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ABS'fRACT. The article presents auxiliary fW1ctions of c l liS t erS im package 
(see Walesiak & Dudek (2006») and selected functions ofpackages stats, cluster, 
and ade4, which are applied lo solving clustering problems. In addition) the examples 
af the procedures for solving different clustering problems are presenled. These proce­
dures, which are not available in statistical packages (SPSS, Statistica, SAS), can help 
soJving a broad range or classification problems. 
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f. INTRODUC'fION 

In a typical cluster analysis study seven lnajor steps are distinguishcd (see 
Milligan (1996)) 342-343): selection of objectsand variabies, decisions concem­
ing variable nornlalization, selection ar a distance measure, selection or cluster­
ing n1ethod, determining the number ar clusters, cluster validatian, describing 
and profiling clusters. rfhe article presents functions af clusterSim package 
and selected functions af packages stats, cluster, and ade4, which are 
applied to solving c]ustering problems. 

II. TIIE Pi\CKAGES AND FUNC1"IONS OF R COM,PUTER PROGRAM 
IN A l"YPICAL CLUSTER ANALYSIS PROCEDURE 

Tablc l contains selected packages and functions of R prograIl1 applied on 
each step oftypical cluster analysis study. 

• Profcssor. Chair of Ocpal11nent of EconOlllctrics and Computcr Science. Wrocław Univcr­
sity nr Econolllics. 
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SnUTce: O\\.'ll prc~cnłalinJl. 

Step 1. Selection or objccts and variabIes. Canl10nc t Kara, and Max\vell 
(1999) proposed the J-Ieuristic Identi fication of Noisy Variables (HINo V) lnethod 
bascd on k-nleans cluster analysis on each variable and corrected Rand index for 
cach resulting pair ar partilions. The HINo V algoritlun can idcntify noisy vari­
ablcs in a dala set and yicId better clusler rccovery. As a resulL or this algorithln~ 

''''e rcceivc the contribution af each variable to clusler structure. Package 
clusterSilTI contains extended version or HINoJ/nlethod for nonnlctric data: 

HINoV.MOd(x, ty·pe= U1netric " , 5=2, u, distance=NULLJ 1 

method= 11 kmeans Ił, Index= łl c RANI) " ) 

,vherc:
 
x ~ data lllalrix:
 
s -- for 111etric data (l - ratio: 2 - interval or ll1ixed);.
 
u - nU111bcr or clustcrs (for ll1etric data);
 
distance - NUL,lJ for kmeans and nON11etric data, for ratio data C'dl" ­


tvtanhattan, "d2 11 
- Euclidean, "d3 1ł ~ Chebychev (maxiInunl) , "d4 tI ­

squared Euclidcan, "d5 11 
- GDM1, "d6" -- Canberra, ud7" - Bray & Cur­

lis), for intcrval and ll1ixcd data (UdlII, lId2 H 
, ud3", "d4" t IIdS"); 
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method - classification lnethod: "kmeans" (dcfault) ~ flsingle lł 
, "COITI­

plete'" "average
łt 

, Hmcqui t ty", "median", "centroid", 
"Ward", "parn" (NULL for nonnletric data); 

Index--"cRAND" - correctcd l{and index, "RAND" - Rand index. 

Step 2. l)ecisions concernlng variablc nonllalization. Function 
data .Norrnalization (x, type= linO ") calculates non'llalization data 

using the fonnula of variable nonnalization nO - nIl for data luatrix x (nO ­
\vithout normalization, nl - standardizatioI1, n2 - Weber standardization, n3 -­
unitization, n4 - unitization with zero mininluln, n5 - nornlalization \vith range 
[-1; l], n6-nl1 - quotient transfom13tions \vith different basc) - details see 
Walesiak (2006). 

Step 3. Selection afa distance mcasurc. The packages clusteSim, stats 
and ade4 contain distancc ll1easures for luetric and nonnletric data (see Table 2). 

Tablc 2 

Dislance lucasurcs for Illctric and nonll1ctric data 

Packagc Syntax 
clusterSim cli s t . GDM ( x, method= lO GDMl .. ) - function calculate.s Gcncralizcd 

Distancc Measurc. for variablcs lncasurcd on Inctric scale (GOM1) or or­

dinal scalc (GDH2) 

di s t . Be (x) - function calcu latcs the Bray-Curtis distnncc 1l1CaSUrc for 
rDtio data 

di s t . SM (x) - funclion calcu latcs the Sokal-M ichcncr distnncc IJlcasurc 

for nOlninal variablcs 
stats dist(x, rnethod="euclidean", p = 2) 

x dala Inatrix or .. dis t Ił objcct 
method distancc Ineusurc: "eue lidean", Ol maximum". 

"manhattan", "canberra", "binary", "n\l.n­
kowski" 

p the powcr for lhc Millkowski dislance 
ade4 

method 

dist.binary(df, method = NULL) 
df a data frarne \vith positive or zero vnlucs. Uscd \vith 

as.matrix(l* (df>O) 

an intcger bct\vecn l and \0 (distancc Illc.asurc d = ~ ): 
l = Jaccard. 2 = Sokal & M ichcner. 3 = Sokal & Sncath ('). 

4 == Rogcrs & Taniuloto, 5 == CzckanovJski, 6 = Go\ver L~ 

Lcgcndre (l), 7 == Ochiai, 8 = Soknł & Sncath (2), 9 = Phi of 

Pcnrson, la = GO\\lcr & Legcndrc (2) 

Source: own prcscn(ati()n. 
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Step 4. Selection ol' clustering method. 1"'he 1110St frequently appJied cluster­
ing 11lCthods are available in packages stats (helust - hierarchicaJ ag­
glołllerative Inethods; k.means -' k-n1ealls lnethod) and cI liS ter (pam - parti­

tioning around medoids; agnes - hierarchical aggloluerative methods~ diana 
'- hicrarchicaJ divisive Inethod). Exronple syntax for function Janeans for clus­
tering data: 
~leans(x, centers, iter.max = la, nstart = l, algo­

ll llrithnl = c ("I-Iartigan-Wong , IILloyd I t1Forgy", IIMac­
Queen Ił ) ) 

\vhcrc:	 x - data nlatrix; cen ters ~ either the nUJllber af cJusters ar a set of ini­

tial cluster ccnters; i ter. max - the nlaximuJ11 nunlber of iterations a1­

lo\·ved~ rlS tart - if centers is a number, haw Illany random sets should 
be chosen?; algori thrn - applied algoritlull. 

Funclion ini tial . Centers (x, k) of clusterSim package calcu­
lates inilia} cluster centcn~ f<)r k-nlcans algoritłun (x - data Inatrix, k -- l1unlber 
ol' initial cluster centers). 

Step 5. Detem1ining thc nUlnber of clusters. Package clusterSim contains 
sevcn cluster quality indices necessary in delenl1ination of the number of clus­
tcrs in a data set (Calinski L~ I-Iarabasz, Bakcr & liubert, I-Iubert & Levine, Sil­
houcttc, Krzanowski & Lai, l-Iartigan, gap). For example function index. H 

(x , c l a 11) calc.uJates I-Iartigan index for data n1atrix x and two vectors 01' in­
tcgcrs c lalI indicating the cluster to which each object is allocated in partition 

01' Il objccts into u) and u + 1 cJusters (details and others indices see Walesiak 

(2007». 
Step 6. CJuster validation. In replication analysis (sec Breckenridge (2000)) 

wc cOlnparc the resulLs af classification af t\VO random salnples obtained fron1 
a data set. Thc level or agreenlent belwecn the two partitions (nlcan con-ecled 
H.and index) rctlects the stability of the clustering in the data. Package 
clus terSim conlains repI ication. Mad function: 
replication.Mod(x, v=lIm" , u=2, centro­

types=" cen troids",
 
normalization=NULL, distance=NULL,
 
method= "kmeans II I 

8=10, fixedAsample=NULL) 
\vherc: x - data 111atrix, v - typc af data: nletric (tirli - ratio, fi i 'I - interval, Hm'l 

- n1ixed), nonnlctI1c (" 0 1l - ordinal, "nu - nlullistate nOlninal, lib" -- bi­
nary), u -- nllInber or clustcrs, centrotypes - "centroidsIl, "me­

doids"; normalization - nonl1alization fonnula nl-nl1 (see 
stage 2); distaI1ce - NULL for "kroeans'\ distance measure (see stage 
3); me thod. - classification tllcthod (see stage 4); S - nu·tnber or sirnula­
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tions; f ixedAsample - if NULL A sanlple is generated randoJ11ly, olh­
erwise this paran1eter contains object nU111bers arbitrarily assigned to li 
salnple. 

Step 7. Describing and protiling clusters. Function cluster . Description 
(x, c l ) af c l liS terS im package calculates descriptive statistics separately 
for each cluster and variable in classification cI: aritlunetic nlean and standard 
dcviation, median and median absolute deviation, n10de. 

In. rfHE EXAMPLE PROCEDURES WI]'I-I SELECTED
 
FUNCTIONS OF R PACKAGES
 

-rhe 75 observations were generated fr0111 standard t\vo-dill1cnsional sphcri­
cal nonnal distribution into five clusters of size 15 each \vith lneans: 

fll = (O Or, f.J2 = [O lOy, 1-'3 = [5 S]T, 1-'.. = [10 O]T, fis = [la lOJ" , 

and covariance matrices: LI =L2 =L J =L4 =L5 =[~ ~]. In addition, three 

noisy variables are included in thc IllOdcl lo obscure thc underlying clustering 
structure to be rccovcred. 75 observatiollS for thcse variabies wcre generated 

526 

\vith ll1eans and covariancc ll1atrix: I-J = [5 5 7,5 JT, L == 2 l - 5 

6 -5 2 

Flllally, the data were standardized via fon11ula "nl". To help isolate noisy vari­
ables HINoV . Mad procedure was applied (sce examplc l). 

Exanlple 1 
> library(c]uster} 
> libra~(clusterSim)
 

> x<-read. csv2 ( liC: /Da ta_ 75x5. csv" I
 

header=TRUE, strip. whi te=2'RUE, row. nalnes=1.)
 
> x<-as.matrix(x)
 
> z<-data.Normalization (x, type="nl")
 
> z<-as.data.frame(z)
 
> rl<-HINoV.Mod(z, type=umetric", 5=2, 5,
 
method= IIkmeans", Index= "cRAND" )
 
> options (OutDec = Ił,")
 

> plot (rl$stopri [, 2] , type="p", pch=O, xlab= "Number ot
 
variable", ylab=" topri ", xaxt="n")
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> axis(l,at=c(l:max(rl$stopri[,l])), 
labels=rl$stopri[,l]) 

'rhe resuIt of this procedure is shown in Figure l.
 
Based on serce diagram (Fi!,rurc 1) three noisy variabIes v_3, v_4, and v_5
 

were climinatcd via HINoV nlcthod. 
In proccdure af exan1ple 2 the follo\ving assw11plions is laken into accounl: 
- for clustering af 75 objects in two-dinlensionaI space (f11e 

da ta_'7 Sx2 _esy) thc k-n1eans 1l1ethod \vas applied, 

- the cstimated olullber of clusters is the s111allest u E [2~ 10] such that 

H(u)ś:lO, 

° 0 

o 

ci 

\ll 
o.
 
ci
 

~ 

8 
ci 

o~ 
0,,­

--------o 
NUT1bct o, varlabSC 

Figure 1. Serce diugnun
 
Sourcc: own rcscnrch.
 

write. table rUBelion allow lo save results in files: values of index 

II (Li), a vcctor ol' intcgcrs indicating the cluster to \vhich each object is alJo­

catcd ("cluster"), a nlatrix ar cluster centers ("centers"). the within-cluster surn 
or squares for each cluster("vJithinss"), thc number of obJects in each cluster 
(Hsize~'). 

Exan1ple 2 (fin~t six instructions f1'0l11 exan1plc l). 
> min_u=2 
> max_u==10 
> m.in <- O 
> I'esults <- ar.cay(O,c(fllax_u-nlin_u+l, 2)) 
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> resu.lts[,lj <- m.in_u:max_u 
> find <- FALSE 

> for (u in min_u:max_u) 
> ( 

> c.Il <- kmealJs(z, Z[ilJitial.Centers(z, uj,)) 

> c12 <- kmeans.(z, z[initial.Centers(z, u+l), J) 
> clal1<- cbind(cll$cluster,c12$cluster) 
> resuJ ts {u-m.in_u+l, 2] <- H <- i11dex. /-i (z, clal.I) 
> if ((results{u-min_u+l,2]<10) 
.> ( 

> lk<-u 
> fllin<-H 

> clopt<-c.Il 
> find<-TRUE 

> ) 

> } 

> J~f ([ind) 

> { 

&&(!find)) 

> prin t (paste ("min.ima.l u f 01.- If<=10 eCIuals", .lk, II for l-J 

='1, min) ) 

> Jelse 
> ( 

> prin t ( "Classi fica tion not [ind") 
> ) 

lJ> write.table(results, file="C:/H_results.csv , 

sep="; ", dec=",", l-OW. names=TRUE, col. names=FALSE) 

> wri te. tab] e (clopt$cl uster, file="C: lel uster. csv /I, 
sep= I'; ", dec=" I ", row. names=TRUE, col. naJnes=FALSE) 

> wri te. tabIe (el opt$centers, f i le="e: lee!] ter·s. csv", 
sep=" i ", dec="," I rawo nan1es='J'1:<'UE, col. nan1es=FALSE) 

> ~~/ri te. table (clopt$wi thiIJSS, file= liC: lwi thJ~nss. CSV", 

sep="; ", dec=", Ił, row.names=TRUE, cO].. nan1es=F"'AIJSE') 

> write. table(clopt$size, file="C:/s.ize.csv", sep="; ", 

dec=", ", rOt-\'. na.mes=TRUE, col. names=F'l'ilJSE) 

> pJot(.results, type="p", pch=O, x.lab="u", 

ylab= "}{", xaxt="n") 

> abline(h=10, untf = F~LSE) 

> axis(l,c(min_u:max_u») 
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'The results of this proccdurc are following: 
> [11 "minimal u for H<=10 equals 5 for H = 
5,10784236355176" 

o 
II') 

r. 

o u O" 
u 

10 

Figurc 2. Graphicnt prcscntalion of Hartigun H indcx 

[n exanlple 3, the stability of the clustering in the data was done by replica­
tian analysis (function repl ica t ion . Mad frorll c l us terSim package). 

Exanlple 3. 
> library(clusterSim) 
> x<-read. csv2 ( "e: /Da ta_75x2. csv", 
header=TRUE,strip.white=TRUE,row.names=l)
 
> x <-as.matrix(x)
 
> X <-as.data.frame(x)
 
> options (QutDec = ",")
 
> w<-replication.Mod(x,v="m",u=5, centro­

types= Iłcentroids"I IJormalization= "nl ",
 
method="kmeans",S=10, fixedAsample==NULL)
 
> print (w$cRand) 

'fhe rcsult or this procedure is follo\ving: 
> [11 0,9794591 

-rhe high level af agreernent between t11e two partitions reflects the stability 
of [he cluslering in the data. 
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IV. SlJ1\'IIVll\RY 

In articlc, sclccted packages or R cnvironrncnt applied in seVCll l11ajor slcps 
af cluster analysis study were presented. ~rhe selectcd functions of packages 
clusterSim, stats, cluster, and ade4, which are applied lo solving 
clustering problclTIs, were characteńzed.Additionally,thc cxalnplcs ol' the pro­
cedures tor solving diffcrent clustering problems are presentcd which arc not 
available in conunercial statistical packages. 
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A111rek lValcsulk 

ZACA.DNIENIA ANALIZY SKUPlli:Ń Z \VYKORZYS'I'ANIEIVI PlłOGlłAi\1lJ
 
KOMPUTEROWEGO clusterSim I ŚRODO\VISKA R
 

W artykule scharaklcryzO\vano funkcje pOnlOCJlICZe pakietu c l us t erSirn oraz 
wybrane funkcje pakictó\\' stats, cluster i ade4 służące zagadnieniu analtzy sku­
pien. Ponadto zaprezentowano przykładowe procedury, wykorzystujące analizo\vane 
funkcje, ułatwiające potencjalnenlu utytko\vnikowi realizację wielu zagadnień klasyfi­
kacyjnych niedostępnych w podsta\vowych pakietach statystycznych (np. SPSS~ Statistica~ 

SAS). 


