x, y) return all rows from x where there are matching values in y, but only columns from x are kept, 1 2



> semi_j o i n ( s u p e r h e r o e s , p u b l i s h e r s ) J o i n i n g by : " p u b l i s h e r " name a l i g n m e n t g e n d e r p u b l i s h e r



3 4



1



Batman



good



male



DC



5



2



Joker



bad



male



DC



6



3 Catwoman



bad f e m a l e



DC



7



4



Magneto



bad



8



5



9



male



Marvel



Storm



good f e m a l e



Marvel



6 Mystique



bad f e m a l e



Marvel
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Databases, in R 1 2



> i n n e r_j o i n ( p u b l i s h e r s , s u p e r h e r o e s ) J o i n i n g by : " p u b l i s h e r " p u b l i s h e r yr_founded



3



name a l i g n m e n t g e n d e r



4



1



Marvel



1939



Magneto



5



2



Marvel



1939



Storm



good f e m a l e



6



3



Marvel



1939 Mystique



bad f e m a l e



7



4



DC



1934



Batman



good



male



8



5



DC



1934



Joker



bad



male



9



6



DC



1934 Catwoman



1



> semi_j o i n ( p u b l i s h e r s , s u p e r h e r o e s ) 0



2



bad



male



bad f e m a l e



J o i n i n g by : " p u b l i s h e r " p u b l i s h e r yr_founded



3 4



1



Marvel



1939



5



2



DC



1934
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Databases, in R Function left_join(x, y) return all rows from x and all columns from x and y 1 2



> l e f t _j o i n ( s u p e r h e r o e s , p u b l i s h e r s ) J o i n i n g by : " p u b l i s h e r " publisher



3



name a l i g n m e n t g e n d e r y r_founded



4



1



Marvel



Magneto



5



2



Marvel



6



3



7



4



DC



Batman



good



male



1934



8



5



DC



Joker



bad



male



1934



9



6



DC Catwoman



bad f e m a l e



1934



10



male



1939



Storm



good f e m a l e



1939



Marvel Mystique



bad f e m a l e



1939



7 Dark Horse Comics
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bad



good



male



NA
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Databases, in R There is no right_join(x, y) so we have to permutate x and y 1 2



> l e f t _j o i n ( p u b l i s h e r s , s u p e r h e r o e s ) J o i n i n g by : " p u b l i s h e r " p u b l i s h e r yr_founded



3



name a l i g n m e n t g e n d e r



4



1



DC



1934



Batman



good



male



5



2



DC



1934



Joker



bad



male



6



3



DC



1934 Catwoman



bad f e m a l e



7



4



Marvel



1939



Magneto



bad



8



5



Marvel



1939



Storm



good f e m a l e



9



6



Marvel



1939 Mystique



bad f e m a l e



10



7



Image
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male
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Databases, in R One can use anti_join(x, y) for rows of x that have no match in y 1 2



> a n t i_j o i n ( s u p e r h e r o e s , p u b l i s h e r s ) J o i n i n g by : " p u b l i s h e r " name a l i g n m e n t g e n d e r



3 4



1 Hellboy



good



publisher



male Dark Horse Comics



and conversely 1 2



> a n t i_j o i n ( p u b l i s h e r s , s u p e r h e r o e s ) J o i n i n g by : " p u b l i s h e r " p u b l i s h e r yr_founded



3 4



1



Image
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Databases, in R Note that it is possible to use a standard merge() function 1



> merge ( s u p e r h e r o e s , p u b l i s h e r s ,



2



publisher



3



1 Dark Horse Comics



4



2



5



a l l = TRUE)



name a l i g n m e n t g e n d e r y r_founded Hellboy



good



male



NA



DC



Batman



good



male



1934



3



DC



Joker



bad



male



1934



6



4



DC Catwoman



bad f e m a l e



1934



7



5



Marvel



Magneto



bad



male



1939



8



6



Marvel



Storm



good f e m a l e



1939



9



7



Marvel Mystique



bad f e m a l e



1939



10



8



Image















1992



but it is much slower (in dplyr integrates R with C++) There is also a sql_join for more advanced SQL requests).
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Data Tables, in R 1



> system . time ( l o a d ( " dt_j s o n_2 . RData " ) )



2



user



system



elapsed



3



21.53



1.33



27.71



4



> system . time ( s e t k e y ( dt , T r a j_I d ) )



5



user



system



elapsed



6



0.38



0.09



0.47



7



> system . time ( d e p a r t system . time ( a r r i v e e l a t_0=0



2



> l o n_0=0



3



> system . time ( a r r i v e e [ , d i s t :=( l a t −l a t_0 ) 2+( lon −l o n_0 ) 2 ] )



4



user



system



elapsed



5



0.03



0.08



1.60



6



> system . time ( f i n system . time ( f i n [ , l a t :=NULL] )



13



user



system



elapsed



14



0.0



0.0



0.2



15



> system . time ( f i n [ , l o n :=NULL] )



16



user



system



elapsed



17



0



0



0
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Data Tables, in R 1



> system . time ( b a s e system . time ( b a s e 



8



> head ( b a s e ) T r a j_I d



9



d i s t P e r s_I d



lat



lon



10



1:



8 0.41251163



1 −0.9597891 2 . 4 6 9 2 4 3



11



2:



36 0 . 3 4 5 4 5 3 7 3



1 −0.9597891 2 . 4 6 9 2 4 3



12



3:



54 0 . 2 4 7 6 6 6 7 1



1 −0.9597891 2 . 4 6 9 2 4 3



13



4:



71 0 . 0 0 2 1 0 0 2 3



1 −0.9597891 2 . 4 6 9 2 4 3



14



5:



117 0 . 0 0 7 5 5 4 3 2



1 −0.9597891 2 . 4 6 9 2 4 3



15



6:



130 0 . 8 2 8 0 6 3 4 2



1 −0.9597891 2 . 4 6 9 2 4 3
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Memory and Datasets, in R Instead of loading the complete dataset in the RAM, it is also possible to load it by chunks. Consider e.g. the ‘Death Master File’ .info, 1



> c o l s noms_c o l l i b r a r y ( LaF )



4



> temp s s n object . s i z e ( ssn ) 3544 b y t e s



8



> go_t h ro ug h i f ( go_t h ro ug h [ l e n g t h ( go_thr o ug h ) ] != nrow ( s s n ) ) go_t h ro u gh go_t h ro ug h go_t h ro ug h



3



[ ,1]



[ ,2]



4



[1 ,]



1



100000



5



[2 ,]



100001



200000



6



[3 ,]



200001



300000



7



8



[ 2 8 6 , ] 28500001 28600000



9



[ 2 8 7 , ] 28600001 28607398



10



>



11



> pb count_b i r t h d a y system . time ( data sum ( u n l i s t ( data ) ) / nrow ( s s n ) [ 1 ] 0.001753847
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Environments, in R An environment is a collection of names, and each name points to an objected stored somewhere 1



> a l s ( globalenv () )



3 4



[1] "a" > e n v i ro nmen t ( sd )



5







6



> find ( " pi " )



7



[ 1 ] " package : b a s e "
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1



> e e $d e $ f e $ g ls (e)



6



[ 1 ] "d" " f " "g"



7



> str (e)



8
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Environments, in R 1



> i d e n t i c a l ( globalenv () , e )



2



[ 1 ] FALSE



3



> search ()



4



[ 1 ] " . GlobalEnv "



" package : memoise "



5



[ 3 ] " package : microbenchmark " " package : Rcpp "



6



[ 5 ] " package : l u b r i d a t e "



" package : p r y r "



7



[ 7 ] " package : p a r a l l e l "



" package : sp "



8



[ 9 ] " tools : rstudio "



" package : s t a t s "



[ 1 1 ] " package : g r a p h i c s "



" package : g r D e v i c e s "



10



[ 1 3 ] " package : u t i l s "



" package : d a t a s e t s "



11



[ 1 5 ] " package : methods "



" Autoloads "



12



[ 1 7 ] " package : b a s e "



9
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Filling Forms & Web Scrapping



As in Munzert et al. (2014, http://eu.wiley.com) Consider here all people in Germany with the name Feuerstein, 1



> tb w r i t e ( tb ,



f i l e = " phonebook_f e u e r s t e i n . html " )



2



> tb_p a r s e xpath num_ r e s u l t s num_ r e s u l t s



4



[ 1 ] " \n



Privat (637) "



5



> num_ r e s u l t s num_ r e s u l t s



7



[ 1 ] 637



1



> xpath surnames surnames [ 1 : 3 ]



4



[ 1 ] " \n\ t \ t " \n\ t \ t



5



[ 3 ] " \n\ t \ t



\ t B e r t s c h −F e u e r s t e i n



Lilli "



\ t B i e r i g −F e u e r s t e i n B r i g i t t e u . F e u e r s t e i n N o r b e r t " \ t B l a t t Karl u . F e u e r s t e i n −B l a t t U r s u l a "



6



> xpath z i p c o d e s zipcodes [ 1 : 3 ]



9 10



[ 1 ] " 64625 " " 68549 " " 68526 " > xpath names_v e c xpath z i p c o d e s_v e c names_v e c z i p c o d e s_v e c e n t r i e s_d f head ( e n t r i e s_d f )



3



plz



name



4



1 64625



5



2 68549 B i e r i g −F e u e r s t e i n B r i g i t t e u . F e u e r s t e i n N o r b e r t



6



3 68526



B l a t t Karl u . F e u e r s t e i n −B l a t t U r s u l a



7



4 50733



Feuerstein



8



5 69207



Feuerstein



9



6 97769



Feuerstein



B e r t s c h −F e u e r s t e i n



Lilli



Now, we need a dataset that links zip codes (Postleitzahlen, PLZ) and geographic coordinates. We can use datasets from the OpenGeoDB project (see @freakonometrics
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http://opengeodb.org) 1



> download . f i l e ( " h t t p : / / f a −t e c h n i k . a d f c . de / code / opengeodb /PLZ . tab " ,



2



+ d e s t f i l e = " geo_germany / p l z_de . t x t " )



3



> p l z_d f p l z_d f [ 1 : 3 , ] X. l o c_i d



6



plz



lon



lat



Ort



7



1



5078 1067 1 3 . 7 2 1 0 7 5 1 . 0 6 0 0 3 Dresden



8



2



5079 1069 1 3 . 7 3 8 9 1 5 1 . 0 3 9 5 6 Dresden



9



3



5080 1097 1 3 . 7 4 3 9 7 5 1 . 0 6 6 7 5 Dresden



Now, if we merge the two 1



> p l a c e s_geo p l a c e s_geo [ 1 : 3 , ]



3



plz



4



1 1159



F e u e r s t e i n Falk



5



2 1623



F e u e r s t e i n Regina



6



3 2827 F e u e r s t e i n Wolfgang



@freakonometrics



name X. l o c_i d



lon



lat



Ort



5087 1 3 . 7 0 0 6 9 5 1 . 0 4 2 6 1



Dresden



5122 1 3 . 2 9 7 3 6 5 1 . 1 6 5 1 6 Lommatzsch 5199 1 4 . 9 6 4 4 3 5 1 . 1 3 1 7 0



G rlitz
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Now we simply need some shapefile (see slides on Spatial aspects), 1



> download . f i l e ( " h t t p : / / b i o g e o . u c d a v i s . edu / data /gadm2/ shp /DEU_adm . z i p ",



2



+ d e s t f i l e = " geo_germany / g e r_shape . z i p " )



3



> u n z i p ( " geo_germany / g e r_shape . z i p " , e x d i r = " geo_germany " )



4



> p r o j e c t i o n map_germany map_germany_l a e n d e r c o o r d s p r o j 4 s t r i n g ( c o o r d s ) data ( " world . c i t i e s " )



12



> c i t i e s _g e r 450000 |



15



+ world . c i t i e s $name %i n%



16



+ c ( " Mannheim " , " Jena " ) ) )



17



> c o o r d s_ c i t i e s p l o t (map_germany )



2



> p l o t (map_germany_l a e n d e r , add = TRUE)



3



> p o i n t s ( c o o r d s $ c o o r d s . x1 , c o o r d s $ c o o r d s . x2 , pch = 20 , c o l = " red " )



4



> p o i n t s ( c o o r d s_ c i t i e s , c o l = " b l a c k " , , bg = " g r e y " , pch = 2 3 )



5



> t e x t ( c i t i e s _g e r $ l on g ,



c i t i e s _g e r $ l a t , l a b e l s =



c i t i e s _g e r $name , pos = 4 )
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Similarly, consider Petersen, Gruber and Schultze
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