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1 CuopaBka, workspaces, 3alTyCK CKPUINTOB, ITaKeThI

1.1 CopaBka

help(package = package_name) # Cnpaska no nakemy
> help(package = lattice)

?function_name # Cnpaska no QGyHKUUU
> 71s

?"keyword" # Cnpaeka no kawuegoMy CaO8Y

> 7?"for"

> P4

> 7

> 7P [[«="

??pattern # Illouck no cnpaeke

> 77glm

apropos("pattern") # Bosepawaem HaldewHble umena Pyrkyul, nodzodswyue nod
wabaok

> apropos ("GLM")

1.2 Tlepemennsbie, paboune nmpoctpaHcTBa (workspaces), uctopus Ko-
MaHJI, BBIXOJ,



1s() # Bosepawyaem 6eKmop u3 UMEH NEPEMEHHLIT 8 MeKYyem SCope, eCAl 3anyyer 6
mepMuKane, Mo 6038paYAEm UMEHA NnepeMeHHsT u3 pabouez20 workspace

1s(all.values = TRUE) # Bosepawaem BCE umeHra nepeMenHbT mekyuyez0 Scope
(ekawyuas HawuKawyuecs c .)

rm(varname) # Ydaasiem nepemennyw. Hma 6e3 kasbluek
rm(list = 1ls(all.values = TRUE)) # [lpu eei306e u3 MEPMUHAAG -- HUCMUM
workspace

save.image(file = "workspace_file_name.rda") # cozpansem workspace (npouye
2080pA, 6ce nepemeHHvle) e dalin
load.image(file = "workspace_file_name.rda") # Bazpyraem workspace u3 paira

history(max.show = Inf) # IJokassieaem ucmopuw Komaro
savehistory(file = "history_file_name.R") # Cozpaxsem ucmopuw komand & daln

q() # Boixod us R
q("no") # Buxod us R 6e3 coxparenus workspace (npednoumumensree)

1.3 3amyck cKpunToB

source("script_file_name.R") # Buinoausem ckpunm us gailasa

Taxxke ectb yTuauTa Rscript, KoTopas MO3BOJISET BBINOJHUTL R-dailn mpsMo u3 Ko-
MaHJIHOI CTPOKU:

> Rscript script.R
Mozxkno BrmounTh ee B shabang u cienars ckpunt uctosHsgeMbiM daiiiom (B Unix):

script.R
#!/usr/bin/Rscript

args <- commandArgs(TRUE) # IJoayuwume apzymenmsl KOMAHOHOU CMpoKku & eude
8eKmopa Cmpok

print (args)

II0CJI€ 4€ro:

> chmod +x script.R
> ./script.R just command line args 3 14 15
[1] Iljustll "Comma.nd" lllinell "argS" II3II II14I| ll15ll

Ecin ectb HEOOXOMMMOCTH B JeTaJbHOM pa3bope apryMeHTOB KOMAHJIHOIM CTPOKH, He
HY2KHO IICaATh CBOW BefOeHteA 11apcep, eCTh I1akeTwl getopt| u optparse.
1.4 Ilaketnl

library("package_name") # [loOkawuaem ycmaroeaekHsll nakem.
# Kasbluku MOXHO onycmums:
> library(lattice)

install.package(”package_name”) # Ycmarnasausaem nakem c 3epkasa CRAN
> install.packages("latticeExtra")


http://cran.r-project.org/web/packages/getopt/index.html
http://cran.r-project.org/web/packages/optparse/index.html

[Ipu nepBoMm 3arycke B ceccun R nipejioxkut Boioparh 3epkaio CRAN, goctarodso BeIGpATh
“Cloud” (mepBoe B crmcke). O6parure BErManue, 910 B Unix makeThl CKAUNBAIOTCS B BUJIE UC-
XOJHUKOB 1 cobuparorcsa y Bac Ha mammmae, mo3TOMYy J1017KeH OBITH YCTAHOBJIEH KOMITHJISTOD
C/C++ /fortran u mHeobxoaumMblie 6uGIMOTEKH (TIPUYEM JIeBeJIONEPCKUe BEPCUH, B TTAKETHOM
MeHe Kepe OHU 00bIIHO mMeroT cydduke “~dev”, mampumep “libfftw3-dev”). Tlom Windows
MAKETHl CKAYMBAIOTCS y2Ke COOpaHHBIMU.

[Ipu HEOOXOIMMOCTH, MOYKHO YCTAHOBUTH CTOPOHHUE ITAKEThI U3 UCXOIHUKOB. [l 9T0TO
YJI00HO TIOJTb30BATLCs MaKeToM devtools:

install.packages("devtools")

library(devtools)

install_github("asl/rssa")

# AHQAO2UYUHO:

install_git(...); install_bitbucket(...); install_url(...); install_local
...

3/1ech makeT B JI0O0M citydae OyaeT coOupaThesa U3 UCXOIHUKOB, 1o/ Windows Hy»KHO ycTa-
HABJIMBATh M HACTpamBaTh Bechb toolchain (msys + mingw -+ meBesnonepckue u6bl). Ilox
Unix MoOryT moHaJo6uTcst HEKOTOPBIE CTAHJIAPTHBIE YTHJINTEI THIIA curl (Kak MpaBUjio, OHU
yZKe YyCTaHOBJIEHHBI ).

2 Bekropa, MmaTpuiibl, MacCCIUBbI

2.1 BekTopa, OCHOBHBIE OIlepaIlun

Haunem ¢ Toro, uro B R Her “cKajspHbIX” 3HaUYEHHUil, 11060€ CKAJSIPHOE 3HAUYEHHE (HYUCIIO,
CTPOKa) 3TO BeKTOP JHbI 1. Bekropa GbIBAIOT CJIeyIOMUX TUIOB: numeric, complex,
logical, character, T.e. 9YHCJIOBblE, KOMIIJIEKCHbIE, OYJIEBCKHE U CTPOKOBBIE. UHCJIOBBIE
BEeKTOpa Jedrcd Ha integer um double, HO 3TO JejieHHE UCKIIOYUTE/JHLHO BHYyTPEHHEE —
[IPU JeJICHUU WJIM BBIXOJE U3 JAMAlla30Ha [eJIble YUC/Ia aBTOMATUYCCKU IIPUBOAATCA K Bellle-
CTBEHHOMY THUILY.

Coznanue u mnpocreiiiias padoTa ¢ BEKTOPaAMU:

> v <- 1:10

> print(v)

[1] 1 2 3 4 5 6 7 8 910

> 10:1

(1110 9 8 7 6 5 4 3 2 1

> seq(l, 10, 2)

[11 13579

> seq(from = 10, by = 5, length.out = 6)
[1] 10 15 20 25 30 35

# Cosdarue ‘“‘nycmeiz’ eexkmopose

> v <- numeric(10)

> v

[1] 0000000000

> b <- logical(10)

> b

[1] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
> cplx <- complex(10)



> cplx

[1] 0+0i 0+0i 0+0i 0+0i 0+0i 0+0i 0+0i 0+0i 0+0i 0+0i
> ch <- character(10)

> ch

[1] L LI L 1 A L I [N 1

# Ilpouwumame saemerm
> v[2]

(11 0

> ch[3]

[1] "

> b[4]

[1] FALSE

> cplx[5]

[1] 0+0i

3anucams saemenm
v[6] <- 42

ch[7] <- "Hello"
b[8] <- TRUE
i1<-9

4i + 3 -> cplx[i]

V V V V V %

# Iloemoperus

> rep(1:3, 5) # I[locaedosamensvras ckaelka

[1] 123123123123123

> rep(1:3, each = 5) # I nosemop kaxdozo saemerma
[11111112222233333

# Konkamenayus (ckaelka)
> c(1:5, 5:1, 3:4)
[11 123455432134

Hewmuoro ciyxkebHbIX oneparuii. Berso:

> print(ch)
[1] nn nn nn nn nn nn "Hello" "" nn
[10] nn

Ecim Bur paboraere B KOMaHHON ceccuu, TO BBIBOJIUTCH PE3YIbTAT KarKJION BBIMTOTHEHHON
koManbl. Ho eciin Bol mpoBojinTe Kakue-To JIeficTBUS B IUKJIE, B (DYHKIIUU, B BHI3LIBAEMOM
o source () mwiu Rscript ckpurire, TO »KeJIaeMblil BHIBOJ, HEOOXOIUMO Je/IaTh sIBHO.

Kcraru roBops, eciim Bor pabotaere B KOMaH/IHOI CTpOKe, TO nlepeMenHas .Last.value
BCETIa COJIEPKUT Pe3YJIbTaT MOCTIe Hel KOMaHIbI:

>2+ 2

[1] 4

> print(.Last.value)
[1] 4

Summary:



> summary(1:10)
Min. 1st Qu. Median Mean 3rd Qu. Max.
1.00 3.25 5.50 5.50 7.75 10.00

Boobme summary () (kak, kcratu, u print ()) — 910 nosmmopdHbie QYHKIMI, JJIsT KA¥KJIOT0
Tuia 00bLEKTa OHU OIPEJIE/IEHBI O-cBoeMy. st 9uc/ioBbIX BeKTOpOB summary () BBIBOIUT
KBaHTWIN U cpeiHee. HesambicioBaTo, HO ObIBAET MMOJIE3HO

JlnuHaa BekTOpA:

> length(v)

[1] 10

> length(v) <- 5

> v

[11 00000

> length(v) <- 10

> v

[1] 0 O O O O NA NA NA NA NA

Oyukius length () paboraer u Ha npucaunBanue. [Ipu nombITKe yBeJIMYIUTD JIJIMHY BEKTOPA
HOBBIE 9JIEMEHTHI NOJIy4aloT 3Hadenue NA, T.e. IPOIYIIEHHOE 3HAYCHUE.
Tun BekTOpa:

> mode(v) # Jozuueckuld mun (mode)

[1] "numeric"

> storage.mode(v) # Xparumeil mun. Hywken pedko, 6 OCHOBHOM, €CAU TOYEmcCs
nepedams Yykazamensb Ha obzekm “‘hapyry’’

[1] "double"

O6e ¢dyukum paboTaroT Ha IPUCBaUBaHUE, U3MEHASA THI 00bEKTA.
Tax>ke MOXKHO COBEPIINTH IIPUBEIEHNE THIIA ¢ IIOMOIBI0 (PYHKINI as.whatever ():

> as.character(10)

(1] "10"

> as.logical(10)

[1] TRUE

> as.numeric("33.5")
[1] 33.5

> as.integer("33.5")
[1] 33

> as.integer(33.5)
[1] 33

Bee CTaH/JapPTHBIC Ollepallul C BEKTOPpaMU BEKTOPU30BaHbI, T.€. BBIIIOJIHAIOTCS II03JIEMEHT-
HO:

> 1:10 + 10:1

[1] 11 11 11 11 11 11 11 11 11 11

> sin(1:10)

[1] 0.8414710 0.9092974 0.1411200 -0.7568025 -0.9589243 -0.2794155
[7] 0.6569866 0.9893582 0.4121185 -0.5440211

[Ipu sTOM eciim B OmHapHOil Ollepalui BCTPEYAIOTCs BEKTOPA HEOIUHAKOBON JIJIMHBI, TO MC-
HOJIB3YIOTCST TaK Ha3bIBaeMoe IeperuchiBatne (recycling), BEKTOp MeHbIIeil JIHHbI aBTOMA~
TAYECKH IIOBTOPAETCH HYZKHOE YHCJIO Pa3:




> 1:10 + 1:5
[1] 2 4 6 810 7 9 11 13 15

[Ipu sToM, ecytu jijTMHA MEHBIIErO0 BEKTOPA He SBJIAETCH JIeJIUTE/IeM JIJIMHBLI OOJIbINei, Oy1er
BBIBEJIEHO TIpeIynpesKieHne (warning):

>1:10 + 1:3
[11 2 4 6 5 7 9 81012 11
Warning message:
In 1:10 + 1:3 :
longer object length is not a multiple of shorter object length

OOBIMHO MEHBIHNI BeKTOP NMeeT JINHY | 1 TaKoil mpob/ieMbl He BOSHUKAET

> (1:10)"2
[1] 1 4 9 16 25 36 49 64 81 100

I{CTELTI/I7 CTelleHb uMeeT 0ojiee BBICOKMIA IIPUOPUTET, YEM ::

> 1:372
[1] 123456789

[Tostesnbie BekTOpU30BaHHbIE (DYHKITUN:
a+b,a-b,a*xb,a/b#/ delicneus apudmemuru
a "~ b # cmenens

0 0 0/0
a h/h b, a%h b # yesouucaernnoe denenue u 83amue ocmamka
exp(x), log(x) # skcnonenma u nozapugpm

abs(x) # Modyas

Re(z), Im(z), Conj(z), Mod(z), Arg(z) # Bewecmsernnas U MHUMOA 4aCMb,
KOMNAEKCHOE CONpAKkeHue, MoOYyab U ap2yMeHm

cos(x), sin(x), tan(x), acos(x), asin(x), atan(x), atan2(y, x) #

Tpuzoromempus
x =y, x!=y, x>y, x >y, etc # nosaemenmubie CpPABHEHUS
>1:10 > 5

[1] FALSE FALSE FALSE FALSE FALSE TRUE TRUE TRUE TRUE TRUE

x &y, x|y, xor(x, y) # bysaesckue nosaemenmnsie onepayul
x && y, x || y # 6ysresckue onepayuu Oas eekmopog Oaunsl 1, bliuCALEMble NO
kopomkolU cxeme

Arperupyrontie dyuknun. Hapsiy ¢ mosiaemeHTHON BeKTopusarmeil (oburemn GyHK-
[IMOHAJIBHOIO MTPOrPAMMUPOBAaHUsS HA3BaJu Obl ee “map”) ecTb (DYHKIUH, COMOCTABIISIONINE
BeKTOpYy e/uHu4IHOe 3HaueHne (yoburesn PII Hazsaau 6b1 310 “reduce”). Bor npumepsr Ta-
KuX (pyHKIHL:

sum(x), prod(x) # Cymma u npouseedenue ecexr saemMeHmos
max(x), min(x), which.max(), which.min() # Makcumym-murumym u undekc
MAKCUMAAbHOZ0 U MUKUMAALHOZ0 SAEMEHMQ



mean(), sd(), cov(), cor(), median(), mad(), quantile() # Cmamucmuveckue
PyrKrYUU

all(x), any(x) # Jozuueckue gyunkyuu, eosepauyawm TRUE, ecau ece (uau zoms 6bl
00UH) U3 SAEMEHMO8 6eKMOPa UCMUHA

2.2 Bekrtopa, moctyn K 3jgemenTtam (subscripting, magekcHas Tex-
HUKA)

JToCTyIn K 9JIeMEeHTaM BEKTOPa OCYIIECTBIIAETC ¢ TIOMOIIbIo oreparopa “|” (“subscript”). To-
cTyn paboTaeT Kak Ha UTEHUEe, TaK U Ha 3aIUCh:

x[7]
x[?] <-y

Yrenne Bo3BpaIIaeT MOJBEKTOP (BO3MOXKHO, 4TO Iycroii). IIpn 3ammcen moasekrop mepesa-
IIICBIBAETCS 3HAYEHNUSIMH W3 BEKTODA, CTOAIlero B mpasoil dactu (y). Eciam nimusr mepe-
3aIIICHIBAEMOIO OJBEKTOPA U IPABOl YACTH HE COBIAJIAIOT, IPHMEHAETCS [ePENUChIBANNe
(ecim KOJIMYECTBO 3aMEHsIeMbIX 3HAYCHHUN He [eJUTC Ha KOJINYIECTBO HOBBIX, TO BBLIBOJUTCS
IPeJLyTIPEsK ICHNE).

Yro moxKer croATh BHyTpH: | |7

2.2.1 YwucjoBoi1 BEKTOp MHIEKCOB

Bce Heresible 3HAYEHMsI TPUBOJSATCS K T1€JIbIM (0TOpackiBaeTcst jpobHas dacTh). Hyau or-
bpaceiBatoTcsd. JIJIs1 MOIOKATEILHBIX HHIEKCOB BO3BPAIIAIOTCS COOTBETCBYIOIINE 3JIEMEHTHI
(mymeparust or eaquHUIB!):

> v <- c("a", "b", "c", "d", "e", "f", "g", "h")

> vlic(1l, 3, 5.9)]

[1] "a" "c" "e"

> v[c(1l, 3, 5.9)] <- "X"

> v

[1] "X" "p" "X" "dn UK Uf" vgt vhe

JList oTpUIATEIbHBIX BO3BPAIIAIOTCSA BCE 3JIEMEHThI, KPOME HAa3BaHHBIX:

> v[-c(2, 4, 7.7)]

[1] n"xm mwxm wxe wf" th"

> v[-c(2, 4, 7.7)] <- Y

Error: object 'Y' not found

> v[-c(2, 4, 7.7)] <- "y"

> v

[1] "y®™ m"p'omym ngromynowyn o ngnowyn

CMemmuBars OTHUIlaTCJIbHBIC U ITIOJIO?KUTEJIbHBIC MHICKCHI HEJ/Ib341. Ha urenue moJioxkuTeabHbIe
MHIECKCbI MO2KHO ,ZLy6JII/Ip0BaTbI

> v

[1] LUTAUNNTE CUUNRNTR'ATNIFS KUNSTR A LRSI Al ugn nyn
> vlc(l, 1, 1, 2)]

[1] ||Y|| ||Y|| uYu nbu



Ha szanuces Toxe MO2KHO, HO B TaKOM CJIy4da€ 9JIEMCHT C IIOBTOPEHHBbIM HHIEKCOM 6y,ueT I1e-
pe3alinCald HECKOJIBKO pa3 U B UTOI'€ B HEM OKa2KeTC:d HOC.HG,ZLHI/IIZ 3alIMCAHHBINA S.HGMGHT:H

> V[C(l, 1, 1)] <_ C(IIXII, "Y", "Z")
> v
[1] uzn nbu "C”

2.2.2 Jlorm4deckuii BeKTOp-MacKa

Beioupatorcs ssementni, coorsercrByionie TRUE. Eciu BekTOp HEpoCcTATOYHON JIJIMHBI,
HCIIOJIBL3YeTCs MeperrchiBanue (ec/u JIJINHA MacKU He JIEJIUT JIJINHY BEKTOPa, TO BbIBEJIET-
csl COOTBETCTBYIOIEe mpeaynpexaenue). Ecin BekTop-mMacka 6OJbIie JIMHBI BEKTOPaA, TO
BEKTOD YJJIHHSIETCs JI0 HeOOXO MO JUIHHBI U JomoJiHsgeTcs nporyckamu (NA).

> v <-1:10

> v[c(TRUE, FALSE)] # Beibpams uemHsle saemermsl

[1] 13579

> v[c(TRUE, FALSE)] <- 42 # Bamenums uemHsble 3.aeMeHmbl
> v

[1] 42 2 42 4 42 6 42 8 42 10

B ocHOBHOM, B Ka4uecTBe JIOTUIECKON MACKU UCIOJIb3YIOTCA BhIPasKEHUs- 3aIIPOCHI

> vlv > 6] <- 0 # Bamerums saemenmsl > 6
> v
[1] 0204060000

TyT ner Hukakoit Marum — v > 6 BO3BpAIAeT JIOTHYECKUN BEKTOP.

2.2.3 CTpOKOBBIii BEKTOpP UMEH

JL1st Toro, 9TOOBI OOpAaIIaThCs K 3J/eMEeHTaM BeKTOpa 110 UMeHaM, HeoOXOINMO 3T NMeHa Ha-
BHAYUTH. Y KaxKJI0I0 BEKTOPa €CTh BO3MOXKHOCTb YCTAHOBUTDH aTPUOYT names — CTPOKOBDI
BEKTOP TaKOI »Ke JITUHBI, KaK U caM BEKTOP:

> v <- 1:3

> names(v) <- c("a", "b", "c")
> v

abc

123

> names (v)

[1] gt npnm nen

BekTop cran numenoBanubiM. Terephb ecin rmepearh B KA4eCTBE WHEKCA CTPOKOBBIN BEKTOD,
Oy/yT BBIOPAHBI COOTBETCTBYIOIIUE 3JIEMEHTHI:

> V[C("a”, "b”)]

ab

12

> v[lc("a", "b")] <- 42
> v

a b c

42 42 3

1.HI/ILIHO A CHUTAIO, 9YTO UCIIOJIb30BAaTh IOBTOPHBIE MH/ICKCHI Ha 3allUCh — OY€Hb CKBEpHad HIed.

9



2.3 Marpunbl 1 MacCUBBI
2.3.1 Cozganue u pasMepHOCTb MATPHUIL

Matrpuiia co3gaercd ¢ IMOMOIIbI0 OJHOUMEHHON KOMaH/IbI:

>m <- matrix(1:9, 3, 3)
> m
[,11 [,2] [,3]
[1,] 1 4 7
[2,] 2 5 8
3, 3 6 9

Martpurper B R npencrasisior coboit Bekrop (¢ passeprkoit FORTRAN-style, T.e. mo cTos6-
I[aM) CO CIIEIUaJIbHBIM aTPUOYTOM Pa3MEpHOCTH:

> dim(m)
[1] 3 3
> length(m)
[1] 9
> dim(m) <- c(1, 9)
> m
(,11 [,2] [,3] [,4] (,5] [,e] [,7]1 [,8] [,9]
[1,] 1 2 3 4 5 6 7 8 9

Kak Bugure, arpubyT JI0CTyIIeH Ha 3aIUCh, €IMHCTBEHHOE, HE0OX0IMMO, YToOBI prod (dim(x))
= length(x).

Takxke ectb dyaKIMu nrow () u ncol (), BO3BpAIIAOT YUCJIO CTPOK U CTOJIOIOB COOTBET-
CTBEHHO.

2.3.2 Omnepaiuu ¢ MaTpUIAMU

Tak Kak MaTpPUIbl ABJISIOTCA BEKTOPaMH, JIjIsI HUX MOYKHO JIeJIaTh Te »Ke OllePalluu, 9TO U
JIJIsT BEKTOPOB; IIPU 9TOM Pa3MEPHOCTH OY/IeT COXPaHSIThCS:

> m <- matrix(1:9, 3, 3)
> sin(m)
[,1] [,2] [,3]

[1,] 0.8414710 -0.7568025 0.6569866
[2,] 0.9092974 -0.9589243 0.9893582
[3,] 0.1411200 -0.2794155 0.4121185
>m+m

[,11 [,2] [,3]
[1,] 2 8 14
[2,] 4 10 16
[3,] 6 12 18
>m " 2

[,11 [,2] [,3]
[1,] 1 16 49
[2,] 4 25 64
[3,] 9 36 81
>m *x 2

[,11 [,2]1 [,3]

10



[1,] 2 8 14
[2,] 4 10 16
[3,] 6 12 18
>m *m

[,11 [,2] [,3]
[1,] 1 16 49
[2,] 4 25 64
[3,] 9 36 81
>m > 10

[,11 [,21 [,3]
[1,] FALSE FALSE FALSE
[2,] FALSE FALSE FALSE
[3,] FALSE FALSE FALSE
>m> 5

[,11 [,2] [,3]
[1,] FALSE FALSE TRUE
[2,] FALSE FALSE TRUE
[3,] FALSE TRUE TRUE

O6paTI/ITe BHHMaHHE, 9TO IIPOU3BEACHUC MaTPUIL — IIO3JIEMETHOE. ECJH/I MbI XOTHUM IIOJIYYIUTDH
OOBIYHOE OIEPATOPHOE MIPOU3BEJICHUE, CJIE/LYET UCIOIb30BATD /*:

>m %*x% m

(,11 [,2]1 [,3]
[1,] 30 66 102
[2,] 36 81 126
[3,] 42 96 150

BekTop 6e3 arpubyTta pa3MepHOCTH CYUTACTCH BEKTOP-CTOJIOIOM, HO NPH YMHOXKEHUN
BEKTOpa Ha MaTPHUILYy CJIEBA BEKTOP aBTOMATHYIECKU TPAHCIIOHUPYETCST:

> m

[,11 [,2] [,3]
[1,] 1 4 7
[2,] 2 5 8
[3,] 3 6 9
>m %*% 1:3

[,1]
[1,] 30
[2,] 36
[3,] 42
> 1:3 %*% m
(11 [,2]1 [,3]

[1,] 14 32 50

Ob6paruTe BHUMAaHME, YTO yMHOXKEHHE “*” 9TO 03 IeMETHOE YMHOKEHIE KazKJI0r0 CTOJI0a
Ha BEKTOD:

>m * 1:3

(,1]1 [,2]1 [,3]
[1,] 1 4 7
[2,] 4 10 16
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[3,] 9 18 27

2.3.3 ®Dyuknum ajsa padboThl ¢ MATPUIIAMU

solve(m) # obpamnas mampuya
solve(m, y) # m~ly, Ho ewbiuucasemcs ycmolvusee
t(m) # mpancnonuposarue

qr(m), eigen(m), svd(m), chol(m) # kunaccuuweckue mampuursie passoxerus (R,
EVD, SVD u pasaoxenue Xoneykozo)

crossprod(x, y) # a1y, o esiuucasemcsa wemmozo bbicmpee
tcrossprod(x, y) # xy', axarozuuno
crossprod(x), tcrossprod(x) # ymuomenue camy na ceba: x'x u rr'

diag(m) # daa mampuysl, eosspayaem eekmop 2aa8HOU OUGZOHAAU, NPU SMOM
0ocmynka Ha 3anucs
> m <- matrix(1:9, 3, 3)

> diag(m)
[1] 159
> diag(m) <- -diag(m)
>m
[,11 [,2] [,3]

1,1 -1 4 7
[2,] 2 -5 8
(3,] 3 6 -9

diag(n) # daa uwucaa -- sosspayaem eOUHUYHYW MAMPUYY NOPAOKA N
> diag(3)
(,11 [,2] [,3]

[1,] 1 0 0
[2,] 0 1 0
[3,] 0 0 1

Creiika mMaTpuir:

cbind(a, b, ¢, ...) # Ckaelika mampuy no cmoabyam: [a:b:c:...]
rbind(a, b, c, ...) # Ckaelka mampuy no cmpokam (8epmukasbHo)

Eciin BekTop (He mMaTpuily) nepejaarh Ha Bxoj cbind (), To o OyjeT paccMaTpUBATLC Kak
crosber, a ecian rbind() — To Kak crpoka. [Ipm 9ToM /st BEKTOPOB M MaTpHI] pabOTAIOT
[IPABUJIA IEPEIChIBAHUSI.
CymMa u cpejiHee 10 CTPOKAM U CTOJIOIAM:
> m <- matrix(1:9, 3, 3)
> rowMeans (m)
[1] 4 5 6
> colMeans (m)
[1] 2 538
> rowSums (m)
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[1] 12 15 18
> colSums (m)
[1] 6 15 24

2.3.4 MmuoromepHble MAaCCUBBI

Takzke, KpOMe MaTpUIL IPUCYTCTBYIOT U MHOTOMEDHbIe MacCuBbl (TeH30phl) array ():

> a <- array(1:8, dim = c(2, 2, 2))
> a
3 b 1

[,1]1 [,2]
[1,] 1 3
[2,] 2 4

(.11 [,2]
[1,] 5 7
[2,] 6 8

2.4 Marpunbl 1 MacCUBbI, JOCTYyN K 3JIEeMEHTaM

O6Cy,HI/IM O6paIHeHH6 K dJieMeHTaM MaTpull 1 MHOI'OMEPHBIX MaCCHUBOB. AHaJIOrMYHO BEKTO-
pPaM, o6pameHHe BO3MOZKHO KaK Ha 4YTeHHe, TaK U Ha 3allMCh

2.4.1 OobpameHue Kak K BEKTOPY

N marpuia, u MaccuB sBISIOTCS BEKTOPOM, CJIEJIOBATEIBLHO, I HUX PA0OTAIOT TE YKE METO-
JTbI UHJIEKCUPOBAHUSA, UTO U JJIsi BEKTOPOB, IIPU 3TOM. HAIIOMUHAIO, MaTPUIIA YK/ IbIBACTCI
B BeKTOp 10 crosibriaM. Ha mpakTuke, moxKaJryii, U3 9TOro MOXKeT ObITb IO0JIe3Ha TOJIHKO
TeXHUKa ‘“JIOTMIEeCKUX 3allPOCOB’ THIIA:

m[m > 10]
m[m < 0] <- 0

2.4.2 ObpaineHue K 1eKapTOBOMY NPOU3BEIECHUIO N3MEPEHU

Jist obpalrennst K MaTpUIle MOYKHO UCIIOJIb30BATD JIBYXUHJIEKCHYIO TEXHUKY (& Jjist obpariie-
HUsI K MACCUBaM — I'-WHJIEKCHYTO, TJIe I — KOJUYECTBO U3MEPEHMil):

m[i, jl

ali, j, k]

rae i, j, k MOTyT OBITH YHCJIOBBIMU, JIOTMYECKUMHU WJIA CTPOKOBBIMH BeKTOpaMu. Pe3yib-

TaToOM OYyJIeT HOJIMACCUB TOfi K€ CTPYKTYPbI (II0BBIOOPKA [TPOU30MIET HE3ABUCUMO 110 BCEM
MU3MEPEHUSIM ).

> m <- matrix(1:9, 3, 3)
> m
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[,11 [,2] [,3]

[1,] 1 4 7

[2,] 2 5 8

[3,] 3 6 9

> m[c(TRUE, FALSE, TRUE), -1] # Bubpame 1 u 3 cmpoku u ombpocums 1 cmonbey
(.11 [,2]

[1,] 4 7

[2,] 6 9

Y1066 UMETHh BO3MOXKHOCTb O0paIlaThCsd K CTPOKAM U CTOJIOIAM MATPUIIBI 110 UMEHaM,
HY?KHO 33/1aTh aTpubyThl colnames u rownames (a B ciydae MaccuBa — aTpubyT dimnames):

> m <- matrix(1:9, 3, 3)

> rownames(m) <- c("a", ”b", "C")

> colnames(m) <- C("X", uyn’ uzu)

> m[c("a“, "C"), C(nyu, nyu, ”X")]
yyXx

ad44d1

c 663

> a <- array(1:8, dim = c(2, 2, 2))

> dimnames(a) <- list(c("a", "b"), c("i", "j"), c("x", "y"))
> a

, , X

(V)
[a=y
W .

i]
abyv7
b 6 8
> a[uan ||jn ||yn]

b b

(1] 7

Hy}KHO OTMETUTD ABC TOHKOCTH. IBO—HGPBBIX7 OJINH NJIN HECKOJIbKO NHCKCOB MO2KHO OHYC-
K&Tb7 9TO 6yj_l;eT O3Ha4YaTh Bbl60p BCero aualia30Ha. BO-BTOprX, €CJIn B p€3YJIbTaTe BbI60pa
HOHy“IeHHbeI MaCCUB 6y,H‘eT NMETDH MeHbIHYIO paBMepHOCTI), qeM HCXO,ILHBIﬁ (HaHpI/IMep, BbI-
6I/IpaeM CTpOKy n3 ManI/IHbI), TO BBIPO2KIEHHbIE M3MEPEHNA aBTOMATHYECKU “CXJIOHHYTCH”

(drop):

m <- matrix(1:9, 3, 3)
m

#Hit [,11 [,2]1 [,3]
## [1,] 1 4 7
# [2,] 2 5 8
## [3,] 3 6 9
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m[1, ]
# [1] 1 47
m[, 1]
## [1] 1 2 3
B 6OJIbLHI/IHCTBe CJIydaeB 9TO y,ZLO6HOZ KOTI'/la MbI U3BJIEKa€M CTPOKY HJIN CTOJI66H, 6OJIee
NPUATHO TOJIYYaTh BEKTOP, a He JUIMHHYI0 MaTpuily. Ho mHorma tpebyercs, 4TOOBI OJ-

MaCCHUB UMeJI CTPOro TaKyio »Ke pa3MepHOCThb, KaK U MCXOJHBINH MaccuB. YToObI n30ekaTh
CXJIONBIBAHUA U TOJIYIUTH MACCUB TO K€ Pa3sMEPHOCTU HYKHO sIBHO yKa3aTh:

m <- matrix(1:9, 3, 3)
m[1, , drop = FALSE]

#it [,11 [,2]1 [,3]
## [1,] 1 4 7

m[, 1, drop = FALSE]

#Hit [,1]
## [1,] 1
# [2,] 2
## [3,] 3

2.4.3 OoOpaiienre Mo MHOTOMEPHOMY HHJIEKCY

Mozkuo mepegars B [ ] mMarpuity u3 r cTos0IOB U 1 CTPOK, TJe T — YUCI0 u3MepeHuit (2
JUUIst MaTpHIlbl). B pesysibrare KaxKiast CTpoKa OyjIeT paccMaTpUBAThCs KaK HaOOP KOODIMHAT
BBIOMPAEMOTO 3JIEMEHTA U PE3y/ILTATOM OyJIeT BEKTOD JIJIMHBI N

> m <- matrix(1:9, 3, 3)
> mlcbind(1:ncol(m), ncol(m):1)] # Anmuduazorans
[11 75 3

3 Choucku

CHmcok — 3TO BEKTOp, KOTOPBIN MOXKET XPaHUTb 3JIEMEHTHI Pa3IUIHbIX TUIOB. B oTimtane
or Python, Her BO3MOXKHOCTH CO3/1aTh PEKYPCUBHBIN CIHUCOK (TaK KAaK KOIMPOBAHUE BCEIJIA
IIPOUCXOJIUT 110 3HAYCHUIO).

3.1 Cospanue caomcka, cKJjeiika, IOBTOpPEHHNEe

1 <- list(a =1, b = "string", f = q)
1
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## $a

## [1] 1

##

## $b

## [1] "string"

##

##t $f

## function (save = "default", status = 0, runlLast = TRUE)
## .Internal(quit(save, status, runlast))
## <bytecode: 0x29d1a88>

## <environment: namespace:base>

1 <- list(a =1, 2) # He obasameabHo ece saeMeHmMbl OOANKHbI UMEMb UMEHA
1

## $a
## [1] 1
H#it

## [[2]]
## [1] 2

1 <- as.list(1:3)

1

11 <- list(1, "A™)

12 <- list("b", 10)

c(11, 12) # Cnucku MoxHO ckaeugame
rep(1l1, B) # U noemopsams

3.2 OoOpamieHue K 3J1eMeHTaM
3.2.1 Bsgarue nmoacoucka
Jlnst cimckoB omneparop [ paboraer Tak:ke, KaK M JIJIT BEKTOPOB, TOJIHBKO BO3BPAIIaeTCs HE

IIOJIBEKTOP, a MOJICITNCOK:

1 <- list(a =1, b = "string", d = TRUE)
1[1:2]

## $a

## [1] 1

##

## $b

## [1] "string"

1[-2]
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## $a

## [1] 1

#t

## $d

## [1] TRUE

1 [ePa®, i)

## 3%a

# [1] 1

##

## $b

## [1] "string"

1[1:2] <- 1list(5, "char")
1

## $a
## [1]
#t

## $b
## [1] "char"
##

## $d

## [1] TRUE

o1

3.2.2 Basdgrue sjiemeHTa

Omnepatop [[ mo3BosisieT 00paTUTHCS K SJIEMEHTY:

1[[1]]
## [1] 5

1[0["d"]] <- 1list(42)
1

## $a

## [1] 5

##

## $b

## [1] "char"
H##

## $d

## $d[[11]

## [1] 42

Tak:ke K 3/1eMeHTaM CIIICKa MOXKHO obpalaThcs depes3 omeparop $:
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11 <- list(a =1, b = 2, "ccc")
11%a

## [1] 1

11$b <- 42
11$c  # IIpu wmenuu Oocmamouko YHUKAALHOZ20 npedukca

## NULL
11

## $a

# [1] 1

H##

## $b

## [1] 42
##

## [[3]]

## [1] "ccc"

11$c <- 42 # A npu sanucu 6ydem co3dan saeMeHM C NepedarHbM UMEHEeM
11

## $a

## [1] 1
H##

## $b

## [1] 42
##

## [[3]]
## [1] "ccc"
H##

## $c

## [1] 42

[IpucBanBanue s;reMenty 3uadernns NULL ynanser snement:

## $a

## [1] 5

##t

## $b

## [1] "char"
##

## $d

## $dl[[11]

## [1] 42
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1[[1]] <- NULL

1$d <- NULL
1

## $b

## [1] "char"

Ecmm Bam no kakum-To mpudunnam Haio nosaoxkutb NULL B crimcok, To 310 Jiestaercd
TaK:

1[1] <- 1list(NULL)

4 MatepuaJjibl C 3aHATUA 3 OKTAOPS

4.1 Toothgrowth

library(lattice)
library(latticeExtra)

## Loading required package: RColorBrewer

library(MASS)

tooth <- read.table("toothgrowth.txt")

tooth$supp <- factor(tooth$supp, labels = c("Orange juice",
"Ascorbic acid"))

tooth$supp <- factor(tooth$supp, levels = c("Orange juice",
"Ascorbic acid"))

bwplot(~“len | supp * dose, data = tooth)
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bwplot (Tlen
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| dose * supp, data = tooth)
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| |
Ascorbic acid Ascorbic acid Ascorbic acid

dose dose dose
e e
Orange juice Orange juice Orange juice
dose dose dose

| | | | | | 1 | | | | | 1 | | |
5 10 15 20 25 30 35 5 10 15 20

len

contrasts (tooth$supp)

## Ascorbic acid
## Orange juice 0
## Ascorbic acid 1

contrasts(tooth$supp) <- contr.sum
contrasts(tooth$supp)

#it [,1]
## Orange juice 1
## Ascorbic acid -1

1 <- 1Im(len ~ supp + dose, data = tooth)
summary (1)
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#H
#
H#
#Hit
#i#t
#i#t
#H
i
H#
#Hit
#it
H#
#
H#
#Hi#t
#it
#H
#Hi
H#
#Hit

Call:
Im(formula = len ~ supp + dose, data = tooth)
Residuals:

Min 1Q Median 3Q Max
-6.600 -3.700 0.373 2.116 8.800
Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept)  7.4225 1.1599 6.399 3.17e-08 *x*x
suppl 1.8500 0.5468 3.383 0.0013 *x*
dose 9.7636 0.8768 11.135 6.31e-16 **x*
Signif. codes:

O "xxx' 0.001 '*x' 0.01 'x' 0.05 '.' 0.1 " ' 1

Residual standard error: 4.236 on 57 degrees of freedom
Multiple R-squared: 0.7038,Adjusted R-squared: 0.6934
F-statistic: 67.72 on 2 and 57 DF, p-value: 8.716e-16

1 <- Im(len ~ supp * dose, data = tooth)

summary (1)

##

## Call:

## 1m(formula = len ~ supp * dose, data = tooth)

##

## Residuals:

#it Min 1Q Median 3Q Max

## -8.2264 -2.8462 0.0504 2.2893 7.9386

##

## Coefficients:

#t Estimate Std. Error t value Pr(>|tl)

## (Intercept)  7.4225 1.1182 6.638 1.37e-08 *x*x
## suppl 4.1275 1.1182  3.691 0.000507 **x
## dose 9.7636 0.8453 11.551 < 2e-16 *xx
## suppl:dose  -1.9521 0.8453 -2.309 0.024631 *
#H -

## Signif. codes:

## 0 'sxxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## Residual standard error: 4.083 on 56 degrees of freedom

#i#t
#i#t

Multiple R-squared: 0.7296,Adjusted R-squared: 0.7151
F-statistic: 50.36 on 3 and 56 DF, p-value: 6.521e-16

tooth$dose <- factor(tooth$dose, ordered = TRUE)
contrasts(tooth$dose)
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#it odle .Q
## [1,] -7.071068e-01 0.4082483
## [2,] -7.850462e-17 -0.8164966
## [3,] 7.071068e-01 0.4082483

contrasts(tooth$dose) <- contr.helmert
contrasts(tooth$dose)

#it [,1]1 [,2]
# 0.5 -1 -1
#it 1 1 -1
#it 2 0 2

1 <- Im(len ~ supp * dose, data = tooth)

summary (1)

i

## Call:

## 1m(formula = len ~ supp * dose, data = tooth)

##

## Residuals:

H#t Min 1Q Median 3Q Max

# -8.20 -2.72 -0.27 2.65 8.27

##

## Coefficients:

# Estimate Std. Error t value Pr(>|t|)

## (Intercept) 18.8133 0.4688 40.130 < 2e-16 *xx
## suppl 1.8500 0.4688 3.946 0.000231 **x
## dosel 4.5650 0.5742  7.951 1.19e-10 **x
## dose2 3.6433 0.3315 10.990 2.17e-15 **x
## suppl:dosel 0.1700 0.5742 0.296 0.768308

## suppl:dose2 -0.9450 0.3315 -2.851 0.006166 *x*
H# ---

## Signif. codes:

# 0 '"xxx' 0.001 'xx' 0.01 'x' 0.056 '.' 0.1 "' ' 1

##

## Residual standard error: 3.631 on 54 degrees of freedom
## Multiple R-squared: 0.7937,Adjusted R-squared: 0.7746
## F-statistic: 41.56 on 5 and 54 DF, p-value: < 2.2e-16

stepAIC(1)

## Start: AIC=160.43
## len ~ supp * dose

##
#i#t Df Sum of Sq RSS AIC
## <none> 712.11 160.43
## - supp:dose 2 108.32 820.43 164.93
##
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## Call:
## 1lm(formula = len ~ supp * dose, data = tooth)

i

## Coefficients:

## (Intercept) suppl dosel dose2
## 18.813 1.850 4.565 3.643
## suppl:dosel suppl:dose2

## 0.170 -0.945

1.1lin <- 1m(len ~ supp + dose, data = tooth)
# the smaller AIC/BIC, the better the fit
AIC(1, 1.1in)

#it df AIC
## 1 7 332.7056
## 1.1in 5 337.2013

BIC(1, 1.1lin)

#Hit daf BIC
## 1 7 347.366
## 1.1in 5 347.673

anova(l, 1.1lin)

## Analysis of Variance Table
##

## Model 1: len = supp * dose
## Model 2: len ~ supp + dose

##  Res.Df RSS Df Sum of Sq F Pr(>F)

## 1 54 712.11

## 2 56 820.43 -2  -108.32 4.107 0.02186 =*
#H ---

## Signif. codes:

## 0 '**xx' 0.001 '*x' 0.01 'x' 0.05 '.' 0.1 ' ' 1

tooth.agg <- aggregate(subset(tooth, select = len),
list(supp = tooth$supp, dose = tooth$dose),
mean)
dp <- dotplot(factor(dose) ~ len, groups = supp,
data = tooth.agg, auto.key = list(title = "Delivery",
corner = c(0, 1)), type = "b", xlab = "mean(tooth length)",
ylab = "Vitamin C dose", par.settings = simpleTheme(pch = 19))
vp <- bwplot(factor(dose) ~ len, groups = supp,
data = tooth, panel = function(...) {
panel.superpose(..., col = trellis.par.get("superpose.polygon")$col,
panel.groups = panel.violin)
}, auto.key = list(title = "Delivery method",
corner = c(0, 1), points = FALSE,
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lines = FALSE, rectangles = TRUE),
xlab = "Tooth length", ylab = "Vitamin C dose",
par.settings = simpleTheme(alpha = 0.6,
pch = 19))
vp + dp

Delivery method
Orange juice

Ascorbic acid /—\
2 W

Vitamin C dose
=

| | | | | | |
5 10 15 20 25 30 35

Tooth length

4.2 TI'pacduku residuals-vs-fitted

library(lattice)

library(latticeExtra)

library(MASS)

panel <- function(...) {
panel.xyplot(...)
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panel.lmline(...)

}

N <- 1000

x <- rnorm(N)

betal <- 1

betal <- 2

betal_2 <- 0.5

y <- beta0 + betal * x + betal_2 * x"2 +
rnorm(N, sd = 0.1)

df <- data.frame(y =y, x = x)

1 <- Im(y ~ x, data = df)

12 <- Im(y ~ poly(x, degree = 2), data = df)

pl <- xyplot(residuals(l) ~ fitted(l), panel = panel)

p2 <- xyplot(residuals(12) ~ fitted(12),
panel = panel)

plot(c(linear = pl, quadratic = p2))
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fitted(l)

y <- exp(betal + betal * x + rnorm(N, sd = 0.5))
df <- data.frame(y =y, x = x)
1 <- Im(y ~ x, data = df)
12 <- Im(log(y) ~ x, data = df)
pl <- xyplot(residuals(l) ~ fitted(l), panel = panel)
p2 <- xyplot(residuals(12) ~ fitted(12),
panel = panel)
plot(c(original = pl, logarithm = p2))
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residuals(l)
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fitted(l)

Auto <- read.table("Auto.data", header = TRUE,
na.strings = "?7")
Auto <- na.omit(Auto)

xyplot (mpg ~ horsepower, data

= Auto)
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xyplot (mpg ~ log(horsepower), data = Auto)
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log(horsepower)

11 <- 1lm(mpg ~ horsepower, data = Auto)

12 <- 1lm(mpg ~ poly(horsepower, degree
data = Auto)

llog <- 1m(mpg ~ log(horsepower), data

15 <- Im(mpg ~ poly(horsepower, degree
data = Auto)

16 <- lm(mpg ~ poly(horsepower, degree
data = Auto)

summary (11)

#i#

## Call:

## 1m(formula = mpg ~ horsepower, data
#Hit

## Residuals:
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#H
#
H#
#Hit
#i#t
#i#t
#H
i
H#
#Hit
#it
H#
#
H#

Min 1Q Median 3Q Max
-13.5710 -3.2592 -0.3435 2.7630 16.9240

Coefficients:

Estimate Std. Error t value Pr(>|tl)
(Intercept) 39.935861 0.717499 55.66  <2e-16 *x*x
horsepower -0.157845 0.006446 -24.49 <2e-16 *xx*
Signif. codes:
0 's*x' 0.001 'xx' 0.01 'x' 0.05 '." 0.1 ' ' 1

Residual standard error: 4.906 on 390 degrees of freedom
Multiple R-squared: 0.6059,Adjusted R-squared: 0.6049
F-statistic: 599.7 on 1 and 390 DF, p-value: < 2.2e-16

summary(1llog)

#
H#
#Hit
#i#t
#i#t
#H#
H#
#Hit
#it
#i#t
#H#
i
H#
#i#t
#it
#t
#H
H#
#Hit

Call:
Im(formula = mpg ~ log(horsepower), data = Auto)

Residuals:
Min 1Q Median 3Q Max
-14.2299 -2.7818 -0.2322 2.6661 15.4695

Coefficients:

Estimate Std. Error t value Pr(>|tl)
(Intercept) 108.6997 3.0496 35.64 <2e-16 *xx
log(horsepower) -18.5822 0.6629 -28.03 <2e-16 *x*x
Signif. codes:
O '"xxx' 0.001 'xx' 0.01 'x' 0.06 '.' 0.1 ' ' 1

Residual standard error: 4.501 on 390 degrees of freedom
Multiple R-squared: 0.6683,Adjusted R-squared: 0.6675
F-statistic: 785.9 on 1 and 390 DF, p-value: < 2.2e-16

summary (15)

H#
#Hit
#i#t
#it
#H
i
H#
#i#t
#i#t
#

Call:
Im(formula = mpg ~ poly(horsepower, degree = 5), data = Auto)

Residuals:
Min 1Q Median 3Q Max
-15.4326 -2.5285 -0.2925 2.1750 15.9730

Coefficients:
Estimate Std. Error t value
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## (Intercept) 23.4459 0.2185 107.308
## poly(horsepower, degree = 5)1 -120.1377 4.3259 -27.772
## poly(horsepower, degree = 5)2  44.0895 4.3259 10.192
## poly(horsepower, degree = 5)3  -3.9488 4.3259 -0.913
## poly(horsepower, degree = 5)4 -5.1878 4.3259 -1.199
## poly(horsepower, degree = 5)5  13.2722 4.32569 3.068
##t Pr(>ltl)

## (Intercept) < 2e-16 **x

## poly(horsepower, degree = 5)1 < 2e-16 **x

## poly(horsepower, degree = 5)2 < 2e-16 **x

## poly(horsepower, degree = 5)3 0.36190

## poly(horsepower, degree = 5)4 0.23117

## poly(horsepower, degree = 5)5 0.00231 *x

HH# - --

## Signif. codes:

## O '"sxx' 0.001 'xx' 0.01 'x' 0.05 '." 0.1 " ' 1

##

## Residual standard error: 4.326 on 386 degrees of freedom
## Multiple R-squared: 0.6967,Adjusted R-squared: 0.6928
## F-statistic: 177.4 on 5 and 386 DF, p-value: < 2.2e-16

summary (16)

##

## Call:

## 1m(formula = mpg ~ poly(horsepower, degree = 6), data = Auto)
##

## Residuals:

## Min 1Q Median 3Q Max

## -15.595 -2.571 -0.269 2.209 15.362

#H#

## Coefficients:

it Estimate Std. Error t value
## (Intercept) 23.4459 0.2177 107.715
## poly(horsepower, degree = 6)1 -120.1377 4.3096 -27.877
## poly(horsepower, degree = 6)2  44.0895 4.3096 10.231
## poly(horsepower, degree = 6)3  -3.9488 4.3096 -0.916
## poly(horsepower, degree = 6)4 -5.1878 4.3096 -1.204
## poly(horsepower, degree = 6)5  13.2722 4.3096 3.080
## poly(horsepower, degree = 6)6  -8.5462 4.3096 -1.983
Hit Pr(>Itl)

## (Intercept) < 2e-16 **x%

## poly(horsepower, degree = 6)1 < 2e-16 *x*x

## poly(horsepower, degree = 6)2 < 2e-16 **x

## poly(horsepower, degree = 6)3 0.36008

## poly(horsepower, degree = 6)4 0.22941

## poly(horsepower, degree = 6)5 0.00222 *x

## poly(horsepower, degree = 6)6 0.04807 *
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#H ---

## Signif. codes:

## 0 '**xx' 0.001 '*x' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## Residual standard error: 4.31 on 385 degrees of freedom
## Multiple R-squared: 0.6998,Adjusted R-squared: 0.6951
## F-statistic: 149.6 on 6 and 385 DF, p-value: < 2.2e-16

AIC(11, 12, 1llog, 15, 16)

#i df AIC
## 11 3 2363.324
## 12 4 2274.354
## 1log 3 2295.760
## 15 7 2268.663
## 16 8 2266.680

BIC(11, 12, 1llog, 15, 16)

#it df BIC
## 11 3 2375.237
## 12 4 2290.239
## llog 3 2307.674
## 15 7 2296.462
## 16 8 2298.450

anova(l1l, 12)

## Analysis of Variance Table

#i#

## Model 1: mpg ~ horsepower

## Model 2: mpg ~ poly(horsepower, degree = 2)

##  Res.Df RSS Df Sum of Sq F Pr (>F)

## 1 390 9385.9

## 2 389 7442.0 1 1943.9 101.61 < 2.2e-16 ***
#H --—-

## Signif. codes:

# 0 '"xxx' 0.001 'xx' 0.01 'x' 0.056 '.' 0.1 "' ' 1

anova(l1l, 15)

## Analysis of Variance Table

##

## Model 1: mpg ~ horsepower

## Model 2: mpg ~ poly(horsepower, degree = 5)

##  Res.Df RSS Df Sum of Sq F Pr (>F)

## 1 390 9385.9

## 2 386 7223.4 4 2162.5 28.89 < 2.2e-16 xxx
# -

## Signif. codes:

## 0 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
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anova(l1l, 16)

## Analysis of Variance Table

##

## Model 1: mpg ~ horsepower

## Model 2: mpg ~ poly(horsepower, degree = 6)

##  Res.Df RSS Df Sum of Sq F Pr(>F)

## 1 390 9385.9

## 2 385 7150.3 5 2235.6 24.074 < 2.2e-16 *x*x
## -

## Signif. codes:

## 0 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' "1

anova(l5, 16)

## Analysis of Variance Table

##

## Model 1: mpg ~ poly(horsepower, degree = 5)

## Model 2: mpg ~ poly(horsepower, degree = 6)

##  Res.Df RSS Df Sum of Sq F Pr(>F)

## 1 386 7223.4

## 2 385 7150.3 1 73.038 3.9326 0.04807 =*
HH# ---

## Signif. codes:

## 0 '"sxx' 0.001 'xx' 0.01 'x' 0.05 '." 0.1 " ' 1

4.3 Jluneiinas perpeccusi (Y HUBEPCHUTETHI)

library(MASS)
library(lattice)
library(latticeExtra)
library(latticist)

## Loading required package: wvcd

## Loading required package: grid

##

## Attaching package: ’vcd’

##

## The following object is masked from ’package:latticeExtra’:
##

## rootogram

df <- read.csv2(file = "I.csv")

# A ycmarosun nakem latticist, umobsl

# edogonb Hamvbosambca Ha Yyrusepcumemst
# pewun, 4MO NepemMEeHHbIT CAUUKOM MHO20 U
# ocmagun mMoabko no 00HOU u3 Kaxdo20
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kaacca Hanpumep, KOAUYECMBO 6e4epHUKO8
U OYHUKOB8 --- ABHO TAPAKMEPUCMUKU
00HO20 U MO20 ke, NnO05MOMY OCMAS8UM
MOAbKO O0HY U3 HUT Ml ke NOMHUM, “mO
bpamb CUAbLHO KOPEAAUDOBAHbIE NPUSHAKU 8
Modeab --- Oyprol mon?) Hmaaaaaaak,
bapabarHas Opobsb, A pewus ocmasums:
PPIND - ¢akmop, 1 - TIocydapcmeeHHslll, 2
- Yacmueli yHusepcumem. AVRCOMB -
cpelrull cpedrull 6aan KA 6CMYNUMENbHbIT
asksamenar (SAT, epode nawezo EI3).
NEW10 - 3mo mo, umo 6ydem
annpokKcumpogams, 3a0aHUE Y HAC MaKoe
9mo npoyeHnm ceeresa"ucCrEeHHbIT
cmydenmoe-omauvwrukos (IIpoyenm cpedu
nocmynuewuxr, mex, kmo e H.S. exodun e
10/ aywwuz) B opuzuHnase ''Pct. new
students from top 10/ of H.S. class''
FULLTIME - Koauxecmso cmyodenHmoe-o4HUKO8
IN_STATE - Ilnama 3a obyuerue 0as
mecmuetr ROOM - Ilnama 3a kolky e obyaze
ADD_FEE - JlonoanumensbHsie nobopel (ceepx
naamel 3a obyuenue, KOUKY U Yy4uebHole
mamepuanst) PH_D - Ilpoyenm kardudamose
Hayk cpedu nedaz202u4eckoz20 COCMaSa.
GRADUAT - Ilpoyexm 8binYyCmusUUTCA .
Tet-261=) SAL_FULL - Cpednas 3apnaama
noatozo npogeccopa (full professor).
NUM_FULL - Koau4emg8o SmuT CaMbIT NOAHbIT
npogpeccopoe Tenepb Ham Hado obpesams U
noonpagums UCTOOHuU damadpelim U
ckopmums ezo latticist.
latticist (df)
Omobpasu npusrakru
df <- subset(df, select = c(PPIND, AVRCOMB,
NEW10, FULLTIME, IN_STATE, ROOM, ADD_FEE,
PH_D, GRADUAT, SAL_FULL, NUM_FULL))
# Ckoneepmuposaau mun YHusepcumema 8
# dakmop, mak u ebl800 Kpacusee, U 8
# modenu bydem ydobrHee uHmepnpemupoeams
df$PPIND <- factor(df$PPIND, labels = c("Public",
"Private"))
df <- na.exclude(df)
splom(df, groups = df$PPIND)

RHoR R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R ™ m
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Scatter Plot Matrix

T'eapdus, e 60i! latticist(df)

Ha smom 2paguke Topowo 6udHO, umo

OaHHble HeoOHOPOOHbl. Ham Hado bydem

gblbpams, K020 OCMABUMbL --- “ACMHbIE UAU

2ocyoapcmeenHsle yrugepcumemsl. A

ocmagaw 20Cy0apCmeeHHble, NOMOMY “MO UL

boavuwe.

marginal.plot(df, data = df, groups = PPIND,

auto.key = list(lines = TRUE, title = "PPIND",
cex.title = 1, columns = 2))

FHoR B R OB W™ R
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PPIND

Public o —— Private o ——
PPIND AVRCOMB NEW10 FULLTIME
T T I I I I I I I I
?\)\0\0 Q "\Q\. '\900 '\,7»00 \)90 < '\9060 10006 R QO
IN STATE ROOM ADD FEE PH D
I I I I I I I I I I I I I
Q '\‘0000 ?9060 'LQQQ D(ng 6600 Q 600 ,»(300 '\,600 0 o0 ,\90
GRADUAT SAL FULL NUM FULL
I I I I I I I I I
O N 0 ,\'QQ 600 %00 600 ,\900
df .pub <- subset (df, PPIND == "Public")

marginal.plot(subset(df.pub, select = c(ADD_FEE,
ROOM, IN_STATE, SAL_FULL)))
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ADD_FEE ROOM

Q 600 »\'000 \,600 'LQOQ
IN_STATE SAL FULL
I I I I
7900 DQQQ 6000 ‘600

marginal.plot(log(subset (df.pub, select = c(ADD_FEE,
ROOM, IN_STATE, SAL_FULL))))
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ADD_FEE ROOM

[ [ [ [ [ [
[ o 19 1% @9 PN

IN_STATE SAL_FULL

fitl <- Im(NEW10 ~ AVRCOMB + FULLTIME + log(IN_STATE) +
log(ROOM) + log(ADD_FEE) + log(SAL_FULL) +
PH_D + GRADUAT + NUM_FULL, data = df.pub)

summary (fit1)

Ht
## Call:
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## lm(formula = NEW10 ~ AVRCOMB + FULLTIME + log(IN_STATE) + log(ROOM) +

#it log (ADD_FEE) + log(SAL_FULL) + PH_D + GRADUAT + NUM_FULL,
#t data = df.pub)

H##

## Residuals:

#it Min 1Q Median 3Q Max

##t -22.770 -3.407 1.111 3.588 15.071

#t

## Coefficients:

it Estimate Std. Error t value Pr(>|t])

## (Intercept) -4.397e+01 8.490e+01 -0.518 0.60828

## AVRCOMB 1.469e-01 2.823e-02 5.203 1.31e-05 *x*x
## FULLTIME -2.458e-04 3.797e-04 -0.647 0.52227

## log(IN_STATE) -9.057e+00 2.646e+00 -3.422 0.00181 *x
## log(ROOM) -4.011e+00 4.082e+00 -0.982 0.33375

## log(ADD_FEE) -3.651e+00 1.628e+00 -2.242 0.03251 *
## log(SAL_FULL) 1.114e+01 1.459e+01 0.764 0.45090

## PH_D -4.984e-01 2.842e-01 -1.754 0.08965 .
## GRADUAT 2.645e-01 1.469e-01 1.801 0.08173 .
## NUM_FULL 1.225e-02 1.172e-02 1.045 0.30431

#H ---

## Signif. codes:

## 0 '**xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## Residual standard error: 7.755 on 30 degrees of freedom
## Multiple R-squared: 0.7874,Adjusted R-squared: 0.7236
## F-statistic: 12.35 on 9 and 30 DF, p-value: 6.861e-08

Hmeem --- omAuuHUKU npekpacHo coawm

sK3aMeHbl U nocmynawm myda, 20e MeHbuwe

Hado naamume, Merbwe nobopos, MeHbue

karndudamose (sic!) u boavwe npouyexm

ycnewrno 3akorwuswuxr. Ha camom Odeane,

amo HecoOepxamensro. AVRCOMB ---

abCcomomHo He HYykewn Ham. M mak noHAMHO,

Ymo OMAUMHUKU maM, 20e omaudHuku. Ecau

Mol TOMUM NOAY“UMb OelCmeumenbHo

UHPopMamMUBHYw MOOenb U HempuguanbHsle

86180061, mo u3 npedukmopos AVRCOMB umeem

cMblcA ybpamb, UHAYE MPAKMOSKA pe2peccul

6ydem maemonaozuel

fit2 <- 1m(NEW10 ~ FULLTIME + log(IN_STATE) +
log(ROOM) + log(ADD_FEE) + log(SAL_FULL) +
PH_D + GRADUAT + NUM_FULL, data = df.pub)

summary (fit2)

FHOR R R OH OB W W™ O™ R R ™R

#i#t
## Call:
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## Im(formula = NEW10 ~ FULLTIME + log(IN_STATE) + log(ROOM) + log(ADD_FEE) +

#it log(SAL_FULL) + PH_D + GRADUAT + NUM_FULL, data = df.pub)
H##

## Residuals:

#it Min 1Q Median 3Q Max

##t -22.749 -5.841 0.533 5.365 23.062

#it

## Coefficients:

it Estimate Std. Error t value Pr(>|t]|)

## (Intercept) 4.531e+01 1.128e+02 0.402 0.690693

## FULLTIME -3.024e-04 5.150e-04 -0.587 0.561361

## log(IN_STATE) -1.313e+01 3.430e+00 -3.829 0.000586 *x*x
## log(ROOM) -2.312e+00 5.521e+00 -0.419 0.678299

## log(ADD_FEE) -4.263e+00 2.204e+00 -1.934 0.062256 .
## log(SAL_FULL) 1.671e+01 1.974e+01 0.846 0.403798

## PH_D -2.902e-01 3.818e-01 -0.760 0.452957

## GRADUAT 7.369e-01 1.566e-01 4.705 Be-05 *xx*x*
## NUM_FULL 1.917e-02 1.580e-02 1.213 0.234185

H# ---

## Signif. codes:

## 0 'xxx' 0.001 'xx' 0.01 'x' 0.06 '." 0.1 ' ' 1

#it

## Residual standard error: 10.52 on 31 degrees of freedom
## Multiple R-squared: 0.5956,Adjusted R-squared: 0.4912
## F-statistic: 5.706 on 8 and 31 DF, p-value: 0.0001718

# Ywe wna uwmo-mo noxzoxe. Iocmynawm myoda,

# 20e Oewesne, 20e boabwe WAHC

# ebinycmumscs u MeHbwe nobopos.

# Illonpobyem ymerbWums HUCAO NPUSHAKOS.

# Bpyunyw no t-test u no Akxauke

fit2.manual <- Im(NEW10 ~ log(IN_STATE) +
log (ADD_FEE) + GRADUAT, data = df.pub)

summary (£it2.manual)

##

## Call:

## lm(formula = NEW10 ~ log(IN_STATE) + log(ADD_FEE) + GRADUAT,
#it data = df.pub)

##

## Residuals:

#t Min 1Q Median 3Q Max

## -26.2271 -5.1813 -0.4403 6.7982 19.5760

##

## Coefficients:

Hit Estimate Std. Error t value Pr(>|tl)

## (Intercept) 113.0619 28.2689 4.000 0.000302 s*x*x*
## log(IN_STATE) -13.1875 3.2280 -4.085 0.000235 *x*x*
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## log(ADD_FEE) -4.8304 2.1489 -2.248 0.030801 =*

## GRADUAT 0.8187 0.1376  5.949 8.14e-07 *x*x*
#H ---

## Signif. codes:

## 0 '*x*xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## Residual standard error: 10.53 on 36 degrees of freedom
## Multiple R-squared: 0.53,Adjusted R-squared: 0.4908
## F-statistic: 13.53 on 3 and 36 DF, p-value: 4.559e-06

fit2.aic <- stepAIC(fit2)

## Start: AIC=196.08
## NEW10 ~ FULLTIME + log(IN_STATE) + log(ROOM) + log(ADD_FEE) +

#i#t log(SAL_FULL) + PH_D + GRADUAT + NUM_FULL
#it

#it Df Sum of Sq RSS AIC
## - log(ROOM) 1 19.41 3451.4 194.31
## - FULLTIME 1 38.17 3470.2 194.52
## - PH_D 1 63.96 3496.0 194.82
## - log(SAL_FULL) 1 79.32 3511.3 195.00
## - NUM_FULL 1 162.97 3595.0 195.94
## <none> 3432.0 196.08
## - log(ADD_FEE) 1 414 .20 3846.2 198.64
## - log(IN_STATE) 1 1623.10 5055.1 209.57
## - GRADUAT 1 2450.49 5882.5 215.63
#it

## Step: AIC=194.31
## NEW10 ~ FULLTIME + log(IN_STATE) + log(ADD_FEE) + log(SAL_FULL) +
#Hit PH_D + GRADUAT + NUM_FULL

##

#it Df Sum of Sq RSS AIC
## - FULLTIME 1 36.92 3488.4 192.73
## - log(SAL_FULL) 1 60.03 3511.5 193.00
## - PH_D 1 61.34 3512.8 193.01
## <none> 3451.4 194.31
## - NUM_FULL 1 193.54 3645.0 194.49
## - log(ADD_FEE) 1 451.12 3902.6 197.22
## - log(IN_STATE) 1  1729.29 5180.7 208.55
## - GRADUAT 1 2629.10 6080.5 214.96

##
## Step: AIC=192.73

## NEW10 ~ log(IN_STATE) + log(ADD_FEE) + log(SAL_FULL) + PH_D +
#H GRADUAT + NUM_FULL

#Hit

#Hi#t Df Sum of Sq RSS AIC
## - PH_D 1 42.66 3531.0 191.22
## - log(SAL_FULL) 1 65.23 3553.6 191.47
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## <none> 3488.4 192.73

## - NUM_FULL 1 250.29 3738.6 193.50
## - log(ADD_FEE) 1 433.03 3921.4 195.41
## - log(IN_STATE) 1 1702.06 5190.4 206.63
## - GRADUAT 1 2592.19 6080.5 212.96
#i#t

## Step: AIC=191.22
## NEW10 ~ log(IN_STATE) + log(ADD_FEE) + log(SAL_FULL) + GRADUAT +
H# NUM_FULL

#Hit

#it Df Sum of Sq RSS AIC
## - log(SAL_FULL) 1 59.98 3591.0 189.89
## <none> 3531.0 191.22
## - NUM_FULL 1 212.33 3743.3 191.55
## - log(ADD_FEE) 1 458.20 3989.2 194.10
## - log(IN_STATE) 1 1724 .25 5255.3 205.12
## - GRADUAT 1 2550.89 6081.9 210.97
#it

## Step: AIC=189.89
## NEW10 ~ log(IN_STATE) + log(ADD_FEE) + GRADUAT + NUM_FULL
##

#it Df Sum of Sq RSS AIC

## <none> 3591.0 189.89

## - NUM_FULL 1 397.4 3988.4 192.09

## - log(ADD_FEE) 1 446 .4 4037.4 192.58

## - log(IN_STATE) 1 1664.3 5255.3 203.12

## - GRADUAT 1 3291.4 6882.4 213.91
summary(fit2.aic)

##

## Call:

## lm(formula = NEW10 ~ log(IN_STATE) + log(ADD_FEE) + GRADUAT +
#it NUM_FULL, data = df.pub)

##

## Residuals:

#it Min 1Q Median 3Q Max

## -22.9871 -5.6649 -0.5082 5.3076 23.9919

##

## Coefficients:

Hit Estimate Std. Error t value Pr(>|t])

## (Intercept) 102.452608 27.733017  3.694 0.000748 *xx
## log(IN_STATE) -12.574064 3.121998 -4.028 0.000288 *xx
## log(ADD_FEE) -4.344059 2.082633 -2.086 0.044348 *

## GRADUAT 0.765564 0.135166 5.664 2.14e-06 ***
## NUM_FULL 0.014231 0.007231 1.968 0.057016 .
#H -

## Signif. codes:
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# 0 "xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 " ' 1

iz

## Residual standard error: 10.13 on 35 degrees of freedom
## Multiple R-squared: 0.5768,Adjusted R-squared: 0.5285
## F-statistic: 11.93 on 4 and 35 DF, p-value: 3.23e-06

# Akauke npedsaaz2aem OCmagumb NPUSHAK
# NUM_FULL. OmauuwHuku nocmynatom myoa
# ewye, 20e napody nobonasbuwe.

# Illocpasrusaw-Kka a4 MoOeAlU. . .
AIC(fit2.manual, fit2.aic)

it df AIC
## fit2.manual 5 307.6059
## fit2.aic 6 305.4073

# Heyoueumensvro, nomomy umo fit.azc
# nocmpoena no stepAIC()
anova(fit2.manual, fit2.aic)

## Analysis of Variance Table

i

## Model 1: NEW10 ~ log(IN_STATE) + log(ADD_FEE) + GRADUAT

## Model 2: NEW10 ~ 1log(IN_STATE) + log(ADD_FEE) + GRADUAT + NUM_FULL

##  Res.Df RSS Df Sum of Sq F Pr(>F)

## 1 36 3988.4

## 2 35 3591.0 1 397.42 3.8735 0.05702 .
#H o---

## Signif. codes:

# 0 '"xxx' 0.001 'xx' 0.01 'x' 0.056 '.' 0.1 ' ' 1

# IlocMompumM Ha KOPPEAAYUU NPUSHAKOSE,

# 603MOXHO, HEKOMOPbLIE NPUSHAKU 3ATOHEMCA
# yoaaumb, nOMOMY 4MO OHU CUAbHO

# koppeaupyrom c Opy2umu
cor(fit2.aic$model)

#it NEW10 log(IN_STATE) log(ADD_FEE)
## NEW10 1.0000000  -0.25000604 0.11170368
## 1og(IN_STATE) -0.2500060  1.00000000 -0.15425172
## log(ADD_FEE)  0.1117037 -0.15425172  1.00000000

## GRADUAT 0.5449545 0.26450468 0.41064855
## NUM_FULL 0.3516683  -0.02384413 -0.02151739
#it GRADUAT NUM_FULL
## NEW10 0.5449545 0.35166826

## log(IN_STATE) 0.2645047 -0.02384413
## log(ADD_FEE) 0.4106486 -0.02151739
## GRADUAT 1.0000000 0.15156033
## NUM_FULL 0.1515603 1.00000000
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levelplot(cor(fit2.aic$model) "2, = list( — Tk - colorRamp
= 1ist( = liSt( = 90)), — un,
— ||||)

NUM_FULL

GRADUAT —

log(ADD_FEE)

log(IN_STATE) —

NEW10 —

| | | | |
s @ @ g =
z 2 5 =
5 % 2
s 09
summary (fit2.aic)
#
## Call:
## lm(formula = NEW10 ~ log(IN_STATE) + log(ADD_FEE) + GRADUAT +
## NUM_FULL, data = df.pub)
##
## Residuals:
H## Min 1Q Median 3Q Max
## -22.9871 -5.6649 -0.5082 5.3076 23.9919
##
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## Coefficients:

it Estimate Std. Error t value Pr(>|t])

## (Intercept) 102.452608 27.733017 3.694 0.000748 **x*
## log(IN_STATE) -12.574064 3.121998 -4.028 0.000288 **x*
## log(ADD_FEE) -4.344059 2.082633 -2.086 0.044348 =*

## GRADUAT 0.765564 0.135166  5.664 2.14e-06 **x
## NUM_FULL 0.014231 0.007231 1.968 0.057016 .
#H o---

## Signif. codes:

# 0 'xxx' 0.001 'xx' 0.01 'x' 0.056 '.' 0.1 " ' 1

##

## Residual standard error: 10.13 on 35 degrees of freedom
## Multiple R-squared: 0.5768,Adjusted R-squared: 0.5285
## F-statistic: 11.93 on 4 and 35 DF, p-value: 3.23e-06

ADD_FEE u NUM_FULL y mers Ha b60AbWOM

nodo3dperuu, ocobenHo nepebili. UOHu

MAAOSHAYUMbL U CUALHO KOPPpEeAaupywom C

GRADUAT, eesauka 6epoamHoOCmb, 4MO OHU

Mmycoprele Hcnoassdyem CV cpagrerue

train-test cauwkom Heycmouuugo cebsa

gedem

<- update(fit2.aic, . ~ . - log(ADD_FEE) -
NUM_FULL)

library(e1071)

tune(lm, fit2.aic$call$formula, data = df.pub,

tunecontrol = tune.control(sampling = "cross",

cross = 35))

HoR R R R R R R

##
## Error estimation of 'lm' using 35-fold cross validation: 129.8278

tune (1m, 1$call$formula, data = df.pub, tunecontrol = tune.control(sampling = "cros
cross = 35))

##
## Error estimation of 'lm' using 35-fold cross validation: 140.6516

# Bblgo0 --- gce-maku 8blIKUObIBAMbL HE CMOUNO

# Ilonpobyem HenozapuPmMupogams NPUSHAKU U

# cpagHum MolOenu

fit.nolog <- 1m(NEW10 ~ IN_STATE + ADD_FEE +
GRADUAT + NUM_FULL, data = df.pub)

summary(fit.nolog)

##

## Call:

## 1m(formula = NEW10 ~ IN_STATE + ADD_FEE + GRADUAT + NUM_FULL,
#t data = df.pub)
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#t

## Residuals:

## Min 1Q Median 3Q Max

## -24.0914 -4.6808 0.5468 3.5763 24.7934

H##

## Coefficients:

#it Estimate Std. Error t value Pr(>|t])
## (Intercept) -1.866977 7.509751 -0.249 0.805118

## IN_STATE -0.005280 0.001417 -3.726 0.000685 *x*x
## ADD_FEE -0.005985 0.005486 -1.091 0.282694

## GRADUAT 0.726085 0.144096 5.039 1.43e-05 *x*x
## NUM_FULL 0.015331  0.007459 2.055 0.047376 *
#H# —--

## Signif. codes:

## 0 '*xx' 0.001 'xx' 0.01 'x' 0.06 '.' 0.1 ' "1

#H#

## Residual standard error: 10.45 on 35 degrees of freedom
## Multiple R-squared: 0.5498,Adjusted R-squared: 0.4984
## F-statistic: 10.69 on 4 and 35 DF, p-value: 9.126e-06

AIC(fit.nolog, fit2.aic)

## df AIC
## fit.nolog 6 307.8804
## fit2.aic 6 305.4073

# Kak 6udHO, nposao2apu@mupo8asu Msl
# ece-maku He 3pa

4.3.1 Advertising, okoHYaTeJIbHBIII pe3yJIbTAT

library(lattice)

library(latticeExtra)

library(MASS)

library(e1071)

Advertising <- read.csv("Advertising.csv")

Advertising$X <- NULL

1 <- Im(Sales ~ TV + Radio + Newspaper, data = Advertising)

1i <- 1m(Sales ~ (TV + Radio + Newspaper) 2,
data = Advertising)

ltvradio <- 1Im(Sales ~ TV + Radio + Newspaper +
TV:Radio, data = Advertising)

laic <- stepAIC(1li)

## Start: AIC=-18.59

## Sales ~ (TV + Radio + Newspaper) "2
##

47



#it Df Sum of Sq RSS AIC

## - Radio:Newspaper 1 0.19 170.12 -20.363
## <none> 169.93 -18.586
## - TV:Newspaper 1 4.37 174.30 -15.511
## - TV:Radio 1 349.71 519.64 202.965
##

## Step: AIC=-20.36
## Sales = TV + Radio + Newspaper + TV:Radio + TV:Newspaper
#i#t

## Df Sum of Sq RSS AIC

## <none> 170.12 -20.363

## - TV:Newspaper 1 4.19 174.31 -17.494

## - TV:Radio 1 352.83 522.95 202.234
summary(laic)

##

## Call:

## lm(formula = Sales ~ TV + Radio + Newspaper + TV:Radio + TV:Newspaper,
i data = Advertising)

##

## Residuals:

## Min 1Q Median 3Q Max

## -5.9019 -0.3818 0.1937 0.5741 1.4839

##

## Coefficients:

#H Estimate Std. Error t value Pr(>|tl)

## (Intercept) 6.541e+00 2.652e-01 24.668 <2e-16 **x
## TV 2.035e-02 1.605e-03 12.675 <2e-16 **x
## Radio 2.018e-02 9.734e-03 2.073 0.0395 *
## Newspaper 1.342e-02 6.377e-03 2.105 0.0366 *
## TV:Radio 1.136e-03 5.664e-05 20.059 <2e-16 **x
## TV:Newspaper -7.719e-05 3.531e-05 -2.187 0.0300 *
#H -

## Signif. codes:

## 0 '*xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## Residual standard error: 0.9364 on 194 degrees of freedom
## Multiple R-squared: 0.9686,Adjusted R-squared: 0.9678
## F-statistic: 1197 on 5 and 194 DF, p-value: < 2.2e-16

xyplot (residuals(laic) ~ fitted(laic))
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fitted(laic)
1sq <- 1m(Sales ~ poly(TV, Radio, Newspaper,
degree = 2), data = Advertising)
summary (1sq)
##
## Call:
## Im(formula = Sales ~ poly(TV, Radio, Newspaper, degree = 2),
#H data = Advertising)
##
## Residuals:
## Min 1Q Median 3Q Max
## -4.6507 -0.2941 -0.0060 0.3830 1.4378
H#
## Coefficients:
it Estimate
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#H#
H#
H#
#it
#it
#
#H
H#
#Hi#t
#it
#H
Hi
H#
#Hit
#i#t
#Ht
#
H#
#Hit
#i#t
#it
#
H#
#Hit
#i#t
#i#t
#H#
#H
H#
#i#t
#it
#Ht
H
H#
#Hit
#i#t
#H
#
H#
#Hit
#i#t
Ht
#H
H#
#Hit
#Hit
#i#t
H

(Intercept)

poly(TV, Radio, Newspaper, degree = 2)1.0.0
poly(TV, Radio, Newspaper, degree = 2)2.0.0
poly(TV, Radio, Newspaper, degree = 2)0.1.0
poly(TV, Radio, Newspaper, degree = 2)1.1.0
poly(TV, Radio, Newspaper, degree = 2)0.2.0
poly(TV, Radio, Newspaper, degree = 2)0.0.1
poly(TV, Radio, Newspaper, degree = 2)1.0.1
poly(TV, Radio, Newspaper, degree = 2)0.1.1
poly(TV, Radio, Newspaper, degree = 2)0.0.2
(Intercept)

poly(TV, Radio, Newspaper, degree = 2)1.0.0
poly(TV, Radio, Newspaper, degree = 2)2.0.0
poly(TV, Radio, Newspaper, degree = 2)0.1.0
poly(TV, Radio, Newspaper, degree = 2)1.1.0
poly(TV, Radio, Newspaper, degree = 2)0.2.0
poly(TV, Radio, Newspaper, degree = 2)0.0.1
poly(TV, Radio, Newspaper, degree = 2)1.0.1
poly(TV, Radio, Newspaper, degree = 2)0.1.1
poly(TV, Radio, Newspaper, degree = 2)0.0.2
(Intercept)

poly(TV, Radio, Newspaper, degree = 2)1.0.0
poly(TV, Radio, Newspaper, degree = 2)2.0.0
poly(TV, Radio, Newspaper, degree = 2)0.1.0
poly(TV, Radio, Newspaper, degree = 2)1.1.0
poly(TV, Radio, Newspaper, degree = 2)0.2.0
poly(TV, Radio, Newspaper, degree = 2)0.0.1
poly(TV, Radio, Newspaper, degree = 2)1.0.1
poly(TV, Radio, Newspaper, degree = 2)0.1.1
poly(TV, Radio, Newspaper, degree = 2)0.0.2
(Intercept)

poly(TV, Radio, Newspaper, degree = 2)1.0.0
poly(TV, Radio, Newspaper, degree = 2)2.0.0
poly(TV, Radio, Newspaper, degree = 2)0.1.0
poly(TV, Radio, Newspaper, degree = 2)1.1.0
poly(TV, Radio, Newspaper, degree = 2)0.2.0
poly(TV, Radio, Newspaper, degree = 2)0.0.1
poly(TV, Radio, Newspaper, degree = 2)1.0.1
poly(TV, Radio, Newspaper, degree = 2)0.1.1
poly(TV, Radio, Newspaper, degree = 2)0.0.2
Signif. codes:

O '"xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' '

13.
53.

40.
280.

Std.

—
(@)

t v

290.
85.
-15.
59.
29.
0.

1
-1

0.
0.

Pr(
<
<
<
<
<

1

94105
73032
.97989
10484
35751
.29727
.94373
.93577
.31882
.10711

.0480
.6258
.6325

.6531
.6485
.7414

0 O O VW o O o o

.9532
0.6599
alue
083
858
778
819
043
458
.273
.915
486
162
>tl)
2e-16
2e-16
2e-16
2e-16
2e-16
0.647
0.205

Error

6
0
1

.67044

8
9
1

.84414

8
7

* k%
*kok
*kok
* %k
Kk %

0.057 .

0.628
0.871

Residual standard error: 0.6203 on 190 degrees of freedom
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## Multiple R-squared: 0.9865,Adjusted R-squared: 0.9859
## F-statistic: 1543 on 9 and 190 DF, p-value: < 2.2e-16

xyplot(residuals(lsq) ~ fitted(lsq))
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fitted(Isq)

1sqaic <- stepAIC(lsq)

## Start: AIC=-181.3
## Sales ~ poly(TV, Radio, Newspaper, degree = 2)
##

#it Df Sum of Sq
## <none>

## - poly(TV, Radio, Newspaper, degree = 2) 9 5344
H# RSS AIC
## <none> 73.1 -181.3
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## - poly(TV, Radio, Newspaper, degree = 2) 5417.1 661.8
summary (lsqaic)

H#

## Call:

## lm(formula = Sales ~ poly(TV, Radio, Newspaper, degree = 2),
#t data = Advertising)

##

## Residuals:

#it Min 1Q Median 3Q Max

## -4.6507 -0.2941 -0.0060 0.3830 1.4378

##

## Coefficients:

#Hit Estimate
## (Intercept) 13.94105
## poly(TV, Radio, Newspaper, degree = 2)1. 53.73032
## poly(TV, Radio, Newspaper, degree = 2)2. -9.97989
## poly(TV, Radio, Newspaper, degree = 2)0. 40.10484

0.0

0.0

1.0
## poly(TV, Radio, Newspaper, degree = 2)1.1.0 280.35751
## poly(TV, Radio, Newspaper, degree = 2)0.2.0 0.29727
## poly(TV, Radio, Newspaper, degree = 2)0.0.1  0.94373
## poly(TV, Radio, Newspaper, degree = 2)1.0.1 -16.93577
## poly(TV, Radio, Newspaper, degree = 2)0.1.1 5.31882
## poly(TV, Radio, Newspaper, degree = 2)0.0.2 0.10711

## Std. Error

## (Intercept) 0.04806
## poly(TV, Radio, Newspaper, degree = 2)1.0.0 0.62580
## poly(TV, Radio, Newspaper, degree = 2)2.0.0 0.63251
## poly(TV, Radio, Newspaper, degree = 2)0.1.0 0.67044
## poly(TV, Radio, Newspaper, degree = 2)1.1.0 9.65318
## poly(TV, Radio, Newspaper, degree = 2)0.2.0 0.64859
## poly(TV, Radio, Newspaper, degree = 2)0.0.1 0.74141
## poly(TV, Radio, Newspaper, degree = 2)1.0.1 8.84414
## poly(TV, Radio, Newspaper, degree = 2)0.1.1 10.95328
## poly(TV, Radio, Newspaper, degree = 2)0.0.2 0.65997
it t value
## (Intercept) 290.083
## poly(TV, Radio, Newspaper, degree = 2)1.0.0 85.858
## poly(TV, Radio, Newspaper, degree = 2)2.0.0 -15.778
## poly(TV, Radio, Newspaper, degree = 2)0.1.0 59.819
## poly(TV, Radio, Newspaper, degree = 2)1.1.0 29.043
## poly(TV, Radio, Newspaper, degree = 2)0.2.0 0.458
## poly(TV, Radio, Newspaper, degree = 2)0.0.1 1.273
## poly(TV, Radio, Newspaper, degree = 2)1.0.1 -1.915
## poly(TV, Radio, Newspaper, degree = 2)0.1.1 0.486
## poly(TV, Radio, Newspaper, degree = 2)0.0.2 0.162
#it Pr(>ltl)

52



## (Intercept) <2e-16 **x*

## poly(TV, Radio, Newspaper, degree = 2)1.0.0 <2e-16 *xx
## poly(TV, Radio, Newspaper, degree = 2)2.0.0 <2e-16 *x*x
## poly(TV, Radio, Newspaper, degree = 2)0.1.0 <2e-16 *x*x
## poly(TV, Radio, Newspaper, degree = 2)1.1.0 <2e-16 *xx
## poly(TV, Radio, Newspaper, degree = 2)0.2.0 0.647

## poly(TV, Radio, Newspaper, degree = 2)0.0.1 0.205

## poly(TV, Radio, Newspaper, degree = 2)1.0.1 0.057 .
## poly(TV, Radio, Newspaper, degree = 2)0.1.1 0.628

## poly(TV, Radio, Newspaper, degree = 2)0.0.2 0.871

H# ---

## Signif. codes:

## 0 '"s*xx' 0.001 '«x' 0.01 'x' 0.05 '." 0.1 " ' 1

H#

## Residual standard error: 0.6203 on 190 degrees of freedom
## Multiple R-squared: 0.9865,Adjusted R-squared: 0.9859
## F-statistic: 1543 on 9 and 190 DF, p-value: < 2.2e-16

1final <- 1m(Sales ~ (TV + Radio)~2 + I(TV-2),
data = Advertising)
summary (1lfinal)

#it

## Call:

## Im(formula = Sales ~ (TV + Radio)~2 + I(TV"2), data = Advertising)
##

## Residuals:

## Min 1Q Median 3Q Max

## -4.9949 -0.2969 -0.0066 0.3798 1.1686

#t

## Coefficients:

it Estimate Std. Error t value Pr(>|tl)

## (Intercept) 5.137e+00 1.927e-01 26.663 < 2e-16 ***
##t TV 5.092e-02 2.232e-03 22.810 < 2e-16 x*x*
## Radio 3.516e-02 5.901e-03 5.959 1.17e-08 *xxx*
## I(TV-2) -1.097e-04 6.893e-06 -15.920 < 2e-16 *x*x*
## TV:Radio 1.077e-03 3.466e-05 31.061 < 2e-16 *x*x*
H#H#t --—-

## Signif. codes:

## 0 'sxx' 0.001 '"xx' 0.01 'x' 0.05 '.' 0.1 ' " 1

#it

## Residual standard error: 0.6238 on 195 degrees of freedom
## Multiple R-squared: 0.986,Adjusted R-squared: 0.9857
## F-statistic: 3432 on 4 and 195 DF, p-value: < 2.2e-16

xyplot(residuals(1final) ~ fitted(1lfinal))
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fitted(Ifinal)

tune(1lm, 1final$call$formula, data = Advertising,
tunecontrol = tune.control(sampling = "fix"))

i
## Error estimation of 'lm' using fixed training/validation set: 0.6253161

tune (1m, 1$call$formula, data = Advertising,
tunecontrol = tune.control(sampling = "fix"))

#i#t

## Error estimation of 'lm' using fixed training/validation set: 3.791728

tune (1m, ltvradio$call$formula, data = Advertising,
tunecontrol = tune.control(sampling = "fix"))
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##
## Error estimation of 'lm' using fixed training/validation set: 1.1799

tune (lm, li$call$formula, data = Advertising,
tunecontrol = tune.control(sampling = "fix"))

##
## Error estimation of 'lm' using fixed training/validation set: 1.202255

5 MarepuaJnl ¢ 3aadaTus 10 okTadpsa

Benomoratenbhit Ko s KiacCuuKaInm

library(MASS) # AIC(), BIC(), lda(), qda()
library(lattice) # zyplot(), densttyplot()
library(latticeExtra) # layer()

library(ROCR) # performance(), prediction()

## Loading required package: gplots

##

## Attaching package: ’gplots’

##

## The following object is masked from ’package:stats’:
##

## lowess

##

## Loading required package: methods

# library(caret) # specificity(),
# sensitivity()
library(nnet) # multinom()
library(el071) # naiveBayes(), tune()
specificity <- caret:::specificity
sensitivity <- caret:::sensitivity
ROC <- function(predicted, actual, ...) {
pred <- prediction(predicted, as.numeric(actual))
roc <- performance(pred, measure = "tpr",
x.measure = "fpr", ...)
roc
}
xyplot.performance <- function(x, ...) {
xyplot (x@y.values[[1]] ~ x@x.values[[1]],
xlab = x@x.name, ylab = x@y.name,
type = "1", ...) + layer_(abline(a = 0,
b =1, col = "red"))
}
AUC <- function(predicted, actual, ...) {
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pred <- prediction(predicted, as.numeric(actual))
perf <- performance(pred, measure = "auc",

S
perf@y.values[[1]]

roc.opt <- function(predicted, actual, cutoff = NULL,
measure = c("mean", "max", "err")) {
pred <- prediction(predicted, as.numeric(actual))
perf <- performance(pred, measure = "fpr",
x.measure = "fnr")
measure <- match.arg(measure)
fpr <- perf@y.values[[1]]
fnr <- perf@x.values[[1]]
npos <- pred@n.pos[[1]]
nneg <- pred@n.neg[[1]]
err <- (fpr * nneg + fnr * npos)/(npos +
nneg)
error.rate <- switch(measure, mean = (fpr +
fnr)/2, max = pmax(fpr, fnr), err = err)
if (is.null(cutoff)) {
i <- which.min(error.rate)
} else {
i <- which.min(abs(perf@alpha.values[[1]] -
cutoff))
}
list(cutoff = perf@alpha.values[[1]][i],
fpr = fprli], fnr = fnr[i], err = err[i],
error.rate = error.ratel[i])
}
simple.predict.glm <- function(x, newdata,
oA
response <- predict(x, newdata, type = "response",
ce)
factor(levels(x$model[, 1])[1 + as.integer(response >
0.5)1)
}
my.predict.glm <- function(x, newdata = x$data,
., measure = "max") {
opt <- roc.opt(fitted(x), as.numeric(x$modell[,
1]), measure = measure)
cutoff <- opt$cutoff
factor(as.integer(predict(x, newdata = newdata,
type = "response") > cutoff), labels = levels(x$modell[,
11))
}
error.fun.max <- function(true, predicted) {
1 - min(sensitivity(predicted, true),
specificity(predicted, true))
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}
error.fun.mean <- function(true, predicted) {
1 - mean(sensitivity(predicted, true),
specificity(predicted, true))

}

my.lda <- function(x, data, ...) {
out <- lda(x, data, ...)
out$data <- data
out

}

my.qda <- function(x, data, ...) {
out <- gda(x, data, ...)
out$data <- data
out

}

simple.predict.da <- function(...) predict(...)$class
my.predict.da <- function(x, newdata, cutoff.data = x$data,

., measure = "max") {
response <- model.frame(x$terms, cutoff.data) [,
1]

opt <- roc.opt(predict(x, cutoff.data)$posteriorl[,
2], as.numeric(response), measure = measure)

cutoff <- opt$cutoff

factor(as.integer(predict(x, newdata = newdata)$posteriorl[,
2] > cutoff), labels = levels(response))

5.1 LDA u tune

library(MASS)

library(lattice)
library(latticeExtra)

library (ROCR)

library(e1071)

1d <- 1da(Species ~ ., data = iris)
1d

## Call:

## lda(Species = ., data = iris)

##

## Prior probabilities of groups:

#Hit setosa versicolor virginica

## 0.3333333 0.3333333 0.3333333

##

## Group means:

#Hit Sepal.Length Sepal.Width Petal.Length
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## setosa 5.006 3.428 1.462

## versicolor 5.936 2.770 4.260
## virginica 6.588 2.974 5.552
H## Petal.Width

## setosa 0.246

## versicolor 1.326

## virginica 2.026

#t

## Coefficients of linear discriminants:

H## LD1 LD2

## Sepal.Length 0.8293776 0.02410215
## Sepal.Width  1.5344731 2.16452123
## Petal.Length -2.2012117 -0.93192121
## Petal.Width -2.8104603 2.83918785
##

## Proportion of trace:

## LD1 LD2

## 0.9912 0.0088

train.idx <- sample(nrow(iris), size = nrow(iris) *
0.6)

iris.train <- iris[train.idx, ]

iris.test <- iris[-train.idx, ]

1d <- lda(Species ~ ., data = iris.train,

prior = c(1/3, 1/3, 1/3))
1d
## Call:
## 1lda(Species ~ ., data = iris.train, prior = c(1/3, 1/3, 1/3))
##
## Prior probabilities of groups:
#i#t setosa versicolor virginica
## 0.3333333 0.3333333 0.3333333
##
## Group means:
#Hit Sepal.Length Sepal.Width Petal.Length
## setosa 5.025000 3.389286 1.446429
## versicolor 5.923529 2.773529 4.247059
## virginica 6.550000 3.000000 5.532143
## Petal.Width
## setosa 0.2464286

## versicolor 1.3117647
## virginica 2.0357143

#i#
## Coefficients of linear discriminants:
i LD1 LD2

## Sepal.Length 0.6535275 -0.6210853
## Sepal.Width  1.9036507 -1.6906044
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## Petal.Length -2.3435547 1.6694124
## Petal.Width -2.8281153 -3.8409118
##

## Proportion of trace:

## LD1 LD2

## 0.9902 0.0098

table(predicted = predict(ld, iris.test)$class,
actual = iris.test$Species)

#Hit actual

## predicted setosa versicolor virginica
##  setosa 22 0 0
##  versicolor 0 15 0
##  virginica 0 1 22

table(predicted = predict(ld, iris.test,
prior = c(0.5, 0.25, 0.25))$class, actual = iris.test$Species)

#H actual

## predicted setosa versicolor virginica
##  setosa 22 0 0
##  versicolor 0 15 0
##  virginica 0 1 22

cm <- table(predicted = predict(ld, iris.test)$class,
actual = iris.test$Species)
chisq.test(cm)

## Warning in chisq.test(cm): Chi-squared approximation may be incorrect

H#t

## Pearson's Chi-squared test

H#t

## data: cm

## X-squared = 113.8043, df = 4, p-value < 2.2e-16

# test-train

tune(lda, Species ~ ., prior = c(1/3, 1/3,
1/3), data = iris, predict.func = function(...) predict(...)$class,
tunecontrol = tune.control(sampling = "fix",
fix = 2/3))
##

## Error estimation of 'lda' using fixed training/validation set: 0

simple.predict.da <- function(...) predict(...)$class
# bootstrap

tune(lda, Species ~ ., prior = c(1/3, 1/3,
1/3), data = iris, predict.func = simple.predict.da,
tunecontrol = tune.control(sampling = "bootstrap",

nboot = 10, boot.size = 9/10))
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##
## Error estimation of 'lda' using bootstrapping: 0.02151559

# leave-one-out

tune(lda, Species ~ ., prior = c(1/3, 1/3,
1/3), data = iris, predict.func = simple.predict.da,
tunecontrol = tune.control(sampling = "cross",

cross = nrow(iris)))

##
## Error estimation of 'lda' using leave-one-out: 0.02

# cross-validationi (default)

tn <- tune(lda, Species ~ ., prior = c(1/3,
1/3, 1/3), data = iris, predict.func = simple.predict.da,
tunecontrol = tune.control(sampling = "cross",
cross = 10))

tn$best .model

## Call:

## best.tune(lda, train.x = Species ~ ., data = iris, predict.func
#i# tunecontrol = tune.control(sampling = "cross", cross
#i prior = c(1/3, 1/3, 1/3))

##

## Prior probabilities of groups:

#it setosa versicolor virginica

## 0.3333333 0.3333333 0.3333333

##

## Group means:

#Hit Sepal.Length Sepal.Width Petal.Length
## setosa 5.006 3.428 1.462
## versicolor 5.936 2.770 4.260
## virginica 6.588 2.974 5.552
#Hit Petal.Width

## setosa 0.246

## versicolor 1.326

## virginica 2.026

iz

## Coefficients of linear discriminants:

## LD1 LD2

## Sepal.Length 0.8293776 0.02410215
## Sepal.Width  1.5344731 2.16452123
## Petal.Length -2.2012117 -0.93192121
## Petal.Width -2.8104603 2.83918785
##

## Proportion of trace:

## LD1 LD2

## 0.9912 0.0088
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tn$performance

##  dummyparameter error dispersion
## 1 0 0.02 0.03220306

# tndtrain.ind
# Naive Bayes

nb <- naiveBayes(Species ~ ., data = iris)
tn.nb <- tune(naiveBayes, Species ~ ., data = iris)
# multinomial Tegression
mln <- multinom(Species ~ ., data = iris,
trace = FALSE)
tn.mln <- tune(multinom, Species ~ ., data = iris,
trace = FALSE)
summary (mln)
## Call:
## multinom(formula = Species ~ ., data = iris, trace = FALSE)
##
## Coefficients:
#t (Intercept) Sepal.Length Sepal.Width
## versicolor 18.69037 -5.458424 -8.707401
## virginica -23.83628 -7.923634 -15.370769
#Hit Petal.Length Petal.Width
## versicolor 14.24477  -3.097684
## virginica 23.65978  15.135301
H#
## Std. Errors:
## (Intercept) Sepal.Length Sepal.Width
## versicolor 34.97116 89.89215 157.0415
## virginica 35.76649 89.91153 157.1196
#Hit Petal.Length Petal.Width
## versicolor 60.19170 45.48852
## virginica 60.46753 45.93406
##

## Residual Deviance: 11.89973
## AIC: 31.89973

mln.aic <- stepAIC(mln)

## Start: AIC=31.9

## Species ~ Sepal.Length + Sepal.Width + Petal.Length + Petal.Width
##

## Df AIC

## - Sepal.lLength 2 29.267

## - Sepal.Width 2 31.498

## <none> 31.900

## - Petal.Width 2 39.773

## - Petal.Length 2 41.915
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#i#
## Step: AIC=29.27
## Species 7 Sepal.Width + Petal.Length + Petal.Width

#i#
it Df AIC
## <none> 29.267

## - Sepal.Width 2 32.579
## - Petal.Length 2 39.399
## - Petal.Width 2 43.516

summary (mln.aic)

## Call:
## multinom(formula = Species ~ Sepal.Width + Petal.Length + Petal.Width,
#it data = iris, trace = FALSE)

##

## Coefficients:

#H (Intercept) Sepal.Width Petal.Length Petal.Width
## versicolor 14.15646  -17.32240 14.09906 -2.695628
## virginica -36.44078  -25.70717 21.98210 18.765796
##

## Std. Errors:

#H (Intercept) Sepal.Width Petal.Length Petal.Width
## versicolor 29.66211 47.48205 68.57820 39.08345
## virginica 32.18618 48.00257 68.76678 39.75433
##

## Residual Deviance: 13.26653
## AIC: 29.26653

5.2 Default

library (MASS)
library(lattice)
library(latticeExtra)
library(ISLR)

##

## Attaching package: ’ISLR’

##

## The following object %s masked _by_ ’.GlobalEnv’:
##

## Auto

##

## The following object is masked from ’package:vcd’:
##

## Hitters
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source("class.R")
data(Default)
gl <- glm(default ~ balance + student, data = Default,
family = binomial(link = "logit"))
Default.sorted <- Default[order(Default$balance),
]
xyplot(predict(gl, Default.sorted, type = "response") ~
balance, groups = student, data = Default.sorted,
type = "1", auto.key = list(corner = c(O0,
1), title = "Student", lines = TRUE,
points = FALSE), xlab = "Credit Card Balance",
ylab = "Default Rate") + layer_(panel.superpose(x = Default.sorted$default
"Yes", panel.groups = function(x, y,

...) panel.abline(h = mean(x), ...),
1ty = "dashed", ...))
! ! ! ! ! !
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roc <- ROC(predict(gl, Default), Default$default)
plot(roc)
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AUC(predict(gl, Default), Default$default)
## [1] 0.9495476

error.fun.auc <- function(true, predicted) {
-AUC(predicted, true)

}

tune(glm, default ~ ., data = Default, family = binomial(link = "logit"),
tunecontrol = tune.control(error.fun = error.fun.auc))

##

## Error estimation of 'glm' using 10-fold cross validation: -0.9490864
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table(predicted = my.predict.glm(gl, measure = "max"),
actual = Default$default)

#Hit actual

## predicted No Yes
## No 8507 41
## Yes 1160 292

table(predicted = my.predict.glm(gl, measure = "mean"),
actual = Default$default)

#i# actual

## predicted No Yes
HH No 8340 33
#i# Yes 1327 300

table(predicted = my.predict.glm(gl, measure = "err"),
actual = Default$default)

#Hit actual

## predicted No Yes
## No 9613 209
#i#t Yes 54 124

train <- sample(nrow(Default), size = 0.6 *
nrow(Default))

gl <- glm(default ~ balance + student, data = Default,
subset = train, family = binomial(link = "logit"))

table(predicted = my.predict.glm(gl, Default[-train,

], measure = "max"), actual = Default[-train,
J$default)

##t actual

## predicted No Yes

#i No 3387 12

H## Yes 480 121

table(predicted = my.predict.glm(gl, Default[-train,
], measure = "mean"), actual = Default[-train,
I$default)

#i# actual

## predicted No Yes

## No 3282 11

#it Yes 585 122

table(predicted = my.predict.glm(gl, Default[-train,
], measure = "err"), actual = Default[-train,
I$default)

H# actual

## predicted No Yes

#it No 3839 83

#t Yes 28 50
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5.3 Smarket

library(ISLR)
library (MASS)
data(Smarket)
gl <- glm(Direction ~ Volume + Lagl + Lag2 +
Lag3 + Lag4 + Lagb, data = Smarket, family = binomial(link = "logit"))
summary (gl)

#i#

## Call:

## glm(formula = Direction ~ Volume + Lagl + Lag2 + Lag3 + Lag4d +
#H Lagh, family = binomial(link = "logit"), data = Smarket)
##

## Deviance Residuals:

## Min 1Q Median 3Q Max

## -1.446 -1.203 1.065 1.145 1.326

##

## Coefficients:

#H Estimate Std. Error z value Pr(>|zl)

## (Intercept) -0.126000 0.240736 -0.523 0.601

## Volume 0.135441 0.158360 0.855 0.392

## Lagl -0.073074 0.050167 -1.457 0.145

## Lag2 -0.042301 0.050086 -0.845 0.398

## Lag3 0.011085 0.049939 0.222 0.824

## Lagéd 0.009359 0.049974 0.187 0.851

## Lagb 0.010313 0.049511  0.208 0.835

##

## (Dispersion parameter for binomial family taken to be 1)
##

Hit Null deviance: 1731.2 on 1249 degrees of freedom
## Residual deviance: 1727.6 on 1243 degrees of freedom
## AIC: 1741.6

##

## Number of Fisher Scoring iterations: 3

source("class.R")

roc <- ROC(predict(gl), Smarket$Direction)
plot(roc)
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AUC(predict(gl), Smarket$Direction)
## [1] 0.5387341

xyplot (Direction ~ predict(gl, type = "response"),
data = Smarket, groups = Direction, par.settings = simpleTheme(pch = 1:2))
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predict(gl, type = "response")
bwplot(Direction ~ predict(gl, type = "response"),

data = Smarket)
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predict(gl, type = "response")

bwplot(Direction ~ predict(gl, type = "response"),
data = Smarket, panel = panel.violin)
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predict(gl, type = "response")

gl <- glm(Direction ~ Volume + Lagl + Lag2,
data = Smarket, family = binomial(link = "logit"))
summary (gl)

#i#

## Call:

## glm(formula = Direction ~ Volume + Lagl + Lag2, family = binomial(link = "logit"
#t data = Smarket)

H##

## Deviance Residuals:

## Min 1Q Median 3Q Max

## -1.452 -1.203 1.068 1.146 1.331

H##

## Coefficients:

#Hit Estimate Std. Error z value Pr(>|zl)
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#H#
H#
H#
#it
H#
#
#H
H#
#Hi#t
#it
#H
Hi

(Intercept) -0.12058 0.24018 -0.502 0.616
Volume

Lagl
Lag2

0.13184 0.15799  0.835 0.404
-0.07326 0.05017 -1.460 0.144
-0.04279 0.05006 -0.855 0.393

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1731.2 on 1249 degrees of freedom

Residual deviance: 1727.7 on 1246 degrees of freedom
1735.7

AIC:

Number of Fisher Scoring iterations: 3

roc <- ROC(predict(gl), Smarket$Direction)
plot(roc)
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AUC(predict(gl), Smarket$Direction)

## [1] 0.537096

gl <- glm(Direction ~ poly(Volume, Lagl,

Lag2, degree = 2), data = Smarket, family = binomial(link = "logit"))
roc <- ROC(predict(gl), Smarket$Direction)
plot(roc)
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AUC(predict(gl), Smarket$Direction)
## [1] 0.5401183

library(el071)
tn.glm <- tune(glm, Direction

poly(Volume,
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Lagl, Lag2, degree = 2), data = Smarket,
family = binomial(link = "logit"), predict.func
tunecontrol = tune.control(cross = 100))
tn.mglm <- tune(glm, Direction ~ poly(Volume,
Lagl, Lag2, degree = 2), data = Smarket,
family = binomial(link = "logit"), predict.func = function(...) my.predict.glm(
measure = "err"), tunecontrol = tune.control(cross = 100))

simple.predict.glm,

tn.glm

##
## Error estimation of 'glm' using 100-fold cross validation: 0.5097436

tn.mglm

##
## Error estimation of 'glm' using 100-fold cross validation: 0.5048077

tn.mglm$performances$dispersion
## [1] 0.163591

tn.qda <- tune(qda, Direction ~ Volume +
Lagl + Lag2, data = Smarket, predict.func = simple.predict.da,
tunecontrol = tune.control(cross = 100))

tn.qda

##
## Error estimation of 'qda' using 100-fold cross validation: 0.5065385

Smarket.train <- subset(Smarket, Year <=
2004)
Smarket.test <- subset(Smarket, Year > 2004)
qd <- gda(Direction ~ Lagl + Lag2, data = Smarket.train)
cm.train <- table(actual = Smarket.train$Direction,
predicted = predict(qd, Smarket.train)$class)
cm.test <- table(actual = Smarket.test$Direction,
predicted = predict(qd, Smarket.test)$class)
chisq.test(cm.test)

##

## Pearson's Chi-squared test with Yates' continuity
## correction

##

## data: cm.test

## X-squared = 5.6585, df = 1, p-value = 0.01737

5.4 banknote
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source("class.R")

banknote <- read.csv("banknote/data_banknote_authentication.txt",
header = FALSE, comment.char = "#")

colnames (banknote) <- c("variance", "skewness",
"curtosis", "entropy", "class")

banknote$class <- factor(banknote$class,
labels = c("genuine", "forged"))

summary (banknote)
## variance skewness curtosis
## Min. :-7.0421 Min. :-13.773 Min. :-5.2861

## 1st Qu.:-1.7730 1st Qu.: -1.708 1st Qu.:-1.5750
## Median : 0.4962 Median : 2.320 Median : 0.6166

## Mean : 0.4337 Mean o 1.922 Mean : 1.3976
## 3rd Qu.: 2.8215 3rd Qu.: 6.815 3rd Qu.: 3.1793
## Max. : 6.8248 Max. : 12.952 Max. :17.9274
#Hit entropy class

## Min. :-8.5482  genuine:762

## 1st Qu.:-2.4135 forged :610
## Median :-0.5867

## Mean :-1.1917

## 3rd Qu.: 0.3948

## Max. 1 2.4495

nb <- naiveBayes(class ~ ., data = banknote)
1d <- lda(class ~ ., data = banknote)

qd <- gda(class ~ ., data = banknote)

gl <- glm(class ~ ., data = banknote, family = binomial(link = "logit"))

## Warning: glm.fit: fitted probabilities numerically O or 1 occurred

table(predicted = predict(nb, banknote),
actual = banknote$class)

#i#t actual

## predicted genuine forged

##  genuine 671 127

##  forged 91 483

tn <- tune(naiveBayes, class ~ ., data = banknote)
tn

#i#

## Error estimation of 'naiveBayes' using 10-fold cross validation: 0.1595843
tn$performances$dispersion

## [1] 0.03457557
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predict.func
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predict.func
nb <- tune(naiveBayes,
mglm <- tune(glm, class ~
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simple.

simple.

fitted
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predict.da)

., data = banknote,
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class ~ .,
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predict.func = function(...) my.predict.da(...,
measure = "err"))

.mqda <- tune(my.qda, class ~ .,

data =
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predict.func = function(...) my.predict.da(...,
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Error estimation of 'lda' using 10-fold cross validation: 0.02331535
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##
## Error estimation of 'qda' using 10-fold cross validation: 0.01457738

tn.glm

i
## Error estimation of 'glm' using 10-fold cross validation: 0.01239289

tn.nb

##
## Error estimation of 'naiveBayes' using 10-fold cross validation: 0.1625304

tn.mlda

##
## Error estimation of 'my.lda' using 10-fold cross validation: 0.008753835

tn.mqda

##
## Error estimation of 'my.qda' using 100-fold cross validation: 0.0007692308

summary (tn.mglm$best .model)

#it

## Call:

## best.tune(method = glm, train.x = class ~ ., data = banknote,
## predict.func = function(...) my.predict.glm(..., measure = "err"),
#H family = binomial(link = "logit"))

#it

## Deviance Residuals:

Hit Min 1Q Median 3Q Max

## -1.70001 0.00000 0.00000 0.00029 2.24614

#it

## Coefficients:

#Hit Estimate Std. Error z value Pr(>|zl)

## (Intercept) 7.3218 1.55689  4.697 2.64e-06 *x*x
## variance -7.8593 1.7383 -4.521 6.15e-06 *x*x
## skewness -4.1910 0.9041 -4.635 3.56e-06 **x*
## curtosis -5.2874 1.1612 -4.553 5.28e-06 *x*x
## entropy -0.6053 0.3307 -1.830 0.0672 .
#it ---

## Signif. codes:

## 0 '#xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' " 1

#it

## (Dispersion parameter for binomial family taken to be 1)
##

## Null deviance: 1885.122 on 1371 degrees of freedom
## Residual deviance: 49.891 on 1367 degrees of freedom
## AIC: 59.891

##

## Number of Fisher Scoring iterations: 12
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summary (tn.mgda$best .model)

## Length Class Mode

## prior 2 -none- numeric
## counts 2 -none- numeric
## means 8 -none- numeric
## scaling 32 -none- numeric
## ldet 2 -none- numeric
## lev 2 -none- character
## N 1 -none- numeric
## call 6 -none- call

## terms 3 terms call

## xlevels O -none- list

## data 5 data.frame list

splom(subset (banknote, select = -class),
groups = banknote$class)
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Scatter Plot Matrix
splom(cbind (subset (banknote, select = -class),

glm = predict(tn.mglm$best.model), lda = as.matrix(subset(banknote,
select = -class)) %*% tn.mlda$best.model$scaling),
groups = banknote$class)
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densityplot ("predict(tn.glm$best.model),
groups = banknote$class)
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train <- sample(nrow(banknote), size = 0.66 *
nrow (banknote))

gl <- glm(class ~ ., data = banknote, subset = train,
family = binomial)

## Warning: glm.fit: fitted probabilities numerically O or 1 occurred

roc <- ROC(predict(gl, banknote[-train, ],

type = "response"), as.numeric(banknote[-train,
1$class))
plot(roc)
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6.1 Bootstrap and CV

library(MASS)
library(lattice)
library(latticeExtra)
library(el071)
library(boot)

##t
## Attaching package: ’boot’
##
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## The following object 1s masked from ’package:lattice’:
##t
## melanoma

library (mvtnorm)

source("class.R")

N <- 100

x <- rnorm(N)

b.np <- boot(x, function(data, subset) mean(datal[subset]),

R = 999)
boot.ci(b.np)

## Warning in boot.ci(b.np): bootstrap variances needed for studentized intervals

boot.ci(b.np)$normal

## Warning in boot.ci(b.np): bootstrap variances needed for studentized intervals

t.test(x)
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b.p <- boot(x, mean, R = 999, sim = "parametric",
ran.gen = function(data, pars) rnorm(length(data),
mean = pars$mean, sd = pars$sd),
mle = list(mean = mean(x), sd = sd(x)))
boot.ci(b.p, type = "norm"

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS
## Based on 999 bootstrap replicates

##

## CALL :

## boot.ci(boot.out = b.p, type = "norm"

##

## Intervals :

## Level Normal

## 95, (-0.3009, 0.1067 )

## Calculations and Intervals on Original Scale

boot.ci(b.p, type = "perc")

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS
## Based on 999 bootstrap replicates

##

## CALL :

## boot.ci(boot.out = b.p, type = "perc")

##

## Intervals :

## Level Percentile

## 957  (-0.3028, 0.0983 )

## Calculations and Intervals on Original Scale

plot(b.np)
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X <- runif (N)
b.np <- boot(x, function(x, subset) max(x[subset]),
R = 999)
b.p <- boot(x, max, R = 999, sim = "parametric",
ran.gen = function(data, pars) runif(length(data),
min = pars$min, max = pars$max),
mle = list(min = min(x), max = max(x)))
boot.ci(b.np)

## Warning in boot.ci(b.np): bootstrap variances needed for studentized intervals

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS
## Based on 999 bootstrap replicates

##

## CALL :
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## boot.ci(boot.out = b.np)
##
## Intervals :

## Level Normal Basic
## 95% ( 0.9726, 1.0310 ) ( 0.9962,
#t

## Level Percentile BCa

## 95Y% ( 0.9441, 0.9962 ) ( 0.9282,

1.0484 )

0.9962 )

## Calculations and Intervals on Original Scale

## Some BCa intervals may be unstable

boot.ci(b.p, type = "norm"

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS

## Based on 999 bootstrap replicates
##
## CALL :

## boot.ci(boot.out = b.p, type = "norm"

#t

## Intervals :

## Level Normal

## 959 ( 0.9865, 1.0263 )

## Calculations and Intervals on Original Scale

boot.ci(b.p, type = "perc")

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS

## Based on 999 bootstrap replicates
##

## CALL :

## boot.ci(boot.out = b.p, type = "perc")
##

## Intervals :

## Level Percentile

## 95Y% ( 0.9585, 0.9960 )

## Calculations and Intervals on Original Scale

plot(b.np)
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lda.model <- function(data, groups) {

data <- as.matrix(data)
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Quantiles of Standard Normal

means <- aggregate(data, list(groups = groups),
mean)
data <- data - as.matrix(means[match(groups,

means$groups), -11)

list(cov = cov(data), means = means|[,
-1, drop = FALSE])
}
model <- lda.model(subset(iris, select = -Species),
iris$Species)
make.data <- function(data, groups, lda.model,
size = nrow(data), groups.name = "Species") {

ind <- sample(seq_along(levels(groups)),

size =

size, replace = TRUE)
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res <- data.frame(name =
levels =

levels(groups)))

names(res) <- groups.name

mx <- lda.model$means[ind, ]

mx <- mx + rmvnorm(nrow(mx), sigma =
colnames (mx) <- colnames(lda.model$cov)
res <- cbind(res, as.data.frame(mx))
rownames (res) <- NULL

res

3

factor(levels(groups) [ind],

lda.model$cov)

res <- make.data(iris, iris$Species, model)

splom(res, groups = res$Species)
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b <- boot(iris, function(data) {
tn <- tune(my.lda, Species ~ ., data = data,
predict.func = simple.predict.da,
tunecontrol = tune.control(sampling = "fix",
fix = 1/2))
tn$best.performance
}, R =999, sim = "parametric", ran.gen = function(data,
mle, ..., size = 300) make.data(data,
mle$groups, mle$lda.model, ...), mle = list(groups = iris$Species,
lda.model = lda.model(subset(iris, select = -Species),
groups = iris$Species)))
plot(b)
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#H
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#i#t
#it
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#Hi
H#
#it
#i#t
#H

Adv
Adv
deg
tns
tns
mse
for

3

cV.
boo
deg

##
deg

#H#

<Y

t.ci(b, type = "perc")

BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS
Based on 999 bootstrap replicates

CALL :

boot.ci(boot.out = b, type = "perc")
Intervals :

Level Percentile

95% ( 0.0000, 0.0533 )

Calculations and Intervals on Original Scale

ertising <- read.csv("Advertising.csv")
ertising$X <- NULL
rees <- 1:10
.cv <- list()
.boot <- list()
<- rep(NA_real_, length(degrees))
(i in seq_along(degrees)) {
model <- Sales ~ Radio + poly(TV, degree = degrees[i])
tns.cv[[i]] <- tune(lm, model, data = Advertising,
tunecontrol = tune.control(sampling = "cross",
cross = 15))
tns.boot[[i]] <- tune(lm, model, data = Advertising,
tunecontrol = tune.control(sampling = "boot",
nboot = 100))
mse[i] <- mean(residuals(lm(model, data = Advertising))~2)

errors <- sapply(tns.cv, function(el) el$performance$error)
t.errors <- sapply(tns.boot, function(el) el$performance$error)
rees[which.min(cv.errors)]

(1] 5

rees[which.min(boot.errors)]

[1] 4

lot (boot.errors + cv.errors + mse ~ degrees,
type = "1", auto.key = list(corner = c(1,

1), lines = TRUE, points = FALSE),
ylab = "MSE")
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b <- boot(Advertising, function(...) coef(lm(Sales ~

Radio + TV, ...)), R = 999)
plot(b, index = 1)
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plot (b, = 2)
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plot (b, = 3)
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boot.ci(b, index = 1)

## Warning in boot.ci(b, index = 1): bootstrap variances needed for studentized

intervals

## BOOTSTRAP CONFIDENCE INTERVAL CALCULATIONS
## Based on 999 bootstrap replicates
##

H#
H#
H#t
#H
#H
H#
H#

CALL :

boot.ci(boot.out = b, index = 1)

Intervals

Level
95%

Normal
( 2.297, 3.553)

Basic

( 2.314,

94

3.558 )



## Level Percentile BCa
## 955, ( 2.285, 3.529 ) (2.274, 3.528 )
## Calculations and Intervals on Original Scale

boot.ci(b, index = 1)$percent

## Warning in boot.ci(b, index = 1): bootstrap variances needed for studentized

intervals

## conf
## [1,] 0.95 25 975 2.284511 3.528545

boot.ci(b, index = 2)$percent

## Warning in boot.ci(b, index = 2): bootstrap variances needed for studentized
intervals

##t conf
## [1,] 0.95 25 975 0.1679166 0.208791

boot.ci(b, index = 3)$percent

## Warning in boot.ci(b, index = 3): bootstrap variances needed for studentized
intervals

## conf
## [1,] 0.95 25 975 0.04176539 0.04934465

1 <- Im(Sales ~ Radio + TV, data = Advertising)
confint (1)

#it 2.5 % 97.5 Y
## (Intercept) 2.34034299 3.50185683
## Radio 0.17213877 0.20384969
##t TV 0.04301292 0.04849671

library(MASS)
library(e1071)
source("class.R")
library(nnet)
fertility <- read.csv("fertility/fertility_Diagnosis.txt",
comment.char = "#", header = FALSE)
names (fertility) <- c("Season", "Age", "ChildishDesiases",
"Trauma", "Surgical", "Fevers", "Alcohol",
"Smoking", "Sitting", "Diagnosis")
fertility$Season <- factor(fertility$Season,
labels = c("winter", "spring", "summer",
"fall"))
contrasts(fertility$Season) <- contr.sum
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fertility$Age <- 18 + 18 * fertility$Age
fertility$ChildishDesiases <- factor(fertility$ChildishDesiases,

labels = c("yes", "no"))

contrasts(fertility$ChildishDesiases) <- c(1,

0)

fertility$Trauma <- factor(fertility$Trauma,

labels = c("yes", "no"))

contrasts(fertility$Trauma) <- c(1, 0)
fertility$Surgical <- factor(fertility$Surgical,

labels = c("yes", "no"))

contrasts(fertility$Surgical) <- c(1, 0)
fertility$Fevers <- factor(fertility$Fevers,

labels = c("less3", "more3", "no"), ordered = TRUE)

fertility$Fevers <- factor(fertility$Fevers,

levels = rev(levels(fertility$Fevers)),
ordered = TRUE)

contrasts(fertility$Fevers) <- contr.helmert
fertility$Alcohol <- factor(fertility$Alcohol,

labels = c("sevday", "evday", "sevweek",
"evweek", "never"), ordered = TRUE)

fertility$Alcohol <- factor(fertility$Alcohol,

levels = rev(levels(fertility$Alcohol)),
ordered = TRUE)

contrasts(fertility$Alcohol) <- contr.helmert
fertility$Smoking <- factor(fertility$Smoking,

labels = c("never", "occasional", "daily"),
ordered = TRUE)

contrasts(fertility$Smoking) <- contr.helmert
fertility$Sitting <- fertility$Sitting *

16

fertility$Diagnosis <- factor(fertility$Diagnosis,

labels = c("Normal", "Altered"))

gl <- glm(Diagnosis ~ ., data = fertility,
family = binomial)
summary (gl)
#it
## Call:
## glm(formula = Diagnosis ~ ., family = binomial, data =
H##
## Deviance Residuals:
#it Min 1Q Median 3Q Max
## -1.1621 -0.4872 -0.2585 -0.1271 2.8269
##
## Coefficients:
it Estimate Std. Error z value Pr(>|zl)
## (Intercept) -20.9269 678.7346 -0.031 0.9754
## Seasonl -1.4493 1.0583 -1.370 0.1708
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## Season2 -0.3051 0.6931 -0.440 0.6598
## Season3d 0.9589 1.2124 0.791  0.4290
## Age 0.3677 0.2162 1.701 0.0890 .
## ChildishDesiasesl -0.5696 1.0441 -0.546 0.5854
## Traumal 1.6410 0.8572 1.914 0.0556 .
## Surgicall -0.3057 0.7979 -0.383 0.7017
## Feversl 0.2473 0.5347 0.462 0.6438
## Fevers2 0.5369 0.3723 1.442 0.1493
## Alcoholl 0.9215 0.5298 1.740 0.0819 .
## Alcohol2 0.4349 0.3150 1.381 0.1674
## Alcohol3 -3.3031 599.8863 -0.006 0.9956
## Alcohol4d -2.4536  494.6789 -0.005 0.9960
## Smokingl -0.1733 0.5031 -0.345 0.7304
## Smoking?2 0.1632 0.3036 0.537 0.5910
## Sitting 0.2050 0.1511 1.357 0.1747
#H o---
## Signif. codes:
## 0 '**xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
##
## (Dispersion parameter for binomial family taken to be 1)
##
Hit Null deviance: 73.385 on 99 degrees of freedom
## Residual deviance: 55.134 on 83 degrees of freedom
## AIC: 89.134
##
## Number of Fisher Scoring iterations: 15
gl <- glm(Diagnosis ~ Trauma + Age + Alcohol,

data = fertility, family = binomial)
summary (gl)
##
## Call:
## glm(formula = Diagnosis ~ Trauma + Age + Alcohol, family = binomial,
#H data = fertility)
##
## Deviance Residuals:
#it Min 1Q Median 3Q Max
## -1.2511 -0.5020 -0.3513 -0.2706  2.4948
##
## Coefficients:
#t Estimate Std. Error z value Pr(>|z|)
## (Intercept) -14.7395 678.7121 -0.022 0.9827
## Traumal 1.3935 0.7439 1.873 0.0610 .
## Age 0.2066 0.1590 1.300 0.1937
## Alcoholl 0.8010 0.4381 1.828 0.0675 .
## Alcohol2 0.2621 0.2646 0.991 0.3218
## Alcohol3 -3.2959 599.8862 -0.005 0.9956
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## Alcohol4d -2.2602 494.6788 -0.005 0.9964

#H o---

## Signif. codes:

## 0 '*xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## (Dispersion parameter for binomial family taken to be 1)
##

#i# Null deviance: 73.385 on 99 degrees of freedom

## Residual deviance: 63.914 on 93 degrees of freedom
## AIC: 77.914

##

## Number of Fisher Scoring iterations: 15

gl.aic <- stepAIC(gl)

## Start: AIC=77.91
## Diagnosis = Trauma + Age + Alcohol

H##

#it Df Deviance AIC
## - Alcohol 4 69.022 75.022
## - Age 1 65.616 77.616
## <none> 63.914 77.914
## - Trauma 1 67.938 79.938
H##

## Step: AIC=75.02
## Diagnosis ~ Trauma + Age

#it

## Df Deviance AIC
## <none> 69.022 75.022
## - Age 1 71.280 75.280

## - Trauma 1 72.118 76.118
summary(gl.aic)

#i#

## Call:

## glm(formula = Diagnosis ~ Trauma + Age, family = binomial, data = fertility)
#Hit

## Deviance Residuals:

## Min 1Q Median 3Q Max

## -1.0360 -0.5396 -0.4415 -0.3155 2.6531

#it

## Coefficients:

it Estimate Std. Error z value Pr(>|zl)
## (Intercept) -9.3009 4.5276 -2.054 0.0399 =*
## Traumal 1.2102 0.7336 1.6560 0.0990 .
## Age 0.2152 0.1422 1.513 0.1302
#it ---

## Signif. codes:
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## 0 '"sxx' 0.001 'xx' 0.01 'x' 0.05

#

S O I R |

## (Dispersion parameter for binomial family taken to be 1)

#t

#it Null deviance: 73.385
## Residual deviance: 69.022
## AIC: 75.022

#t

on 99 degrees of freedom
on 97 degrees of freedom

## Number of Fisher Scoring iterations: 5

gl <- glm(Diagnosis ~ Age * Trauma, data = fertility,

family = binomial)

xyplot(Diagnosis ~ jitter(Age) | Trauma,
data = fertility, auto.key = list(corner = c(O0,
1))
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gl <- glm(Diagnosis ~ Age * Trauma, data = fertility,
family = binomial(link = "logit"))
fertility.sorted <- fertility[order(fertility$Age),
]
xyplot(predict(gl, fertility.sorted, type = "response") ~
Age, groups = Trauma, data = fertility.sorted,
type = "1", auto.key = list(corner = c(O0,
1), title = "Trauma", lines = TRUE,
points = FALSE), xlab = "Age", ylab = "Altered Rate") +
layer_(panel.superpose(x = fertility$Diagnosis ==
"Altered", panel.groups = function(x,

Yy, ...) panel.abline(h = mean(x),
.), 1ty = "dashed", groups = fertility$Trauma,
o))
| | | | |
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gl <- glm(Diagnosis ~ Sitting, data = fertility,
family = binomial)
summary (gl)

##

## Call:

## glm(formula = Diagnosis ~ Sitting, family = binomial, data = fertility)
##

## Deviance Residuals:

#it Min 1Q Median 3Q Max

## -0.5602 -0.5135 -0.4967 -0.4902 2.1151

##

## Coefficients:

#t Estimate Std. Error z value Pr(>|z|)

## (Intercept) -2.14628 0.74487 -2.881 0.00396 x*x*
## Sitting 0.02335 0.10174 0.230 0.81844

#H o---

## Signif. codes:

## 0 'xxx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1

##

## (Dispersion parameter for binomial family taken to be 1)
##

#i#t Null deviance: 73.385 on 99 degrees of freedom

## Residual deviance: 73.333 on 98 degrees of freedom
## AIC: 77.333

##

## Number of Fisher Scoring iterations: 4

1d <- lda(Diagnosis ~ Age * Trauma, data = fertility)
table(predicted = predict(ld, fertility)$class,
actual = fertility$Diagnosis)

## Warning in predict.lda(ld, fertility): variable names in ’newdata’ do not match
those in ’object’

Hi#t actual

## predicted Normal Altered
H## Normal 82 12
H## Altered 6 0

qd <- gda(Diagnosis ~ Age * Trauma, data = fertility)
table(predicted = predict(qd, fertility)$class,
actual = fertility$Diagnosis)

## Warning in predict.qda(qd, fertility): variable names in ’newdata’ do not match
those in ’object’

H# actual

## predicted Normal Altered
##  Normal 76 11
##  Altered 12 1
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1d <- lda(Diagnosis ~ Age + Trauma, data = fertility)
table(predicted = predict(ld, fertility)$class,
actual = fertility$Diagnosis)

## Warning in predict.lda(ld, fertility): variable names in ’newdata’ do not match
those in ’object’

#Hit actual

## predicted Normal Altered
##  Normal 88 12
##  Altered 0 0

tune(glm, data = fertility, Diagnosis ~ Age *
Trauma, family = binomial, tunecontrol = tune.control(sampling = "boot"),
predict.func = my.predict.glm)

##
## Error estimation of 'glm' using bootstrapping: 0.2421375

nb <- naiveBayes(Diagnosis ~ ., data = fertility)
table(predicted = predict(nb, fertility),
actual = fertility$Diagnosis)

#it actual

## predicted Normal Altered
##  Normal 88 11
##  Altered 0 1

pred.nb <- predict(nb, fertility, type = "raw") [,
2]
pred.glm <- predict(glm(Diagnosis ~ Age *
Trauma, data = fertility, family = binomial))
plot (ROC(pred.nb, fertility$Diagnosis))
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plot (ROC(pred.glm, fertility$Diagnosis))
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xyplot(Diagnosis ~ Age, groups = Trauma,
data = fertility)
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gl <- glm(Diagnosis ~ Age + Trauma + Alcohol +

Sitting + Season, data = fertility, family = binomial)
library(lattice)
splom(fertility)
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Scatter Plot Matrix

7 MatepuaJbl ¢ 3aHATUS 24 OKTAOpH

read_chunk ("PCA/PCAfncs.R")
read_chunk ("PCA/PCA.R")
read_chunk ("PCA/PCAmnist.R")

7.1 My PCA functions(‘PCAfncs.R’)

library(svd)
logweightsplot <- function(pc, ncomp = 50,
oA
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w <- colSums(pc$x~2)
w <- w[seq_len(min(ncomp, length(w)))]

xyplot(log(w) ~ seq_along(w), ...)
}
cumweightsplot <- function(pc, ncomp = 50,
oA
w <- colSums(pc$x~2)
w <- w/sum(w)
w <- w[seq_len(min(ncomp, length(w)))]
xyplot (cumsum(w) ~ seq_along(w), ...)
}
pcawrap <- function(learner, x, data = NULL,
subset = NULL, ..., ncomp, center = TRUE,
scale = TRUE) {
if (is.null(data))
data <- parent.frame()
mf <- model.frame(x, data = data)
if (!is.null(subset))
mf <- mf [subset, ]
response <- mf[, 1]
predictors <- mf[, -1, drop = FALSE]
pca <- prcomp(predictors, scale = scale,
center = center, ncomp = ncomp)
pca.data <- as.data.frame(predict(pca) [,
seq_len(ncomp), drop = FALSE], predictors)
pca.data$response <- response
model <- learner(response ~ ., data = pca.data,
)
res <- list(pca = pca, model = model,
formula = x, data = data, terms = attr(mf,
"terms"), ncomp = ncomp)
class(res) <- "pcawrap"
res
}

predict.pcawrap <- function(object, newdata = object$data,

oA
mf <- model.frame(delete.response(object$terms),
data = newdata)
predictors <- as.data.frame(predict(object$pca,
mf) [, seq_len(object$ncomp), drop = FALSE])
predict(object$model, newdata = predictors,
)
}
prcomp.default <- function(x, retx = TRUE,
center = TRUE, scale. = FALSE, tol = NULL,
ncomp = 50, use.robust.scaling = FALSE,
use.robust.cov = FALSE, ...) {
scale.mm <- function(x, center = TRUE,
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scale = TRUE) {
if (isTRUE(center))
center <- apply(x, 2, median)
if (isTRUE(scale))
scale <- apply(x, 2, mad)
base::scale(x, center = center, scale = scale)
+
X <- as.matrix(x)
if (use.robust.scaling) {
x <- scale.mm(x, center = center,
scale = scale.)
} else {
x <- scale(x, center = center, scale = scale.)
+
cen <- attr(x, "scaled:center")
sc <- attr(x, "scaled:scale")
if (any(sc == 0))
stop("cannot rescale a constant/zero column to unit variance")
if (luse.robust.cov) {
if (min(dim(x)) < 50) {
s <- svd(x, nu = 0, nv = ncomp)
} else {
require("svd")
s <- propack.svd(x, neig = ncomp)
}
} else {
cov <- MASS::cov.rob(x)$cov
if (ncol(cov) > 50) {
v <- trlan.eigen(cov, neig = ncomp)$u
} else {
v <- eigen(cov, symmetric = TRUE)$vectors
}
d <- sqrt(colSums((x %*% v)~2))
s <- list(d =d, v = v)
+
s$d <- s$d/sqrt(max(l, nrow(x) - 1))
if (lis.null(tol)) {
rank <- sum(s$d > (s$d[1L] * tol))
if (rank < ncol(x)) {
s$v <- s$v[, 1L:rank, drop = FALSE]
s$d <- s$d[1L:rank]

+

dimnames (s$v) <- list(colnames(x), pasteO("PC",
seq_len(ncol(s$v))))

r <- list(sdev = s$d, rotation = s$v,
center = if (is.null(cen)) FALSE else cen,
scale = if (is.null(sc)) FALSE else sc)
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if (retx)
r$x <- x %*% s$v

class(r) <- "prcomp"

r
}
unlockBinding("prcomp.default", env = loadNamespace("stats"))
assign("prcomp.default", prcomp.default,

envir = loadNamespace("stats"))
lockBinding("prcomp.default", env = loadNamespace("stats"))

7.2 Basic PCA

library (MASS)

library(lattice)

library(latticeExtra)

library(e1071)

source ("PCA/PCAfncs.R")

pr <- prcomp(USArrests) # inappropriate, need scaling
biplot (pr)

109



-600 -400 -200 0 200 400 600
™ | | | | | | |
o -

Hawall New Jersey California
N p—
e m%%sﬁ%lﬂgee@and B
NG sk
Connegitigut CRIRERJO |jjinois
- .
o 7| Pennsyl\\/}:(ﬂ%mgton Arizona
Wiskmmsésota o iss Michigan Florid
ikangfaklano:
o : Delaware _
8 o 7 Nebraska ., Ma#a New-MexicoAssau—
S owa Virginia
New HAWpshire Wyorni Louisianamaryland
. YOTtRRessepgia
T Maiﬁgmm Alabama
North Dgkgta Dakota Arkansas
N Alaska B
?' —
West Virginia South Carolina
o Vermont Mississippi B
? | North Car
T T T T T T T
-0.3 -0.2 -0.1 0.0 0.1 0.2 0.3
PC1

pr <- prcomp(USArrests, scale = TRUE)
biplot (pr)
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pr <- prcomp(~., data = USArrests, scale = TRUE)
plot(pr)
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pr

summary (pr)

15 2.0

Variances

1.0

0.5

0.0

## Importance of components:

## PC1 PC2 PC3 PC4
## Standard deviation 1.5749 0.9949 0.59713 0.41645
## Proportion of Variance 0.6201 0.2474 0.08914 0.04336
## Cumulative Proportion 0.6201 0.8675 0.95664 1.00000

screeplot(pr, type = "lines")
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logweightsplot(pr, type = "b")
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seqg_along(w)

cumweightsplot(pr, type = "b")
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seqg_along(w)
splom(stackloss)
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pc <- princomp(stackloss)

Scatter Plot Matrix

pc.rob <- princomp(stackloss, covmat = MASS::cov.rob(stackloss))

biplot (pc)
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biplot (pc.rob)
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pc <- prcomp(~. - Species, data = iris)
splom(cbind(iris, predict(pc)), groups = iris$Species,
auto.key = TRUE)
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Scatter Plot Matrix

splom(predict(pc), groups = iris$Species,
auto.key = TRUE)
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Scatter Plot Matrix

k<-1

iris.out <- data.frame(Species = sample(iris$Species,
size = k, replace = TRUE), Sepal.Length = rcauchy(k),
Sepal.Width = rcauchy(k), Petal.Length = rcauchy(k),
Petal.Width = rcauchy(k))

iris.spoiled <- rbind(iris, iris.out)

splom(iris.spoiled, groups = iris.spoiled$Species)
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Scatter Plot Matrix
pc.rob <- prcomp(~. - Species, data = iris.spoiled,
use.robust.scaling = TRUE, use.robust.cov = TRUE)
pc <- prcomp(~. - Species, data = iris.spoiled)

splom(predict(pc, iris), groups = iris$Species,
auto.key = TRUE)
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biplot(pc)
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splom(predict(pc.rob, iris), groups = iris$Species,
auto.key = TRUE)
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Scatter Plot Matrix
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7.3 PCA-LDA for ‘iris’

train.idx <- sample(seq_len(nrow(iris)),
size = 2/3 * nrow(iris))

iris.test <- iris[-train.idx, ]

iris.train <- iris[train.idx, ]

iris.test.Species <- iris.test$Species

iris.test$Species <- NULL

pcalda <- function(...) pcawrap(lda, ...)
predict.pcalda <- function(...) predict(...)$class
plda <- pcalda(Species ~ ., data = iris.train,

ncomp = 1, scale = TRUE)

0.2

table(actual = iris.test.Species, predicted = predict(plda,
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iris.test)$class)

#t predicted

## actual setosa versicolor virginica
##  setosa 10 0 0
##  versicolor 0 14 2
##  virginica 0 1 23
tn <- tune(pcalda, Species ~ ., data = iris,

ranges = list(ncomp = 1:4), predict.func = predict.pcalda,
tunecontrol = tune.control(cross = nrow(iris)))
summary (tn)

#Hit

## Parameter tuning of 'pcalda':
#i#

## - sampling method: leave-one-out
it

## - best parameters:

## ncomp

#i# 4

#i#t

## - best performance: 0.02

it

## - Detailed performance results:
##  ncomp error dispersion
## 1 0.08000000 0.2722021

1
## 2 2 0.08000000 0.2722021
## 3 3 0.02666667 0.1616470
## 4 4 0.02000000 0.1404690

plot(tn)
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Performance of ‘pcalda’
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pcagda <- function(...) pcawrap(qda, ...)

predict.pcaqda <- function(...) predict(...)$class

sigma <- 0.05

iris$trashl <- iris$Sepal.Length + iris$Petal.Llength +
rnorm(nrow(iris), sd = sigma)

iris$trash2 <- iris$Sepal.Length - iris$Petal.length +
rnorm(nrow(iris), sd = sigma)

iris$trash3 <- iris$Sepal.Length + 2 * iris$Petal.Length +
rnorm(nrow(iris), sd = sigma)

iris$trashd <- iris$Sepal.Length - 2 * iris$Petal.Llength +
rnorm(nrow(iris), sd = sigma)

tn <- tune(pcaqda, Species ~ ., data = iris,
ranges = list(ncomp = 1:8), predict.func = predict.pcaqda,
tunecontrol = tune.control(cross = nrow(iris)))

plot(tn)
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Performance of ‘pcaqda’
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7.4 PCA-LM for ‘gasoline’

library(lattice)
library(latticeExtra)
library(pls)

##t

## Attaching package: ’pls’

##

## The following object 1s masked from ’package:stats’:
##

## loadings
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library (MASS)

library(e1071)
data(gasoline)
names (gasoline)

## [1] "octane" "NIR"
dim(gasoline)
## [1] 60 2

class(gasoline$NIR) <- NULL

colnames(gasoline$NIR) <- paste("S", seq(900,
1700, 2), sep = "")

gasoline <- cbind(subset(gasoline, select = octane)
as.data.frame(gasoline$NIR))

dim(gasoline)

## [1] 60 402

1 <- 1Im(octane ., data = gasoline)
coef (1) [1:70]

## (Intercept) S900 5902 5904
#i# 483.1856 -24260.3171 -18267.4559 15989.9042
#i# S908 5910 5912 5914
## 21111.9165 17721.0489 -6133.9016  -486.7148
#it 5918 5920 5922 5924
## -4253.3466 -32548.3782 24675.4370 1871.8213
#i#t 5928 S930 5932 5934
## 37521.8093 -4189.9107 -1284.8007 26831.7811
#i# S938 5940 5942 5944
##  6157.5540 -62075.6004 -76762.3711 51875.9328
#it 5948 5950 5952 5954
## -26627.6883 37529.8105 -15734.7199 87375.7664
HH 5958 S960 5962 5964
## -23517.7801 21175.4795 28376.4367 56671.2136
#it 5968 8970 S972 5974
## -17618.9349 76039.4972 -7797.7093 -68962.8609
#it S978 5980 5982 5984
## 18649.6597 22834.2249 -57093.0827 18209.8438
#i# 5988 S990 5992 5994
##  8335.4738 17109.9673 -34620.8186 -91225.9688
#it 5998 51000 51002 51004
## 20509.7228 53535.2166  4488.3995 49531.3777
#i#t 51008 51010 51012 51014
##  9533.3868 -88366.9080 45037.8874 15693.9422
#i#t 51018 51020 51022 51024
#Hit NA NA NA NA
#Hit 51028 51030 51032 51034
#it NA NA NA NA
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S906
-14110.4715
5916
6511.4456
5926
-22699.8907
5936

24394 .2217
5946
-20214.4881
S956
-39180.4653
S966
-46634.0914
S976
-54896.1171
5986
37029.9733
5996
96890.9404
51006
-65202.7703
51016
-28076.9493
51026

NA

S1036

NA



tune(lm, octane ~ ., data = gasoline)

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal[-train.ind[[sample]],
fit may be misleading

## Warning in predict.lm(model, if (!is.null(validation
if (useFormula) datal[-train.ind[[sample]], : prediction
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal[-train.ind[[sample]],
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) data[-train.ind[[sample]],
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal-train.ind[[sample]],
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal[-train.ind[[sample]],
fit may be misleading

## Warning in predict.lm(model, if (!is.null(validation
if (useFormula) datal[-train.ind[[sample]], : prediction
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal-train.ind[[sample]],
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal-train.ind[[sample]],
fit may be misleading

: prediction

## Warning in predict.lm(model, if (!is.null(validation.

if (useFormula) datal[-train.ind[[sample]],
fit may be misleading

: prediction

#Hit

x)) validation.x else
from a rank-deficient

.x)) validation.x else

from a rank-deficient

x)) validation.x else
from a rank-deficient

x)) validation.x else
from a rank-deficient

x)) validation.x else
from a rank-deficient

x)) validation.x else
from a rank-deficient

.x)) validation.x else

from a rank-deficient

x)) validation.x else
from a rank-deficient

x)) validation.x else
from a rank-deficient

x)) validation.x else
from a rank-deficient

## Error estimation of 'lm' using 10-fold cross validation: 178712.7

pc <- prcomp(~. - octane, data =
plot(pc, type = "lines")

gasoline)
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logweightsplot (pc)
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log(w)

_10 —

0 10 20 30
seq_along(w)
pl <- pcr(octane ~ ., data = gasoline, ncomp = 6)
summary (pl)
## Data: X dimension: 60 401
## Y dimension: 60 1
## Fit method: svdpc
## Number of components considered: 6
## TRAINING: % variance explained
#Hit 1 comps 2 comps 3 comps 4 comps 5
## X 72.57 83.90 90.86 95.46
## octane 18.99 19.62 46.50 97.69
it 6 comps
## X 97.66
## octane 97.79

# Many curses to package developers!
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my.predict.mvr <- function(object, newdata,

oA
predict(object, newdata, type = "response",
comps = object$ncomp, ...)
b
tn <- tune(pcr, octane ~ ., data = gasoline,
ranges = list(ncomp = 1:10), predict.func = my.predict.mvr,
tunecontrol = tune.control(sampling = "cross"))
plot(tn)
Performance of ‘pcr’
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ncomp
tn <- tune(pcr, octane ~ ., data = gasoline,
ranges = list(ncomp = 1:10), predict.func = my.predict.mvr,
tunecontrol = tune.control(sampling = "cross",
cross = nrow(gasoline)))
plot(tn)
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2.4

error
1.6 1.8 2.0 2.2

1.4

1.2

Performance of ‘pcr'

2 4 6
ncomp
cv <- crossval(pl)
summary (cv)
## Data: X dimension: 60 401
## Y dimension: 60 1
## Fit method: svdpc
## Number of components considered: 6
##
## VALIDATION: RMSEP
## Cross-validated using 10 random segments.
# (Intercept) 1 comps 2 comps 3 comps
## CV 1.543 1.528 1.533 1.367
## adjCVv 1.543 1.520 1.525 1.371
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it 5 comps 6 comps

## CV 0.2566  0.2587

## adjCV  0.2539  0.2565

##

## TRAINING: % variance explained

#i#t 1 comps 2 comps 3 comps 4 comps b5 comps
## X 72.57 83.90 90.86 95.46 96.70
## octane 18.99 19.62 46.50 97.69 97.78
#i#t 6 comps

## X 97 .66

## octane 97.79

cv <- crossval(pl, segments = nrow(gasoline))

summary (cv)

## Data: X dimension: 60 401

## Y dimension: 60 1

## Fit method: svdpc

## Number of components considered: 6

i

## VALIDATION: RMSEP

## Cross-validated using 60 leave-one-out segments.

#i#t (Intercept) 1 comps 2 comps 3 comps 4 comps
## CV 1.543 1.447 1.474 1.266  0.2501
## adjCVv 1.543 1.446 1.474 1.25656 0.2496
#it 5 comps 6 comps

## CV 0.2503 0.2578

## adjCvV  0.2500  0.2575

##

## TRAINING: % variance explained

#it 1 comps 2 comps 3 comps 4 comps 5 comps
## X 72.57 83.90 90.86 95.46 96.70
## octane 18.99 19.62 46.50 97.69 97.78
#it 6 comps

## X 97.66

## octane ST

best.model <- tn$best.model
plot(best.model)
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octane, 4 comps, train
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plot(best.model,

plottype = "biplot")
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X scores and X loadings
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plot(best.model, plottype = "coefficients")
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plot(best.model, plottype = "scores", comps = 1:4)
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plot(best.model, plottype = "loadings", comps

= 1:4)
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plot(best.model, plottype = "correlation",
comps = 1:4)
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7.5 PCA-LDA/PCA-QDA for ‘mnist’

rm(list = 1s(all.names = TRUE))

library(el1071)
library (MASS)
source ("PCA/PCAfncs.R")
load("mnist/mnist.rda")

mnist.train$y <- factor(mnist.train$y)
pcalda <- function(...) pcawrap(lda,

predict.pcalda <- function(...) predict(...)$class
show_digit <- function(arr784, col = gray(12:1/12),

o) o

)

image (matrix (arr784, nrow = 28) [, 28:1],

col = col, ...)
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+
show_digit(as.matrix(mnist.train[1l, -1]),
main = mnist.train[1, 1])
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show_digit(as.matrix(mnist.train[2, -1]),
main = mnist.trainl[2, 1])
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show_digit(as.matrix(mnist.train[3, -1]),
main = mnist.trainl[3, 1])
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sds <- sapply(mnist.train, sd)
zero.sd <- names(mnist.train) [sds < 2]
mnist.train.nz <- mnist.train[, setdiff(names(mnist.train),
zero.sd)]
tn.lda <- tune(lda, y ~ ., data = mnist.train.nz,
predict.func = predict.pcalda, tunecontrol = tune.control(cross = 2))
summary (tn.lda)

#i#
## Error estimation of 'lda' using 2-fold cross validation: 0.1363833

table(actual = mnist.train$y, predicted = predict(tn.lda$best.model,
mnist.train)$class)

#H predicted
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## actual 0 1 2 3 4 5 6
Hit 0 5583 B 21 &2 24 102 B3
#it 1 0 6460 37 21 10 38 6
#it 2 b7 199 4862 180 117 25 190 43 253 32
#it 3 13 93 162 5189 25 225 21 91 173 139
H## 4 B 56 31 2 5239 44 29 3 bb 378
H#t 5 57 59 26 246 50 4466 112 29 239 137

6

7

8

9

8 9
91 10
151 11

0 N N

#i# 59 55 61 4 80 142 5434 0 79 4
#i#t 35 142 39 45 178 13 1 5238 29 545
#Hit 32 334 45 196 75 267 29 13 4697 163
#it 33 27 17 94 320 25 0 272 56 5105

tt <- table(actual = mnist.test$y, predicted = predict(tn.lda$best.model,
mnist.test)$class)

print(tt)

#Hit predicted

## actual 0 1 2 3 4 5 6 7 8 9
#i#t 0 940 0 1 4 2 13 9 1 9 1
HH 1 0 1096 4 3 2 2 3 0 25 0
#i# 2 15 31 818 33 22 5 37 7 57 7
## 3 5 5 25 883 4 25 3 16 29 15
## 4 0 12 6 0 888 4 7 2 10 53
#it 5 8 8 4 44 12 737 15 9 37 18
#i# 6 12 8 11 0 256 29 8b7 0 16 0
#i# 7 2 30 14 10 21 2 0 864 4 81
#i#t 8 7T 27 8 27 20 51 10 6 793 25
## 9 9 7 1 13 63 6 0 36 12 862

1 - sum(diag(tt))/sum(tt)

## [1] 0.1262

pcagda <- function(...) pcawrap(qda, ...)
predict.pcaqda <- function(...) predict(...)$class

tn.qda <- tune(qda, y ~ ., data = mnist.train.nz,
predict.func = predict.pcaqda,
tunecontrol = tune.control(cross = 2))

## Error in qda.default(x, grouping, ...): rank deficiency in group O
summary (tn.qda)
## Error in summary(tn.qda): object ’tn.qda’ not found

tn.pcagda <- tune(pcaqda, y ~ ., data = mnist.train,
scale = FALSE, center = TRUE,
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# ranges = list(ncomp = c(1, 10, 20, 40, 50)),
ranges = list(ncomp = c(10, 30, 50, 70, 90)),
predict.func = predict.pcaqda,
tunecontrol = tune.control(cross = 2))

summary (tn.pcaqda)

#it

## Parameter tuning of 'pcaqgda':
#i#

## - sampling method: 2-fold cross validation
it

## - best parameters:

## ncomp

#i# 50

it

## - best performance: 0.0416

#Hit

## - Detailed performance results:
## ncomp error dispersion
## 1 10 0.11545000 0.0012492220
#i# 2 30 0.04398333 0.0002592725
## 3 50 0.04160000 0.0008956686
## 4 70 0.04221667 0.0012963624
## 5 90 0.04451667 0.0007306770

plot(tn.pcaqda)
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table(actual = mnist.train$y,
predicted = predict(tn.pcagda$best.model)$class)
Ht predicted
## actual 0 1 2 3 4 5 6 7 8 )
H# 0 5832 0 24 5 1 13 2 0 44 2
H# 1 0 6437 106 14 31 2 13 136 3
H# 2 13 1 5813 25 14 1 7 13 65 6
#Hit g 2 1 92 5824 4 b1 0 19 116 22
## 4 6 1 20 3 5702 2 12 15 30 51
#Hit 5 15 0 3 76 2 5218 17 0O 75 15
#it 6 29 3 7 2 6 108 5706 0 57 0
H# 7 11 8 90 15 36 15 0 5935 56 99
H# 8 12 24 40 71 8 40 2 4 5623 27
#i#t 9 17 1 25 60 60 14 1 79 95 5597
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tt <- table(actual = mnist.test$y,
predicted = predict(tn.pcaqda$best.model, mnist.test)$class)

print(tt)

#it predicted

## actual 0 1 2 3 4 5 6 7 8 S
## 0 970 0 1 0 0 2 1 1 5 0
## 1 0 1098 13 1 2 1 1 0 19 0
## 2 2 0 1000 3 3 0 2 2 20 0
## 3 2 0 9 970 0 5 0 2 18 4
## 4 1 0 4 0 964 0 3 2 2 6
i 5 2 0 1 18 0 860 2 0 ) 0
## 6 8 1 2 4 12 924 0 7 0
## 7 1 2 28 1 3 2 0 959 14 18
## 8 4 0 8 10 1 5 1 2 938 5
## 9 5 0 10 6 11 2 0 6 16 953

1 - sum(diag(tt)) / sum(tt)

## [1] 0.0364

prs <- by(mnist.train, mnist.train$y, function(df) {
pr <- prcomp(~. - y, data = df, scale = FALSE,
center = TRUE, ncomp = 3)
19)
show_digit(prs[["0"]]$rotation[, 1])
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show_digit(prs[["2"]]$rotation[, 1])
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show_digit(prs[["3"]]$rotation[, 1])
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show_digit(prs[["9"]]$rotation[, 1])
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read_chunk("clust/clust.R")
read_chunk("clust/usa.R")

8.1 k-means

rm(list = 1ls(all.names = TRUE))

library (MASS)

library(cclust) # cclust(), cclust.predict()
library(rattle) # wine data
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## Rattle: A free graphical interface for data mining with R.

## Version 3.3.0 Copyright (c) 2006-2014 Togaware Pty Ltd.
## Type ’rattle()’ to shake, rattle, and Toll your data.

library(lattice)
library(latticeExtra)
# Hello, I'm 1ris dataset. Are you miss

# me?

kc <- kmeans(subset(iris, select = -Species),
3, nstart = 10)

print (kc)

## K-means clustering with 3 clusters of sizes 62, 38, 50
#it

## Cluster means:

##  Sepal.Length Sepal.Width Petal.Length Petal.Width

## 1 5.901613 2.748387 4.393548 1.433871
## 2 6.850000 3.073684 5.742105 2.071053
## 3 5.006000 3.428000 1.462000 0.246000
i

## Clustering vector:

# 1 2 3 4 5 6 7 8 9 10 11 12 13 14
# 3 3 3 3 3 3 3 3 3 3 3 3 3 3
## 16 17 18 19 20 21 22 23 24 25 26 27 28 29
# 3 3 3 3 3 3 3 3 3 3 3 3 3 3
## 31 32 33 34 35 36 37 38 39 40 41 42 43 44
# 3 3 3 3 3 3 3 3 3 3 3 3 3 3
## 46 47 48 49 50 51 52 b3 54 b5 56 57 58 59
# 3 3 3 3 3 1 1 2 1 1 1 1 1 1
## 61 62 63 64 65 66 67 68 69 70 71 T2 73 T4
# 1 1 1 1 1 1 1 1 1 1 1 1 1 1
## 76 T7r 78 79 80 81 82 83 84 85 86 87 88 89
# 1 1 2 1 1 1 1 1 1 1 1 1 1 1
## 91 92 93 94 95 96 97 98 99 100 101 102 103 104 1
# 1 1 1 1 1 1 1 1 1 1 2 1 2 2
## 106 107 108 109 110 111 112 113 114 115 116 117 118 119 1
# 2 1 2 2 2 2 2 2 1 1 2 2 2 2
## 121 122 123 124 125 126 127 128 129 130 131 132 133 134 1
# 2 1 2 1 2 2 1 1 2 2 2 2 2 1
## 136 137 138 139 140 141 142 143 144 145 146 147 148 149 1
# 2 2 2 1 2 2 2 1 2 2 2 1 2 2
##

## Within cluster sum of squares by cluster:

## [1] 39.82097 23.87947 15.15100

## (between_SS / total_SS = 88.4 %)

H#

## Available components:

#it

## [1] "cluster" "centers" "totss"
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## [4] "withinss" "tot.withinss" "betweenss"
## [7] "size" "iter" "ifault"

table(clust = kc$cluster, actual = iris$Species)

Hit actual

## clust setosa versicolor virginica

H## 1 0 48 14

H## 2 0 2 36

## g 50 0 0

# Mmm. .. Something wrong. Let's normalize

# predictors

iris.n <- scale(subset(iris, select = -Species),

scale = TRUE, center = FALSE)
kc.n <- kmeans(iris.n, 3, nstart = 10)
table(clust = kc.n$cluster, actual = iris$Species)

it actual

## clust setosa versicolor virginica
#i#t 1 0 2 46
#i# 2 50 0 0
## 3 0 48 4

# Looks better
my .kmeans <- function(formula, centers, nstart =
data = NULL, subset = NULL, scale. = TRUE,
oo A{
cl <- match.call()
mf <- match.call(expand.dots = FALSE)
m <- match(c("formula", "data", "subset"),
names (mf), OL)
mf <- mf[c(1L, m)]
mf$drop.unused.levels <- TRUE
mf [[1L]] <- quote(stats::model.frame)
mf <- eval(mf, parent.frame())
mt <- attr(mf, "terms")
mm <- model.matrix(mt, mf)[, -1, drop = FALSE]

mm <- scale(mm, scale = scale., center = FALSE)

if (length(centers) > 1) {
centers <- scale(centers, center = FALSE,
scale = FALSE)

attr(centers, "scaled:scale") <- attr(centers,

"scaled:center") <- NULL
+
scale. <- attr(mm, "scaled:scale")
if (is.null(scale.))
scale. <- rep(1l, ncol(mm))
ccs <- lapply(seq_len(ustart), function(i.,
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...) cclust(mm, centers = centers,
Dy )
withinsss <- sapply(ccs, function(cc) sum(cc$withinss))
cc <- ccsl[[which.min(withinsss)]]
cc.centers <- scale(cc$centers, scale = 1/scale.,
center = FALSE)
attr(cc.centers, '"scaled:scale") <- attr(centers,
"scaled:center") <- NULL
res <- list(model = cc, centers = cc.centers,
scale = scale., formula = formula,
data = data, terms = mt)
class(res) <- "my.kmeans"

res

b

predict.my.kmeans <- function(object, newdata = object$data,
type = c("cluster", "distances", '"model"),
oA

mt <- terms(object)
mf <- model.frame(mt, data = newdata)
mm <- model.matrix(mt, mf) [, -1, drop = FALSE]
mm <- scale(mm, scale = object$scale,
center = FALSE)
pred <- predict(object$model, mm)
type <- match.arg(type)
if (identical(type, "cluster")) {
pred$cluster
} else if (identical(type, "model")) {
withinss <- function(clobj, x) {
retval <- rep(0, nrow(clobj$centers))
x <- (x - clobj$centers[clobj$cluster,
-2
for (k in 1l:nrow(clobj$centers)) {
retval [k] <- sum(x[clobj$cluster ==

k, 1)
}
retval
}
pred$withinss <- withinss(pred, mm)
pred

} else if (identical(type, "distances")) {
dists <- function(clobj, x) {
sapply(1:nrow(clobj$centers),
function(k) {
rowSums (x - rep(clobj$centers[k,
], each = nrow(x)))"2

b
}
dists(pred, mm)
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}

kc <- my.kmeans(~., data = subset(iris, select = -Species),
scale = TRUE, centers = 3)

table(my.kmeans = predict(kc), actual = iris$Species)

it actual

## my.kmeans setosa versicolor virginica
## 1 0 48 4
## 2 0 2 46
## 3 50 0 0

xyplot(Sepal.Length ~ Sepal.Width, data = iris,
groups = Species, auto.key = TRUE) +
xyplot(Sepal.Length ~ Sepal.Width, data = as.data.frame(kc$centers),
groups = 4:6, pch = 10, cex = 5)
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# test-train approach

train.idx <- sample(nrow(iris), size = 0.66 *
nrow(iris))

iris.test <- iris[-train.idx, ]

iris.train <- iris[train.idx, ]

kc <- my.kmeans(~. - Species, data = iris,
subset = train.idx, centers = 3)

kc <- my.kmeans(~. - Species, data = iris.train,
centers = 3)

# Train

table(clust = predict(kc, iris.train), actual = iris.train$Species)

it actual
## clust setosa versicolor virginica
#i#t 1 30 0 0
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it 2 0 30 3

Hit 3 0 2 34

# Test

table(clust = predict(kc, iris.test), actual = iris[-train.idx,
1$Species)

#it actual

## clust setosa versicolor virginica

#it 1 20 0 0

#i#t 2 0 18 1

H## 3 0 0 12

# Determine optimal number of clusters

kcs

tot.
tot.

<- lapply(2:10, function(n) my.kmeans(~. -

Species, data = iris, centers = n, subset = train.idx))
withinss.train <- sapply(kcs, function(kc) sum(kc$model$withinss))
withinss.test <- sapply(kcs, function(kc) sum(predict(kc,
iris.test, type = "model")$withinss))

ncenters <- sapply(kcs, function(kc) kc$model$ncenters)
xyplot(tot.withinss.test + tot.withinss.train ~

ncenters, type = "b", auto.key = TRUE)
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kc <- my.kmeans(~. - Species, data = iris,

centers = 10)
xyplot(Sepal.Length ~ Sepal.Width, data = iris,
groups = Species, auto.key = TRUE) +
xyplot(Sepal.Length ~ Sepal.Width, data = as.data.frame(kc$centers),
pch = 1:10, cex = 3, col = "black")
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library(mvtnorm)
N <- 200

df <- rbind(rmvnorm(N, c(10, 10)), rmvnorm(N,
c(-10, -10)), rmvnorm(N, c(10, -10)),

rmvnorm(N, c(-10, 10)))
df <- as.data.frame(df)

df$class <- factor(rep(c("A", "B"), each = 2 *

N))

xyplot (V1 ~ V2, groups = class, data = df)
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10

V1

_10 —

gd <- gda(class ~ ., data = df)
table(predicted = predict(qd, df)$class,
actual = df$class)

H# actual

## predicted A B
it A 400 O
## B 0 400

1d <- lda(class ~ ., data = df)
table(predicted = predict(ld, df)$class,
actual = df$class)

#i#t actual
## predicted A B
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#it A 200 200
#i# B 200 200

N <- 200
df <- rbind(rmvnorm(N, c(10, 10)), rmvnorm(N,
c(10, -10)), rmvnorm(N, c(-10, -10)),
rmvnorm(N, c(-10, 10)), rmvnorm(N, c(O,
-10)), rmvnorm(N, c(0, 10)), rmvnorm(N,
c(10, 0)), rmvnorm(N, c(-10, 0)))
df <- as.data.frame(df)
df$class <- factor(rep(c("A", "B"), each = 4 *
N))
xyplot (V1 ~ V2, groups = class, data = df)

10

V1

-10 -5 0 5 10
V2
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qd <- gda(class ~ ., data = df)
table(predicted = predict(qd, df)$class,

actual = df$class)

H## actual

## predicted A B

#it A 795 19

#it B 5 781

1d <- lda(class ~ ., data = df)

table(predicted = predict(ld, df)$class,

actual = df$class)

#i#t actual

## predicted A B
## A 400 403
## B 400 397

train.idx <- sample(nrow(df), size = 0.6 *

nrow(df))

# Determine optimal number of clusters

kcs

tot

<- lapply(2:15, function(n) my.kmeans(™. -
class, data = df, centers = n, subset = train.idx))

.withinss.train <- sapply(kcs, function(kc) sum(kc$model$withinss))
tot.

withinss.test <- sapply(kcs, function(kc) sum(predict(kc,
df [-train.idx, ], type = "model")$withinss))

ncenters <- sapply(kcs, function(kc) kc$model$ncenters)
xyplot(tot.withinss.test + tot.withinss.train ~

ncenters, type = "b", auto.key = TRUE)
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kc <- my.kmeans(~. - class, data = df, centers = 8,

nstart = 25)
pred <- predict(kc)
tb <- table(cluser = pred, actual = df$class)
tb

H## actual

## cluser A B
H## 1 0 200
#t 2 0 200
#it 3 0 200
#t 4 200 0
H## 5 0 200
#t 6 200 0
#it 7 200 0
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#it 8 200 O

tb <- tb/rowSums (tb)

pred <- colnames(tb) [max.col(tb[pred, 1)]
head (pred)

## [1] |IAI| IIAII |IAI| IIAII IIAII IIAII

d <- dist(scale(subset(iris, select = -Species)))
h <- hclust(d, method = "complete")
plot(h, hang = -1)

Cluster Dendrogram

Height
3 4
| |
:I—| |7

hclust (*, "complete™)

165



xyplot(Sepal.Length ~ Sepal.Width, data = iris,
groups = cutree(h, k = 3), par.settings = simpleTheme(pch = 1:3))
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h <- hclust(d, method = "single")
plot(h, hang = -1)
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Cluster Dendrogram
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hclust (*, "single")

xyplot (Sepal.Length ~ Sepal.Width, = iris,

= cutree(h, = 3),

= simpleTheme( = 1:3))
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“med")

h <- hclust(d, method

-1)

plot(h, hang
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Cluster Dendrogram
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hclust (*, "median")

xyplot (Sepal.Length ~ Sepal.Width, data = iris,
groups = cutree(h, k = 3), par.settings = simpleTheme(pch = 1:3))
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library(cluster) # agnes()
data(wine, package = "rattle")
head(wine)

##  Type Alcohol Malic Ash Alcalinity Magnesium Phenols

## 1 1 14.23 1.71 2.43 15.6 127 2.80
##H 2 1 13.20 1.78 2.14 11.2 100 2.65
## 3 1 13.16 2.36 2.67 18.6 101 2.80
## 4 1 14.37 1.95 2.50 16.8 113 3.85
## 5 1 13.24 2.59 2.87 21.0 118 2.80
## 6 1 14.20 1.76 2.45 156.2 112 3.27
##  Flavanoids Nonflavanoids Proanthocyanins Color Hue
## 1 3.06 0.28 2.29 5.64 1.04
## 2 2.76 0.26 1.28 4.38 1.05
## 3 3.24 0.30 2.81 5.68 1.03
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##t 4 3.49 0.24 2.18 7.80 0.86
## 5 2.69 0.39 1.82 4.32 1.04
## 6 3.39 0.34 1.97 6.75 1.05
H## Dilution Proline
## 1 3.92 1065
#i#t 2 3.40 1050
## 3 3.17 1185
## 4 3.45 1480
## 5 2.93 735
## 6 2.85 1450

d <- dist(scale(winel[, -1]))"2
h <- agnes(d, method = "complete")
plot(h, which.plot = 2)

Dendrogram of agnes(x = d, method = "complete")
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Agglomerative Coefficient = 0.96
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table(clust = cutree(h, k = 2), actual = wine$Type)
## actual

## clust 1 2 3

#it 15118 0

it 2 8 53 48

table(clust = cutree(h, k = 3), actual = wine$Type)
#it actual

## clust 1 2 3

it 15118 0

it 2 850 0

#it 3 0 348

table(clust = cutree(h, k = 4), actual = wine$Type)
##t actual

## clust 1 2 3

#it 151 6 0

#it 2 850 O

#i# 3 012 O

#it 4 0 3 48

table(clust = cutree(h, k = 5), actual = wine$Type)

H# actual

## clust 1 2 3
H## 16561 6 O
## 2 8 2 0
#it 3 012 0
#it 4 048 O
#it 5 0 348

table(clust = kmeans(scale(winel[, -11), 3)$cluster,
actual = wine$Type)

#it actual

## clust 1 2 3

## 159 3 0

#it 2 065 O

## 3 0 348

1d <- 1lda(Type ~ ., data = wine)

table(predicted = predict(ld, wine)$class,
actual = wine$Type)

#Hit actual

## predicted 1 2 3
## 159 0 0
## 2 071 O
#i# 3 0 0 48
plot(1d)

172



<
1
11
3
i 3 3 %
ta o1
3
1 lﬁ].l 3 3
N 1
1 1 t R 3 3 3 3 ﬁﬁ
11,1 33 3
113 1 3 , 3
33
1 111 le‘l 3333 33
1 1 11 33 . 3
o - 11 3
7 1 2 3 33
1y 3
N 2 2%
O
- 2 2
N 2 2 2 2 22 2
A 2 2 ? 2
5 2 2 2 3,
2 2
2 22 27 2
2 > 2% 2
22 2
- 2 NERPPY:
I ) 2 %
2
“ID_
2
I I I I I I
-6 -4 -2 0 2 4
LD1
library(cclust)
load("mnist/mnist.rda")
twos <- X2 <- subset(mnist.train, y == 2,
select = -y)
wssplot <- function(formula, data = NULL,
n=2:10, ...) {
kcs <- lapply(n, function(n, ...) my.kmeans(formula,
data = data, centers =n, ...), ...)

tot.withinss.train <- sapply(kcs, function(kc) sum(kc$model$withinss))
ncenters <- sapply(kcs, function(kc) kc$model$ncenters)
xyplot(tot.withinss.train ~ ncenters,
type = "b", auto.key = TRUE)
}
show_digit <- function(arr784, col = gray(12:1/12),
oA
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image (matrix(arr784, nrow = 28)[, 28:1],
col = col, ...)
}
wssplot(™., data = X2, scale = FALSE)

1.8e+10

1.7e+10

tot.withinss.train

1.6e+10

1.5e+10

ncenters

kc <- kmeans(X2, centers = 2)

agg <- aggregate(X2, list(cluster = kc$cluster),
mean)

show_digit(as.matrix(aggll, -11))
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cars <- read.table("clust/auto-mpg.tsv",
header = TRUE, na.strings = "7?", stringsAsFactors = FALSE)
cars$origin <- factor(cars$origin)
cars <- na.omit(cars)
head(cars)

## mpg cylinders displacement horsepower weight acceleration

## 1 18 8 307 130 3504 12.0
## 2 15 8 350 165 3693 11.5
## 3 18 8 318 150 3436 11.0
## 4 16 8 304 150 3433 12.0
## 5 17 8 302 140 3449 10.5
## 6 15 8 429 198 4341 10.0
##  year origin name

## 1 70 1 chevrolet chevelle malibu
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##* 2 70 1 buick skylark 320
## 3 70 1 plymouth satellite
## 4 70 1 amc rebel sst
## 5 70 1 ford torino
#* 6 70 1 ford galaxie 500

h <- hclust(dist(scale(cars[, -c(8, 9)]1)),
= "complete")
plot(h, = -1, = cars$name)

Cluster Dendrogram

o _|
—
w p—
@ pu—
v p—
N p—
; t!' i ﬂrlﬂ[ ML pf 'rr'.
O —
=
2
()
T
dist(scale(cars[, —c(8, 9)]))
hclust (*, "complete™)
table( = cutree(h, = 3), = cars$origin)
H## actual
## clust 1 2 3
#it 1 96 0 0
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#H
#

2 121 38 35
3 28 30 44

cl <- data.frame(clust = cutree(h, k = 2),
name = cars$name, hp = cars$horsepower)
cllorder(cl$clust), 1

H#
#Hit
#i#t
#Ht
##
H#
#Hit
#i#t
#i#t
##
H#
#Hit
#it
#i#t
#
i
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#it
#it
#H
H
H#
#Hit
#i#
#H
#
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#Hit
#i#t
Ht
#H
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#
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name
chevrolet chevelle malibu
buick skylark 320
plymouth satellite

amc rebel sst

ford torino

ford galaxie 500
chevrolet impala

plymouth fury iii

pontiac catalina

amc ambassador dpl

dodge challenger se
plymouth 'cuda 340
chevrolet monte carlo
buick estate wagon (sw)
ford £250

chevy c20

dodge d200

hi 1200d

chevrolet impala

pontiac catalina brougham
ford galaxie 500

plymouth fury iii

dodge monaco (sw)

ford country squire (sw)
pontiac safari (sw)
chevrolet impala

pontiac catalina

plymouth fury iii

ford galaxie 500

amc ambassador sst
mercury marquis

buick lesabre custom
oldsmobile delta 88 royale
chrysler newport royal
amc matador (sw)
chevrolet chevelle concours (sw)
ford gran torino (sw)
plymouth satellite custom (sw)
buick century 350

amc matador
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130
165
150
150
140
198
220
215
225
190
170
160
150
225
215
200
210
193
165
175
153
150
180
170
175
165
175
150
153
150
208
155
160
190
150
130
140
150
175
150
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#
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i
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#
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##
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#H
i
H#
#it
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#H
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#H#
#
H#
#Hit
#i#t
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88

89

90

91

92

93

94

95

96

97

104
105
106
107
116
117
122
125
137
138
139
140
141
157
158
159
160
166
167
188
189
190
191
209
213
214
215
216
222
224
225
230
231
232
233
251
252
263
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chevrolet malibu

ford gran torino

dodge coronet custom
mercury marquis brougham
chevrolet caprice classic
ford 1td

plymouth fury gran sedan
chrysler new yorker brougham
buick electra 225 custom
amc ambassador brougham
chevrolet impala

ford country

plymouth custom suburb
oldsmobile vista cruiser
chevrolet monte carlo s
pontiac grand prix

dodge dart custom
oldsmobile omega

ford gran torino

buick century luxus (sw)
dodge coronet custom (sw)
ford gran torino (sw)

amc matador (sw)

pontiac catalina

chevrolet bel air

plymouth grand fury

ford 1td

chevrolet monza 2+2

ford mustang ii

chevrolet chevelle malibu classic
dodge coronet brougham

amc matador

ford gran torino

plymouth volare premier v8
cadillac seville

chevy cl10

ford £108

dodge d100

chevrolet caprice classic
dodge monaco brougham
mercury cougar brougham
pontiac grand prix 1j
chevrolet monte carlo landau
chrysler cordoba

ford thunderbird

dodge diplomat

mercury monarch ghia
chevrolet monte carlo landau
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145
137
150
198
150
158
150
215
225
175
150
167
170
180
145
230
150
180
140
150
150
140
150
170
145
150
148
110
129
140
150
120
152
150
180
145
130
150
145
145
130
180
170
190
149
140
139
145
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264
265
266
287
288
290
291
293
15
16
17
18
19
20
21
22
23
24
25
30
31
32
34
35
36
37
38
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
72
7
78
79
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buick regal sport coupe (turbo)

ford futura

dodge magnum xe

ford 1td landau

mercury grand marquis
buick estate wagon (sw)
ford country squire (sw)

chrysler lebaron town @ country (sw)

toyota corona mark ii
plymouth duster

amc hornet

ford maverick

datsun pl510

volkswagen 1131 deluxe sedan

peugeot 504

audi 100 1s

saab 99e

bmw 2002

amc gremlin

datsun pl510
chevrolet vega 2300
toyota corona

amc gremlin

plymouth satellite custom
chevrolet chevelle malibu
ford torino 500

amc matador

amc hornet sportabout (sw)
chevrolet vega (sw)
pontiac firebird

ford mustang

mercury capri 2000
opel 1900

peugeot 304

fiat 124b

toyota corolla 1200
datsun 1200
volkswagen model 111
plymouth cricket
toyota corona hardtop
dodge colt hardtop
volkswagen type 3
chevrolet vega

ford pinto runabout
mazda rx2 coupe

volvo 145e (sw)
volkswagen 411 (sw)
peugeot 504 (sw)
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139
140
129
138
155
142
150
95
95
97
85
88
46
87
90
95
113
90
88
90
95
100
105
100
88
100
110
72
100
88
86
90
70
76
65
69
60
70
95
80
54
90
86
97
112
76
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123
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129
130
131
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133
134
135
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142
143
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145
146
147
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149
150
151
152
153

N DNDNNDDNDDNDDNDDNDNNDDNDDNDNNDDNDDNDNDDNDDNDNDNDDNDNNDNDNDDNDNNDNDNDNNDDNDDNDNNDDNDNDNDNDDNNDDNDDNDNNDDNDNDNDDNDNDDNDDNDDNDDNDDNDDN

renault 12 (sw)

ford pinto (sw)

datsun 510 (sw)

toyouta corona mark ii (sw)
dodge colt (sw)

toyota corolla 1600 (sw)
plymouth valiant
chevrolet nova custom
amc hornet

ford maverick

plymouth duster
volkswagen super beetle
amc gremlin

toyota carina

chevrolet vega

datsun 610

maxda rx3

ford pinto

mercury capri vé6

fiat 124 sport coupe
fiat 128

opel manta

audi 1001s

volvo 144ea

saab 991e

toyota mark ii

plymouth duster

amc hornet

chevrolet nova

datsun b210

ford pinto

toyota corolla 1200
chevrolet vega
chevrolet chevelle malibu classic
amc matador

plymouth satellite sebring
audi fox

volkswagen dasher

opel manta

toyota corona

datsun 710

dodge colt

fiat 128

fiat 124 tc

honda civic

subaru

fiat x1.9

plymouth valiant custom
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95
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chevrolet nova
mercury monarch
ford maverick
buick century
chevroelt chevelle malibu
amc matador
plymouth fury
buick skyhawk
toyota corolla
ford pinto

amc gremlin
pontiac astro
toyota corona
volkswagen dasher
datsun 710

ford pinto
volkswagen rabbit
amc pacer

audi 1001s
peugeot 504

volvo 244dl

saab 991le

honda civic cvcc
fiat 131

opel 1900

capri ii

dodge colt
renault 12tl
plymouth valiant
chevrolet nova
ford maverick

amc hornet
chevrolet chevette
chevrolet woody
vw rabbit

honda civic

dodge aspen se
ford granada ghia
pontiac ventura sj
amc pacer d/1
volkswagen rabbit
datsun b-210
toyota corolla
ford pinto

volvo 245

peugeot 504
toyota mark ii
mercedes-benz 280s
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72
72
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110
95

110
75
83

100
78
96
71
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70
90
95
88
98
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53
86
81
92
79
83
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105
81
90
52
60
70
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95
71
70
75
72
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88

108
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honda accord cvcc

buick opel isuzu deluxe
renault 5 gtl

plymouth arrow gs

datsun f-10 hatchback
oldsmobile cutlass supreme
chevrolet concours

buick skylark

plymouth volare custom
ford granada

volkswagen rabbit custom
pontiac sunbird coupe
toyota corolla liftback
ford mustang ii 2+2
chevrolet chevette

dodge colt m/m

subaru dl

volkswagen dasher

datsun 810

bmw 3201

mazda rx-4

volkswagen rabbit custom diesel
ford fiesta

mazda glc deluxe

datsun b210 gx

honda civic cvcc
oldsmobile cutlass salon brougham
pontiac phoenix 1j
chevrolet malibu

ford fairmont (auto)
ford fairmont (man)
plymouth volare

amc concord

buick century special
mercury zephyr

dodge aspen

amc concord d/1
chevrolet chevette
toyota corona

datsun 510

dodge omni

toyota celica gt liftback
plymouth sapporo
oldsmobile starfire sx
datsun 200-sx

audi 5000

volvo 264gl

saab 99gle
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110
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52
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95
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103
125
115
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peugeot 604sl

volkswagen scirocco
honda accord 1x

pontiac lemans v6
mercury zephyr 6

ford fairmont 4

amc concord dl 6

dodge aspen 6

chevrolet caprice classic
dodge st. regis

chevrolet malibu classic (sw)
vw rabbit custom

maxda glc deluxe

dodge colt hatchback custom
amc spirit dl

mercedes benz 3004
cadillac eldorado

peugeot 504

oldsmobile cutlass salon brougham
plymouth horizon
plymouth horizon tc3
datsun 210

fiat strada custom

buick skylark limited
chevrolet citation
oldsmobile omega brougham
pontiac phoenix

vw rabbit

toyota corolla tercel
chevrolet chevette

datsun 310

chevrolet citation

ford fairmont

amc concord

dodge aspen

audi 4000

toyota corona liftback
mazda 626

datsun 510 hatchback
toyota corolla

mazda glc

dodge colt

datsun 210

vw rabbit c (diesel)

vw dasher (diesel)

audi 5000s (diesel)
mercedes-benz 2404

honda civic 1500 gl
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65
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subaru dl

vokswagen rabbit
datsun 280-zx

mazda rx-7 gs

triumph tr7 coupe
honda accord

plymouth reliant

buick skylark

dodge aries wagon (sw)
chevrolet citation
plymouth reliant
toyota starlet
plymouth champ

honda civic 1300
subaru

datsun 210 mpg

toyota tercel

mazda glc 4

plymouth horizon 4
ford escort 4w

ford escort 2h
volkswagen jetta

honda prelude

toyota corolla

datsun 200sx

mazda 626

peugeot 505s turbo diesel
volvo diesel

toyota cressida

datsun 810 maxima
buick century
oldsmobile cutlass 1ls
ford granada gl
chrysler lebaron salon
chevrolet cavalier
chevrolet cavalier wagon
chevrolet cavalier 2-door
pontiac j2000 se hatchback
dodge aries se

pontiac phoenix

ford fairmont futura
volkswagen rabbit 1
mazda glc custom 1
mazda glc custom
plymouth horizon miser
mercury lynx 1

nissan stanza xe
honda accord

185

67
62
132
100
88
72
84
84
92
110
84
58
64
60
67
65
62
68
63
65
65
74
75
75
100
74
80
76
116
120
110
105
88
85
88
88
88
85
84
90
92
74
68
68
63
70
88
75



#H
#
H#
#Hit
#i#t
#i#t
#H
i
H#
#Hit
#it
H#
#
H#
#Hi#t
#it

cl

#H
#
H#
#it
#i#t
#H
##
H#
#Hit
#i#t
#i#t
#
i
H#
#it
#i#t
#H
#
H#
#Hi#t
#it
#H
#i
H#
#Hit
#i#t
#H

383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398

N DNDNNDDNDDNDNDDNDNDDNDDNDNDDNDDNDDNDNDN

toyota corolla

honda civic

honda civic (auto)

datsun 310 gx

buick century limited
oldsmobile cutlass ciera (diesel)
chrysler lebaron medallion
ford granada 1

toyota celica gt

dodge charger 2.2
chevrolet camaro

ford mustang gl

vw pickup

dodge rampage

ford ranger

chevy s-10

<- data.frame(clust = cutree(h, k = 4),
name = cars$name, hp = cars$horsepower)
cllorder(cl$clust), ]
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clust

e N e el e e T N =

name
chevrolet chevelle malibu
buick skylark 320
plymouth satellite

amc rebel sst

ford torino

ford galaxie 500
chevrolet impala

plymouth fury iii

pontiac catalina

amc ambassador dpl

dodge challenger se
plymouth 'cuda 340
chevrolet monte carlo
buick estate wagon (sw)
ford £250

chevy c20

dodge d200

hi 1200d

chevrolet impala

pontiac catalina brougham
ford galaxie 500
plymouth fury iii

dodge monaco (sw)

ford country squire (sw)
pontiac safari (sw)
chevrolet impala
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o7
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116
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122
125
137
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139
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157
158
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160
166
167
188
189
190
191
209
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pontiac catalina

plymouth fury iii

ford galaxie 500

amc ambassador sst

mercury marquis

buick lesabre custom
oldsmobile delta 88 royale
chrysler newport royal

amc matador (sw)

chevrolet chevelle concours (sw)
ford gran torino (sw)
plymouth satellite custom (sw)
buick century 350

amc matador

chevrolet malibu

ford gran torino

dodge coronet custom
mercury marquis brougham
chevrolet caprice classic
ford 1td

plymouth fury gran sedan
chrysler new yorker brougham
buick electra 225 custom
amc ambassador brougham
chevrolet impala

ford country

plymouth custom suburb
oldsmobile vista cruiser
chevrolet monte carlo s
pontiac grand prix

dodge dart custom
oldsmobile omega

ford gran torino

buick century luxus (sw)
dodge coronet custom (sw)
ford gran torino (sw)

amc matador (sw)

pontiac catalina

chevrolet bel air

plymouth grand fury

ford 1td

chevrolet monza 2+2

ford mustang ii

chevrolet chevelle malibu classic
dodge coronet brougham

amc matador

ford gran torino

plymouth volare premier v8
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175
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140
150
120
152
150
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263
264
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15
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21
22
23
24
25
30
31
32
34
35
36
37
38
46
48
49
50
51
53
58
59
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cadillac seville

chevy c10

ford £108

dodge d100

chevrolet caprice classic
dodge monaco brougham
mercury cougar brougham
pontiac grand prix 1j

chevrolet monte carlo landau

chrysler cordoba
ford thunderbird
dodge diplomat
mercury monarch ghia

chevrolet monte carlo landau
buick regal sport coupe (turbo)

ford futura

dodge magnum xe

ford 1td landau

mercury grand marquis
buick estate wagon (sw)
ford country squire (sw)

chrysler lebaron town @ country (sw)

toyota corona mark ii
plymouth duster

amc hornet

ford maverick

datsun pl510

peugeot 504

audi 100 1s

saab 99e

bmw 2002

amc gremlin

datsun pl510

chevrolet vega 2300
toyota corona

amc gremlin

plymouth satellite custom
chevrolet chevelle malibu
ford torino 500

amc matador

amc hornet sportabout (sw)
pontiac firebird

ford mustang

mercury capri 2000

opel 1900

fiat 124b

toyota corona hardtop
dodge colt hardtop
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138
155
142
150
95
95
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88
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110
100
88
86
90
76
95
80
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62

72

7

80
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98

99

100
101
102
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111
112
114
115
119
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121
123
124
126
128
129
131
133
134
136
142
143
144
147
148
149
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165
168
169
170
171
172
173
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ford pinto runabout
mazda rx2 coupe

volvo 145e (sw)

renault 12 (sw)

ford pinto (sw)

datsun 510 (sw)

toyouta corona mark ii (sw)
dodge colt (sw)

toyota corolla 1600 (sw)
plymouth valiant
chevrolet nova custom
amc hornet

ford maverick

plymouth duster

amc gremlin

datsun 610

maxda rx3

mercury capri v6

fiat 124 sport coupe
opel manta

audi 1001s

volvo 144ea

saab 991e

toyota mark ii

plymouth duster

amc hornet

chevrolet nova

ford pinto

chevrolet vega
chevrolet chevelle malibu classic
plymouth satellite sebring
audi fox

volkswagen dasher

opel manta

dodge colt

fiat 128

fiat 124 tc

honda civic

subaru

plymouth valiant custom
chevrolet nova

buick skyhawk

toyota corolla

ford pinto

amc gremlin

pontiac astro

toyota corona
volkswagen dasher
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96
71
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datsun 710

ford pinto

volkswagen rabbit

amc pacer

audi 1001s

peugeot 504

volvo 244d1l

saab 991e

fiat 131

opel 1900

capri ii

dodge colt

renault 12tl

plymouth valiant
chevrolet nova

ford maverick

amc hornet

vw rabbit

dodge aspen se
pontiac ventura sj
amc pacer d/1
volkswagen rabbit
toyota corolla

ford pinto

volvo 245

toyota mark ii
mercedes-benz 280s
buick opel isuzu deluxe
plymouth arrow gs
chevrolet concours
buick skylark
plymouth volare custom
ford granada
volkswagen rabbit custom
pontiac sunbird coupe
toyota corolla liftback
ford mustang ii 2+2
volkswagen dasher
datsun 810

bmw 3201

mazda rx-4

pontiac phoenix 1j
chevrolet malibu

ford fairmont (auto)
ford fairmont (man)
plymouth volare

amc concord

buick century special
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mercury zephyr

dodge aspen

amc concord d/1
toyota corona

datsun 510

dodge omni

toyota celica gt liftback
plymouth sapporo
oldsmobile starfire sx
datsun 200-sx

audi 5000

volvo 264gl

saab 99gle

peugeot 604sl

pontiac lemans v6
mercury zephyr 6

ford fairmont 4

amc concord dl 6

dodge aspen 6

amc spirit dl

buick skylark limited
chevrolet citation
oldsmobile omega brougham
pontiac phoenix
chevrolet citation
ford fairmont

dodge aspen

toyota corona liftback
dodge colt

datsun 280-zx

mazda rx-7 gs
plymouth reliant
buick skylark

dodge aries wagon (sw)
chevrolet citation
plymouth reliant
datsun 200sx

toyota cressida

datsun 810 maxima
buick century

ford granada gl
chrysler lebaron salon

pontiac j2000 se hatchback

dodge aries se
pontiac phoenix
ford fairmont futura
nissan stanza xe
honda accord
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20
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110
113
118
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196
197
199
205
210
217
219
221
238
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245
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267
279
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buick century limited
chrysler lebaron medallion
ford granada 1

toyota celica gt
dodge charger 2.2
chevrolet camaro

ford mustang gl

dodge rampage
volkswagen 1131 deluxe sedan
chevrolet vega (sw)
peugeot 304

toyota corolla 1200
datsun 1200
volkswagen model 111
plymouth cricket
volkswagen type 3
chevrolet vega
volkswagen 411 (sw)
peugeot 504 (sw)
volkswagen super beetle
toyota carina
chevrolet vega

ford pinto

fiat 128

datsun b210

toyota corolla 1200
toyota corona

datsun 710

fiat x1.9

honda civic cvcc
chevrolet chevette
chevrolet woody

honda civic

datsun b-210

peugeot 504

honda accord cvcc
renault 5 gtl

datsun f-10 hatchback
chevrolet chevette
dodge colt m/m

subaru dl

volkswagen rabbit custom diesel
ford fiesta

mazda glc deluxe
datsun b210 gx

honda civic cvcc
chevrolet chevette
volkswagen scirocco
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honda accord 1x

vw rabbit custom
maxda glc deluxe
dodge colt hatchback custom
mercedes benz 3004
peugeot 504

plymouth horizon
plymouth horizon tc3
datsun 210

fiat strada custom
vw rabbit

toyota corolla tercel
chevrolet chevette
datsun 310

amc concord

audi 4000

mazda 626

datsun 510 hatchback
toyota corolla
mazda glc

datsun 210

vw rabbit c (diesel)
vw dasher (diesel)
audi 5000s (diesel)
mercedes-benz 240d
honda civic 1500 gl
subaru dl

vokswagen rabbit
triumph tr7 coupe
honda accord

toyota starlet
plymouth champ

honda civic 1300
subaru

datsun 210 mpg
toyota tercel

mazda glc 4
plymouth horizon 4
ford escort 4w

ford escort 2h
volkswagen jetta
honda prelude

toyota corolla

mazda 626

peugeot 505s turbo diesel
volvo diesel
chevrolet cavalier
chevrolet cavalier wagon
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## 370 3 chevrolet cavalier 2-door 88
## 376 3 volkswagen rabbit 1 74
## 377 3 mazda glc custom 1 68
## 378 3 mazda glc custom 68
## 379 3 plymouth horizon miser 63
## 380 3 mercury lynx 1 70
## 383 3 toyota corolla 70
## 384 3 honda civic 67
## 385 3 honda civic (auto) 67
## 386 3 datsun 310 gx 67
## 388 3 oldsmobile cutlass ciera (diesel) 85
## 395 8 vw pickup 52
## 397 3 ford ranger 79
## 398 3 chevy s-10 82
## 135 4 amc matador 110
## 155 4 mercury monarch 72
## 156 4 ford maverick 72
## 161 4 buick century 110
## 162 4 chevroelt chevelle malibu 105
## 163 4 amc matador 110
## 164 4 plymouth fury 95
## 201 4 ford granada ghia 78
## 223 4 oldsmobile cutlass supreme 110
## 250 4 oldsmobile cutlass salon brougham 110
## 286 4 chevrolet caprice classic 130
## 289 4 dodge st. regis 135
## 292 4 chevrolet malibu classic (sw) 125
## 299 4 cadillac eldorado 125
## 301 4 oldsmobile cutlass salon brougham 90
## 365 4 oldsmobile cutlass 1ls 105

usa <- cbind(state.division, state.region,
state.x77[, "Income"], USArrests)

names (usa) [1:3] <- c("Division", "Region",
"Income")
require(graphics)
pairs(USArrests, panel = panel.smooth, main = "USArrests data")
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USArrests data
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Rape

mInc <- median(usa$Income)

usa$IncF <- "Poor"

usa$IncF[usa$Income > mInc] <- "Reach"

usa$IncF <- factor(usa$IncF)

par(mfrow = c(2, 2))

plot(usa$As, usa$Mur, col = usa$Reg, pch = as.numeric(usa$Reg))

plot(usa$As, usa$Rape, col = usa$Reg, pch = as.numeric(usa$Reg))
plot(usa$Ur, usa$Mu, col = usaPReg, pch = as.numeric(usa$Reg))
plot(usa$Ur, usa$Ra, col = usa$Reg, pch = as.numeric(usa$Reg))
par (mfrow = c(1, 1))
legend("center", levels(usa$Reg), col = 1l:nlevels(usa$Reg),

pch = 1:nlevels(usa$Reg))

195



XX
g_ X x
+
o | X A
™ X+A A
X JAVAN o
X
O_x 'H_ AXA
~ + 5 A
+—|ggx o X N A
o °=Hr+o
A 7] o A
+ ° °

I I I I I I
50 100 150 200 250 300

usa$As
Central

A
0 _| AA A
— A
A A A
A % °
= s XA Q
= 2 7 a Tx g
Gcg A +A X &+
%) X X o
S ++ Ag( g
o Jdx & K- 8 A
+h R
o o
dto X
+
I I I I I I
50 100 150 200 250 300
o Northeast
usa$As A South
+ North
X West
A
o _| A A A
— A
A 2
S ax T ©
289 % g
] A A T X G
» XX 0
S x + A + o S
A X +
o - X X
+ T °
o X
[+] o xc-'— +
+
I I I I I I
30 40 50 60 70 80 90

usa$ur

par(mfrow = c(2, 2))
plot(usa$As, usa$Mur, col

plot(usa$As, usa$Rape, col
plot(usa$Ur, usa$Mu, col
plot(usa$Ur, usa$Ra, col
par (mfrow = c(1, 1))
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usa$ur

= usa$IncF, pch = as.numeric(usa$IncF))

= usa$IncF, pch =

usa$IncF, pch
usa$IncF, pch

as.numeric(usa$IncF))

= as.numeric(usa$IncF))
as.numeric(usa$IncF))

legend("center", levels(usa$IncF), col = 1:nlevels(usa$IncF),

pch = 1:nlevels(usa$In

cF))
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Histogram of usa$Ur
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Histogram of usa$As
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Histogram of usa$Ra
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usa$Ra

usa$Murder <- 3 * scale(usa$Murder)

usa$Assault <- 3 * scale(usa$Assault)

usa$Rape <- scale(usa$Rape)

usa$UrbanPop <- scale(usa$UrbanPop)

inform <- subset(usa, select = c(Murder,
Assault, Rape, UrbanPop))

hc <- hclust(dist(inform, method = "max"),
method = "com"

plot(hc, labels = paste(row.names(usa), " (",
usa$Region, ")", sep = ""))

201

50



Cluster Dendrogram
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dist(inform, method = "max")
hclust (*, "complete™)

9 PwucoBaHue

Boobiie B R cymiectByer 1o kpaiiaeit Mepe Tpu “MIKo/bI” prucoBanus. Bo-mepBbIX, 9TO Kjac-
cmyecknii maker graphics. [lonb3oBaThes S UM He COBETYIO, BO-TIIEPBBIX, IIOTOMY 4YTO B pe-
3yJILTATE OOBIYHO TOJTYYAIOTCA KAPTUHKHU ITOCPEJICTBEHHOTO KAYeCTBa, & BO-BTOPBIX U3-3a €ro
KpaifHe IPUMUTUBHON HI€0JI0TUN: I'PadUK pacCMaTPUBAETCH KaK XOJICT, HA KOTOPOM MOYKHO

YTO-TO PUCOBATL N IIOAPHUCOBLIBATL, HO HEJIL3d HUYEI'O UCIIPAaBUTD.

CoBpeMeHHbITT 00bEKTHBIH TTOJX0/ K PUCOBAHUIO Pean3yIoT akeThl lattice u ggplot2.
B nux dynkmum pucoBanms BO3BpaIaloT HEKN 00bEKT, KOTOPBIN MOYKHO MO IU(DUIIUPOBATD,
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XPaHUTb, IIePe/IaBaTh U, KOHEYHO K€, OTPUCOBBIBATh Ha KOHKPETHOM yCTPOMCTBE.
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Huxe s 6yy Bce rpacduku jenars B lattice u3 jmunbix npemnourenunii. Hekoropoie
HaXoJgT ggplot2 Gosiee 3heKTUBHBIM U COBPEMEHHBIM, HO s IPUBBIK K lattice.

CobceTBeHHO, HAM MOHAI0OUTCS akeT lattice (OH y2Ke yCTAHOBJIEH, HAJIO TOJBKO TO/I-
KJIOUUTE), a Takxke Oyjer MoJie3HbIM MakeT latticeExtra (Kak BHJIHO U3 Ha3BaHUs, OH
paciupsier BO3MOxKHOCTH lattice; ero myxkHo nocrasuth ¢ CRAN).

Bce dynkiun pucoBanus B lattice IPUHUMAIOT CJIE/LYIONIUE [TaPAMETPBI:

1. x — dopmya; cobCTBEHHO, 3aBUCUMOCTD, KOTOPYIO MbI XOTUM HU300pa3UTh

2. data — jaHHBIe, OTHOCHTEILHO KOTOPBIX OyJeT BBIYUCISTHC (bopMysa (IpocTo jia-
TadpeitM 1T NMEHOBAHHBIN CIUCOK, COIEPZKAIHIl HCIIOIb30BAaHHbIe B (DOpMYJIE mepe-
MEHHBIE )

3. groups — mapamerp, MO3BOJIAIONINI HAPUCOBATH HECKOJIHKO HAJIOXKEHHBIX JIMHUN Ha
oHOM T'pacuke

4. panel — manenbHasd (HYHKIUA, KAK UMEHHO PUCOBATH KaXKJIBII OT/E/IbHBINA IpadukK
(mamHesn)

5. ... — IapamMmeTpbl, IepeJlaBaeMble B MAHEIbHYIO (PYHKITUIO, & TaKXKe BCAKUE JIOMOTHU-
TeJIbHBIE TTApaMeTPhI, BPOJIE PACIIOJIOZKEHUs U OOIIEro KOJMYIeCTBa IMaHe/ Iei.

Ha npumepe jannbix iris, mocMoTpuM, Kakue ObIBAIOT IpaduKu:
xyplot() — ckarreprior. Kaxmast crpoka garadpeiima n300pazkaeTcst OTATbHON TOUKO
B KOOp/IMHATAX JIBYX BHIOPAHHBIX CTOJIOIOB.

library(lattice)
xyplot (Sepal.Length ~ Petal.Length, data = iris)
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Petal.Length

He ouenn xpacuBo n masionndopmaTuBao. laBaiiTe HapucyeM copTa Ha OTJIE/JILHBIX I'pa-
dukax:

xyplot(Sepal.Length ~ Petal.Length | Species,
data = iris)
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Petal.Length

A MoxkeT Jydllle Bce-TaKM HA OJIHOM, HO PA3HBIMU IBeTaMu’.. A erie st X04y cie/aTh
TOYKU CILIOIIHBIM U JOOABUTH JIETeH Ty

xyplot(Sepal.Length ~ Petal.Length, groups = Species,

data = iris, par.settings = simpleTheme(pch = 19),
auto.key = TRUE)
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library(latticeExtra)

Petal.Length

xyplot(Sepal.Length ~ Petal.Length, groups = Species,
data = iris, par.settings = simpleTheme(pch = 19),
auto.key = list(columns = 3, border = TRUE),

panel = function(...) {
panel.xyplot(...)
panel.ellipse(...)

}, xlab = "Petal Length", ylab = "Sepal Length")
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Hamnocneiox npuBety mpuMep HaIMCaHUs CBOeil TaHeabHON yHKINHN /it xyplot ()

read_chunk("panel.lmpolyline.R")

panel.lmpolyline <- function(x, y, groups = NULL,
degree = 1, col.line = par.line$col,
1ty = par.line$lty, lwd = par.line$lwd,
alpha = par.line$alpha, ..., identifier = "lmpolyline") {
X <- as.numeric(x)
y <- as.numeric(y)
if ('is.null(groups)) {
par.line <- trellis.par.get("superpose.line")
panel.superpose(x = x, y = y, groups = groups,
degree = degree, col.line = col.line,
1ty = 1ty, lwd = lwd, alpha = alpha,
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panel.groups = sys.function(),
o)
} else {
if (length(x) > degree) {
1 <- Im(y ~ poly(x, degree = degree))
par.line <- trellis.par.get("plot.line")
panel.curve(predict(l, list(x = x)),
from = min(x), to = max(x),
col.line = col.line, 1ty = lty,
lwd = 1lwd, alpha = alpha,
., identifier = identifier)

X
xyplot(Sepal.Length ~ Sepal.Width, data = iris,
panel = panel.lmpolyline, degree = 2)

208



Sepal.Length

2.0 2.5 3.0 3.5
Sepal. Width
xyplot(Sepal.Length ~ Sepal.Width, groups = Species,

data = iris, panel = panel.lmpolyline,

degree = 2)
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Sepal.Length

2.0 2.5 3.0 3.5
Sepal.Width
xyplot(Sepal.Length ~ Sepal.Width, groups = Species,

data = iris) + layer_(panel.lmpolyline(...,

degree = 2))
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Sepal.Length

2.0 25 3.0 35 4.0
Sepal.Width

9.1 Oumnenka asymepsoii nioraoctu (kde2)

panel.kde2d

subscripts, n = 100, cuts = 5, col.line

<- function(x, y, groups = NULL,

Il

par.line$col,

1ty = par.line$lty, lwd = par.line$lwd,

alpha =
col) {

par.line$alpha, ..., identifier "kde2d",

require ("MASS")

X <- as.
y <- as.
if (lis.

par.

numeric (x)

numeric(y)

null (groups)) {

line <- trellis.par.get("superpose.line")

panel.superpose(x = x, y = y, groups = groups,

subscripts = subscripts, n = n,
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cuts = cuts, panel.groups = sys.function(),
col.line = col.line, 1ty = 1ty,
lwd = lwd, alpha = alpha, ...)
} else {
drange <- function(x) {
r <- range(x)

d <- diff(r)
r + c(-d, d)

}

kde <- kde2d(x, y, n = n, lims = c(drange(x),
drange(y)))

data <- expand.grid(x = kde$x, y = kde$y)
data$z <- as.vector(kde$z)
plot.line <- trellis.par.get("plot.line")
panel.contourplot(data$x, data$y,
data$z, at = pretty(data$z, n = cuts),
subscripts = seq_along(data$x),
contour = TRUE, region = FALSE,
col = col.line, 1ty = lty, lwd = lwd,
alpha = alpha, ..., identifier = identifier)

}
xyplot(Sepal.Length ~ Sepal.Width, data = iris,
groups = Species, panel = panel.kde2d)
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Sepal.Length
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2.0 25 3.0 3.5 4.0 4.5

Sepal.Width

xyplot (Sepal.Length ~ Sepal.Width | Species,
data = iris, groups = Species, par.settings = simpleTheme(pch = 19),
auto.key = list(columns = 3, lines = TRUE),
layout = c(3, 1)) + layer_(panel.kde2d(...,
cuts = 10))
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Sepal.Width

xyplot (Sepal.Length ~ Sepal.Width | Species,
data = iris, groups = Species, par.settings = simpleTheme(pch = 19),
layout = c(3, 1)) + layer_(panel.kde2d(...,
cuts = 10))
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Sepal.Width

xyplot (Sepal.Length ~ Sepal.Width | Species,
data = iris, groups = Species, par.settings = simpleTheme(pch = 19,
cex = 0.5, 1lwd = 1, 1ty = "dashed"),
auto.key = list(columns = 3, lines = TRUE),
layout = c(3, 1)) + layer_(panel.kde2d(...,
cuts = 10))
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9.2 Boxplots, stripplots and dotplots (draft)

bwplot(Sepal.Length ~ Species, data =

iris)
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yibua-edas

virginica

versicolor

setosa

iris,

bwplot(Sepal.Length ~ Species, data

panel.violin)

panel
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Sepal.Length

setosa

bwplot(Sepal.Length ~ Species, data
panel = panel.dotplot)

versicolor

= iris,
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Sepal.Length
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setosa versicolor virginica

barley$year <- factor(barley$year, levels = c(1931,
1932))
stripplot(yield ~ variety | site, data = barley,
groups = year, par.settings = simpleTheme(pch = c(1,
2), cex = 0.5), auto.key = list(space = "right"),
aspect = 0.5, layout = c(6, 1), xlab = "Barley Yield (bushels/acre) ",
ylab = NULL, scales = list(x = list(rot = 90)))
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Barley Yield (bushels/acre)

barchart(yield ~ variety | site, data = barley,
groups = year, par.settings = simpleTheme(pch = c(1,
2), cex = 0.5), auto.key = list(space = "right"),
aspect = 0.5, layout = c(6, 1), xlab = "Barley Yield (bushels/acre) ",
ylab = NULL, scales = list(x = list(rot = 90)))
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barchart(yield ~ variety | site, = barley,
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Fregs

dotplot(“table(cyl), data = mtcars, xlab = "Freqs")
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Fregs

stripplot(Ttable(cyl), data = mtcars, xlab = "Freqgs")
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Fregs

dotplot(Sepal.Length ~ Species, data = aggregate(subset(iris,
select = -Species), list(Species = iris$Species),
mean), xlab = NULL, ylab = "Mean sepal length")
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setosa versicolor virginica

densityplot(~Sepal.Length, groups = Species,
data = iris)
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histogram(~Sepal.Length | Species, data

= iris)
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# from

# http://lattice.r-forge.r-project.org/Vignettes/src/lattice-intro/lattice-intro.pd
stripplot(depth ~ factor(mag), data = quakes,
jitter.data = TRUE, alpha = 0.6, main = "Depth of earthquake epicenters by magn
xlab = "Magnitude (Richter)", ylab = "Depth (km)")
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Depth of earthquake epicenters by magnitude
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9.3 Densityplots, ecdfplots, qqmath (draft)

Species,

ecdfplot(~Sepal.Length, groups

data = iris)
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qqmath ("rnorm(100), distribution
df = 10))
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function(p) qt(p,

232



rnorm(100)
o
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| |
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function(p) gt(p, df = 10)

qqmath(~Sepal.Length, distribution = qnorm,
data = iris)
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gnorm

qqmath(~Sepal.Length | Species, distribution = qnorm,
data = iris) + layer_(panel.qgmathline(...))
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TODO: marginal.plot, countourplot

235




	Справка, workspaces, запуск скриптов, пакеты
	Справка
	Переменные, рабочие пространства (workspaces), история команд, выход
	Запуск скриптов
	Пакеты

	Вектора, матрицы, массивы
	Вектора, основные операции
	Вектора, доступ к элементам (subscripting, индексная техника)
	Числовой вектор индексов
	Логический вектор-маска
	Строковый вектор имен

	Матрицы и массивы
	Создание и размерность матриц
	Операции с матрицами
	Функции для работы с матрицами
	Многомерные массивы

	Матрицы и массивы, доступ к элементам
	Обращение как к вектору
	Обращение к декартовому произведению измерений
	Обращение по многомерному индексу


	Списки
	Создание списка, склейка, повторение
	Обращение к элементам
	Взятие подсписка
	Взятие элемента


	Материалы с занятия 3 октября
	Toothgrowth
	Графики residuals-vs-fitted
	Линейная регрессия (Университеты)
	Advertising, окончательный результат


	Материалы с занятия 10 октября
	LDA и tune
	Default
	Smarket
	banknote

	Материалы с занятия 17 октября
	Bootstrap and CV

	Материалы с занятия 24 октября
	My PCA functions(`PCAfncs.R')
	Basic PCA
	PCA-LDA for `iris'
	PCA-LM for `gasoline'
	PCA-LDA/PCA-QDA for `mnist'

	Материалы с занятия 31 октября
	k-means

	Рисование
	Оценка двумерной плотности (kde2)
	Boxplots, stripplots and dotplots (draft)
	Densityplots, ecdfplots, qqmath (draft)


