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Note:

This chapter is based on Bacher (1996: 308-348)

5.1 Basic Idea, Algorithm and Methods

The idea of k-means is very simple: 

· Assign a set of cases into  K clusters so that the within cluster sum of squares ('error') is minimized. 

If 
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 the mean (centre) of cluster k in variable j, the function to minimize is
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[image: image6.wmf]min

)

(

2

,

®

=

å

å

Î

k

k

g

k

g

in

d

K

SQ

.

The cluster centres are computed iteratively. The algorithm is:

1. Choose an initial partition of the cases into k clusters.

2. Compute for each case the squared Euclidean distance to cluster centres. Assign each case to its nearest cluster.

3. Re-compute the cluster centres after all cases are checked.

4. Repeat steps 2 and 3 until cluster membership, cluster centres or the error sum of squares do not change.

K-means clustering procedure belongs to a more general group of clustering techniques labelled as partitioning or optimization methods. In contrast to hierarchical techniques, the number of clusters must be defined in advance. The idea of optimization methods is shown in the following figure:

Different methods exist to select an initial partition. Some of them are:

1. The cases are randomly assigned to K clusters.

2. The user specifies starting values for the K cluster centres (means).

3. The starting values for the K cluster centres are obtained from a hierarchical procedure. If the sample size is large, a randomly selected subsample is analysed using hierarchical techniques.

The third approach has the advantage that information about the number of clusters is provided, too. The techniques for hierarchical cluster analysis to determine the number of clusters (see chapter 4) can be used in this case (and these techniques can perform better than those for k-means). The second approach is some kind of a rudimentary confirmatory analysis. The starting partition is defined. In contrast to a full confirmatory analysis, no values are fixed or constrained. 

SPSS (procedure QUICK CLUSTER) includes none of these methods. They can be implemented easily using syntax commands. SPSS selects starting values with a 'leader' algorithm. The K cases with the largest distances to each other as starting points are selected.

According to simulation studies (e.g. Milligan 1980, Hajanal and Loosveldt 2000) the conclusion can be drawn that randomly generated starting values perform worst among all studied methods. However, as in all simulation studies caution is necessary. As far as I know the QUICK CLUSTER starting procedure has not yet been evaluated.



5.2 A first Application – Reproducing the Typology of the Shell Youth Survey 1997

As a first example we are going to replicate Münchmeier's typology of juveniles (see chapter 1) for our survey of apprentices. The question analysed is 'does this typology fit to our survey on apprentices?'
The first problem of our analysis is the fact that our survey does not contain all variables Münchmeier used. Only a small overlap exists in the two studies. Therefore, we tried to find similar indicators and added variables. Figure 5-1 shows the variables used in the following analysis.

our survey of apprentices
used by Münchmeier

pessimistic view of the future

(PESSI)
yes, we used more general statements about the future

interested in politics

(INTER)
no, but the variable was used to describe the cluster

trust in institutions

(TRUST)
no, but the variable was used to describe the cluster

political alienation

(ALIEN)
yes, similar items were used

normlessness

(NORMLESS)
no, but anomie/normlessness was used to describe the clusters

positive attitude toward violence

(VIOL)
no, relation with conflictual political action was assumed

sympathizing with Green party

(GREEN)
no, but the variable was used to describe the cluster

sympathizing with SPD

(SPD)
no, but the variable was used to describe the cluster

sympathizing with CDU

(CDU)
no, but the variable was used to describe the cluster

sympathizing with CSU

(CSU)
no, but the variable was used to describe the cluster

main political task: safety

(SAFE)
no, but the variable was used to describe the cluster

Figure 5-1: Variables used to reproduce the typology of Münchmeier

Factor analysis (principal component analysis; FACTOR procedure) and multiple correspondence analysis (HOMALS) were used to build the variables (see table 5-1). HOMALS was applied to test whether the category 'don't know' can be presented on the same dimension as the other categories. If this was the case, a scale value for the 'don't know' category was estimated for further analysis. Otherwise, the category was handled as missing.

dimension (a)
number of items
eigenvalues
reliability

Cronbach's alpha
range of the theoretical scale
empirical mean

PESSI
4 
2.06 (0.81)

(b)
0.68
4-16
11.5

INTER
1
-
-
1-5
2.7

TRUST
2
0.86 (c)
-
2-14
6.8

ALIEN
3
1.96 (0.57)

(b)
0.73
3-12
9.5

NORMLESS
4
2.12 (0.73)

(b)
0.70
4-16
9.5

VIOL
1
-
-
1-4
2.2

GREEN
1
-
-
-5-5 
-1.3

SPD
1
-
-
-5-5 
0.2

CDU
1
-
-
-5-5 
0.5

CSU
1
-
-
-5-5 
0.5

SAFE
3
1.84 (0.69)

(b)
0.66
3-21
19.1

(a) Examples of items: 

PESSI
Item: The future of our country is uncertain. Response categories: 4=agree totally to 1=disagree totally

INTER
How strong is your interest in politics? Response categories: 5=not at all to 1=very strong

TRUST
How strongly do you trust or distrust in the following institutions? ...government... Response categories: 1=absolutly no trust to 7=very strong trust, 8=can't say, 9=don't know the institutions

ALIEN
Politicians do not care much about what people like me think. Response categories 4=strongly disagree to 1=strongly agree

NORMLESS
Item: It is not important how one wins, it is important to win. Response categories: 4=agree totally to 1=disagree totally

VIOL
Sometimes it is necessary to use violence in order to reach one's aims. Response categories: 4=agree totally to 1=disagree totally, missing=don`t know

GREEN
What do you think about the political parties in Germany? On the GREENs, I have a +5 very positive to –5 a very negative opinion.

SPD
On the SPD, I have a +5 very positive to –5 a very negative opinion.

CDU
On the CDU, I have a +5 very positive to –5 a very negative opinion.

CSU
On the CSU, I have a +5 very positive to –5 a very negative opinion.

SAFE
How important should the following goals be to German politicians? ...to guarantee pension in the future ... Response categories: 1=not important at all to 7=very important

(b) using PCA

(c) results from HOMALS. Only one dimension was extracted.

Table 5-1: Characteristics of the scales used

The variables have different scales (see table 5-1). They are incommensurable (see chapter 2.1). Different methods exist to solve this problem. We used standardization of variables. 

Technically speaking, we applied DESCRIPTIVE and used the SAVE command:

des var=pessi inter trust alien normless viol green spd 

     cdu csu safe /save.

The SAVE subcommand signals SPSS to compute standardized scores for each variable and to save these scores in new variables. If names are not specified, SPSS uses the prefix 'z'.

Then QUICK CLUSTER was run:

quick cluster

   zpessi zinter ztrust zalien znormles zviol zgreen zspd 

   zcdu zcsu zsafe 

  /missing=pairwise

  /criteria=cluster(4) converge (0.0000) mxiter(200)

  /print initial distance anova.

Quick cluster uses the standardized variables ZPESSI, ZINTER and so on. Pairwise deletion of missing values was defined in order to include as much cases as possible (see chapter 3.8). 

The number of clusters was fixed to four in the CRITERIA command (default: 2), because we supposed that the Münchmeier's KIDS cluster (see chapter 1) - that consist of very young juveniles - is not present in our survey. Figure 5-2 shows the expected characteristics of the clusters. A '+' in a variable means that a high value characterizes the cluster, a '-' stands for a low value, and a '0' for a value about the average. The question mark '?' was used for unclear cases.


critical, but loyal juveniles
traditional juveniles
conventional juveniles
(not yet) integrated juveniles

PESSI
+
-
-
+

INTER
+
+
-
-

TRUST
0
+
-
-

ALIEN
0
-
+
+

NORMLESS
-
-
0
+

VIOL
0
-
-
+

GREEN
+
-
-
-

SPD
?
+
?
?

CDU
?
+
?
?

CSU
?
+
?
?

SAFE 
-
+
+
-

Figure 5-2: Expected cluster centres

The maximum number of iterations (MXITER) was changed, too. SPSS could not find a convergent solution for the default value of ten iterations. If CONVERGE is equal to 0, SPSS continues iteration until cluster centres do not change between two iterations.

Table 5-2 shows the cluster centres. 
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Table 5-2: Cluster centres computed by QUICK CLUSTER

The computed centres differ from our expectations specified in figure 5-2. A traditional cluster of juveniles that has sympathy with all traditional political parties (SPD, CDU, CSU) does not exist. Two traditional clusters emerge instead: one of them (cluster 3) sympathizes with the Green party and the SPD. Juveniles of this cluster trust in political institutions, they also do not feel alienated. Their view of the future is optimistic. Political interest is located slightly above the mean. Violence is refused. This cluster may be labelled as traditional left juveniles. The other traditional cluster (cluster 4) sympathizes with conservative parties. These juveniles look a little more pessimistic into the future. Trust is lower and alienation a little bit higher. This cluster may be named as traditional conservative juveniles. 

Juveniles of cluster 1 have a slightly pessimistic view of the future and distrust political institutions. They are interested in politics and prepared to use violence as a way to reach certain aims. The cluster has similarities to Münchmeier's (not yet) integrated juveniles as well as to the class of critical, but loyal juveniles. The last cluster (cluster 2) shows strong similarities to Münchmeier's conventional juveniles. Therefore, this name was adopted for this cluster. Alienated juveniles would be another appropriate name. 

The clusters differ in their sizes:
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Cluster 3 (traditional left juveniles) is the largest one. Traditional conservative juveniles (Cluster 4) constitute the second largest one. (Not yet) integrated juveniles (cluster 1) are the smallest group. No case was eliminated due to missing cases. In the case of LISTWISE deletion, the number of cases would be reduced from 620 to 436. 

We decided to run a second analysis using five clusters. Other clusters, like cluster 1 or 3, may contain Münchmeier's cluster of critical, but loyal juveniles that did not exist in the 4-cluster solution. Table 5-3 shows the results. 


Cluster
 
 
 
 
 
 
1
2
3
4
5
 
Zscore(PESSI)
,53080
,48571
,17452
-,42875
-,11952
 
Zscore(INTER)
,17063
-,77922
,21403
,16820
,22704
 
Zscore(TRUST)
-,68860
-,83380
-,11868
,54676
,21398
 
Zscore(ALIEN)
,28576
,80867
,30007
-,50350
-,33681
 
Zscroe(NORMLESS)
,40060
-,15730
,65286
-,50704
,17467
 
Zscore(VIOL)
,79866
-,25228
1,19604
-,59982
-,00198
 
Zscore(GREEN)
-,12158
-,69444
,36587
,84027
-,59591
 
Zscore(SPD)
-,14432
-,96063
,29571
,60830
-,08296
 
Zscore(CDU)
-,63657
-,87184
-,37186
,02033
,95208
 
Zscore(CSU)
-,64741
-,87664
-,27690
-,03672
,95919
 
Zscore(SAFE)
-3,17609
,22379
-,12236
,17167
,25048
 
Table 5-3: Cluster centres of the five cluster solution

The 5-cluster solution contains the two traditional clusters (cluster 4 and 5) and the conventional juveniles (cluster 2). Some characteristics of the (not yet) integrated juveniles exist in cluster 1. Compared to cluster 1 of the 4-cluster solution, some values became more extreme, e.g. the pessimistic view of the future, distrust and - especially - the disagreement to the political aim 'saftey'. The values of other variables decreased slightly. 

Most values of the new cluster 3 are near the average, except normlessness and violence. Juveniles of this cluster want to have success, different means – including violence – are allowed. This group of juveniles may be labelled as success orientated, normless juveniles. 

Table 5-4 shows the relation between the 4-cluster solution and the 5-cluster solution. 
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Table 5-4: Relation between the solution with four clusters and the solution with five clusters.

Summarizing the results, not all clusters of Münchmeier could be reproduced. We were not able to extract a cluster corresponding to critical, but loyal juveniles. Our sample may be one reason for this. Critical, but loyal juveniles have a high educational level. We analysed apprentices. Usually, these juveniles only have a middle educational level. 

The other clusters could be reproduced to some extent. In contrast to Münchmeier, two traditional clusters were computed, a traditional left cluster and a traditional right cluster. The further clusters are: conventional juveniles and (not yet) integrated juveniles. Perhaps, five clusters describe the data better than four clusters. The fifth cluster may be labelled as success orientated, normless cluster.

The available results do not answer the question 'do we need four or five clusters?'. Further information is necessary, e.g. measures of stability and statistics for (internal, relative and external) validity, etc. Some of these measures will be discussed in the follwing sections. At first, the computation of different starting partitions will be illustrated. 

5.3 Computing Initial Partitions using SPSS

A random starting partition can be generated using the following algorithm:

1. Compute a variable with an uniform random distribution in the interval (0.5 to K+0.5). Round the variable. Label this variable as CLUSTER_.

2. Compute the cluster centres (starting values) using AGGREGATE. Store the centres in a data file.

3. Specify that QUICK CLUSTER reads this input file as starting partition.

Translating these steps into SPSS syntax results in the following commands:

compute cluster_=rv.uniform(0.5,4.5).

compute cluster_=rnd(cluster_).

fre var=cluster_.

compute zzpessi=zpessi.

compute zzinter=zinter.

compute zztrust=ztrust.

compute zzalien=zalien.

compute zznorm=znormles.

compute zzviol=zviol.

compute zzgreen=zgreen.

compute zzspd=zspd.

compute zzcdu=zcdu.

compute zzcsu=zcsu.

compute zzsafe=zsafe.

sort cases by cluster_.

aggregate outfile='c:\texte\koeln\spss\rand4.sav'

    /presorted

    /break = cluster_

   /zpessi zinter ztrust zalien znormles zviol 

    zgreen zspd zcdu zcsu zsafe= 

    mean(zzpessi zzinter zztrust zzalien zznorm zzviol 

         zzgreen zzspd zzcdu zzcsu zzsafe).

execute.

quick cluster

   zpessi zinter ztrust zalien znormles zviol zgreen zspd zcdu zcsu 

   zsafe 

  /missing=pairwise

  /criteria=cluster(4) mxiter(200)

  /print initial distance anova

  /file = 'c:\texte\koeln\spss\rand4.sav'

  /save cluster(rand4).

The first two commands make up step 1 of the algorithm. A random variable is generated, rounded and labelled CLUSTER_. The following FREQ command controls the procedure. (Each category should have approximately the same number of cases.)

The next COMPUTE statements are necessary for the AGGREGATE subcommand. The aggregated variables ( = centres) should have identical names like the variables specified for QUICK CLUSTER. The name of the aggregated ZPESSI variable should be ZPESSI, the name of the aggregated ZINTER variable should be ZINTER, and so on. AGGREGATE needs different names for aggregated variables and idividual variables. Therefore, individual variables are doubled and named using the prefix 'ZZ'.

The AGGREGATE procedure computes the starting partition, which is saved in the RAND4.SAV file . Finally, the FILE subcommand specifies that QUICK CLUSTER has to use these starting values. Note: You will get a different starting partition if you re-run the programme, because the random variable generated by SPSS depends on the current time. This effect can be avoided by saving the random variable.

Using a random partition, the patterns of the clusters computed by SPSS starting values are reproduced. Cluster 1 comprises the not yet integrated juveniles, cluster 2 the conventional juveniles, cluster 3 the traditional left juveniles and cluster 4 the traditional right juveniles. However, there are differences in some variables, too. The question 'how much do the two solutions agree?' immediately arises. Measures for comparing classifications and cluster centres of different solutions will be discussed in chapter 5.4 and 5.5. 

As already mentioned, random starting values are not the best choice. Better results can be obtained, if a hierarchical method is used for computing the starting configuration: 

1. Select a subsample, if the analysed sample is too large. 

2. Run CLUSTER and save the membership.

3. Rename the membership variable to CLUSTER_.

4. Compute the cluster centres (starting values) using AGGREGATE. Store the centres in a data file.

5. Reread the original data, transform them (if you have not saved your transformation used to prepare the variables for QUICK CLUSTER) and specify that QUICK CLUSTER reads the saved centres as starting partition. 

For our example, the steps result in the following syntax:

get file='c:\texte\koeln\spss\km1.sav'.

des var=pessi inter trust alien normless viol 

        green spd cdu csu safe /save.

sample 150 from 620.

cluster

   zpessi zinter ztrust zalien znormles zviol zgreen zspd 

   zcdu zcsu zsafe 

   /measure=seuclid

  /method=ward

  /save =cluster (4)

  /print schedule

  /plot dendrogram.

compute cluster_=clu4_1.

recode cluster_(Sysmis=-99).

freq var=cluster_.

select if (cluster_ > 0).

compute zzpessi=zpessi.

compute zzinter=zinter.

compute zztrust=ztrust.

compute zzalien=zalien.

compute zznorm=znormles.

compute zzviol=zviol.

compute zzgreen=zgreen.

compute zzspd=zspd.

compute zzcdu=zcdu.

compute zzcsu=zcsu.

compute zzsafe=zsafe.

sort cases by cluster_.

aggregate outfile='c:\texte\koeln\spss\ward4.sav'

    /presorted

    /break = cluster_

    /zpessi zinter ztrust zalien znormles zviol 

     zgreen zspd zcdu zcsu zsafe= 

     mean(zzpessi zzinter zztrust zzalien zznorm zzviol 

     zzgreen zzspd zzcdu zzcsu zzsafe).

execute.

get file='c:\texte\koeln\spss\km1.sav'.

des var=pessi inter trust alien normless viol 

        green spd cdu csu safe /save.

quick cluster

   zpessi zinter ztrust zalien znormles zviol 

   zgreen zspd zcdu zcsu zsafe 

  /missing=pairwise

  /criteria=cluster(4) mxiter(200)

  /print initial distance anova

  /save cluster(ward4)

  /file = 'c:\texte\koeln\spss\ward4.sav'.

The results (not reported here) are similar to those computed using randomly selected starting values. The four clusters computed by the SPSS starting procedure are reproduced. Differences in centres occur, too.

Another method to specify starting values is to input values for the centres directly. This method can be applied, if the user has some knowledge about the centres. Such information is available in our example. We know, which cluster has high, low or medium values in the variables. The necessary steps for this approach are:

1. Generate a data file for the centres and enter the theoretically known values. 

2. Specify that QUICK CLUSTER reads the starting partition.

Using QUICK CLUSTER and saving the cluster centres is the best way to generate the data file for the centres. 

quick cluster

   zpessi zinter ztrust zalien znormles zviol 

   zgreen zspd zcdu zcsu zsafe 

  /missing=pairwise

  /criteria=cluster(4) mxiter(200)

  /print initial distance anova

  /outfile = 'c:\texte\koeln\spss\theory4.sav'.

In the next step, the data file can be edited and the values of the centres can be changed. We used the following coding: +1.00 for high (+), 0 for medium (0) and the question mark (?) and –1.00 for low (–).

Finally, the procedure QUICK CLUSTER was run:

quick cluster

   zpessi zinter ztrust zalien znormles zviol 

   zgreen zspd zcdu zcsu zsafe 

  /missing=pairwise

  /criteria=cluster(4) mxiter(200)

  /print initial distance anova

  /save cluster(theory4)

  /file = 'c:\texte\koeln\spss\theory4.sav'.

Again, the four clusters of our first analysis – using SPSS starting values – are reproduced. Differences are observable, too.

5.4 Stability Analysis

The idea of stability analysis is to test, whether modifications of methods or data have a negative effect on the results. 

Modification of the method

In contrast to hierarchical methods, the technique and the distance measure (squared Euclidean distances) are fixed for k-means. They cannot be modified. The only variable method factor is the starting partition. Therefore, the stability of the results after changing the method can be tested by modifying the starting partitions. The following strategies can be applied:

· Generate different random starting partitions, if random starting values are used.

· Re-order the cases, if SPSS starting values are used.

· Change the starting values, if centres are entered or computed using a hierarchical technique.

· Use different starting procedures (randomly generated starting values, SPSS starting values, etc.).

If a classification is stable, the starting procedure should have no influence.

Stability can be tested in two ways:

· by comparing the cluster centres

· by comparing the classifications (the assignment of cases to the cluster)

The second test produce is frequently used.

Modification of the data

A stability test of the data can analyse two factors: cases (population) and variables. Population stability can be tested in the following way: 

1. Divide the population in M subpopulations.

2. Run for each population k-means and save the cluster centres.

3. Compare the cluster centres.

M is usually set equal to 2. This method only allows to compare cluster centers. If classifications are to be compared, the strategy has to be modified: 

1. Divide the population in M (usually M = 2) subpopulations.

2. Use one subpopulation as reference population. Compute the cluster centres for this reference population.

3. Run two cluster analysis for the other subpopulation: an 'ordinary' k-means analysis and a 'confirmatory' k means analysis with fixed centres. Use the centres of the solution of step 2. 

4. Compute the Rand index, its modification or another index to compare the classifications within each subpupolation analysed in step 3.

The stability of the results after chaning the variables can be tested by adding randomly distributed variables, e.g. standard normal distributed random variables, if standardized variables are analysed. A factorial design that combines all factors may only sometimes be used (see chapter 4).

Instead of testing stability attempts have been made to change the algorithm in order 

· to find a more robust classification, 

· to find a best solution or 

· to compute a partition of partitions.

A more robust classification can be obtained using the following methods:

· Eliminating outliers in a first stage. They may be assigned to clusters in a second stage. 

· Using the city block metric instead of squared Euclidean distances, because the city block metric is less sensitive towards outliers.

· Weighting variables automatically according to their contribution to separate the clusters. By this way, variables with a high proportion of random noise should be eliminated.

These techniques are – for example – implemented in FocalPoint (see chapter 5.10 and 5.11). However, experience with these approaches is too low. Finally, the idea of the third approach is to compute something like an 'average' over a certain number of partitions. 

5.5 Comparing Classifications

The methods described in chapter 4.5 can be applied. The Rand index, its modification or other measures can be used to compare different solutions and to test – for example – the stability. 

5.6 Comparing Cluster Centres

A first approach to the question 'are the centres of two clusters of two different solutions equal?' is to compute a similarity or dissimilarity index. K-means uses (squared) Euclidean distances. This suggests to use the squared Euclidean distance for this purpose, too. The squared Euclidean distance between two centres is:
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The Euclidean distance is 
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The (squared) Euclidean distance is equal to zero, if the centres are identical. Both measures are difficult to interpret, because the upper limit is unknown and depends on the data used. 

Catell's coefficient of profile similarity rp (Catell 1949) represents one approach to normalize the distance between two centres. Cattell's coefficient is defined as:


[image: image12.wmf]p

df

C

k

C

i

r

K

I

p

=

-

-

=

2

2

5

,

0

2

2

5

,

0

)

,

(

c

c

c

c

e

e


with


[image: image13.wmf](

)

2

2

/

2

å

-

+

×

=

j

ik

j

kj

ij

k

i

k

i

s

x

x

n

n

n

n

c

.


[image: image14.wmf]2

5

,

0

c

 is the expected value for the null hypothesis 'the centres are equal'. 
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 is the pooled within error variance for variable j of cluster i and k, ni resp. nk is the number of cases in cluster i resp. in cluster k.

Note: The generalization of Cattel's coefficient - proposed by Huber - was used in the above formula (Lienert and Raatz 1998: 381).

The null hypothesis 'the (squared) Euclidean distance between the centres is equal to zero' can be analysed with the statistic 
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or the statistic T2:
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 has a chi-square distribution with p degree of freedoms. T2 has a F distribution with p and (ni + nj – p – 1) degrees of freedom (Fahrmeir and Hamerle 1984: 73). Both test statistics assume that the variables are uncorrelated within the clusters. If this is not the case, a generalization of T2 can be used (Fahrmeir and Hamerle 1984: 73).

The coefficients and statistics enable you to analyse stability of centres. The procedure is:

1. Recode cluster membership, so that most similar clusters have the same index. After recoding, cluster 1 in solution 1 is most similar to cluster 1 in solution 2 and most similar to cluster 1 in solution 3 etc. Cluster 2 in solution 1 is most similar to cluster 2 in solution 2 and most similar to cluster 2 in solution 3 etc.

2. Compute for each cluster i in solution 1 the statistic 
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 to cluster i in all other solutions j.

3. Sum up these statistic for cluster i. This statistic 
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can be used to test the hypothesis 'cluster i of solution 1 is stable'. The statistic has p(m-1) degrees of freedom. m is the number of the analysed solutions.

4. Sum up the statistics:
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. The statistic can be used to test the hypothesis 'all clusters of solution 1 are stable'. The statistic has kp(m-1) degrees of freedom. p is the number of variables.

The above example assumes – without loss of generality – solution 1 to be the reference solution, whose stability is to be tested. 

SPSS offers neither T2 nor 
[image: image22.wmf]2
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. rp is not available, too. Only the (squared) Euclidean distances can be computed using CLUSTER or PROXIMITIES. The procedure is also not implemented in ALMO and CLUSTAN. It is documented here in order to motivate some reader to implement and test this statistic. 

5.7 Explained Variance 

A good cluster solution should fit well to the data analysed. The explained variance specifies, how good a partition in K clusters explains the variation in the data. The statistic is defined as
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 is the within cluster sum of squares in the case of K clusters. 
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 is the total sum of squares. 
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 is equal to 
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 - the within cluster sum of squares in the case of 1 cluster. The explained variance criteria is well known from the univariate analysis of variance. In contrast to the analysis of variance, k-means minimizes 
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 (resp. maximizes the explained variance). Therefore, the statistical test used in the analysis of variance for the null hypothesis 'the explained variance is equal to zero' cannot be applied for k-means.

Unfortunately, QUICK CLUSTER does not compute 
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. It only computes within and between cluster variances and an F value for each variable. Th F value specifies, which variable separates the cluster best. In the example of chapter 5.2 (4-cluster solution), the sympathy with the CSU separates the cluster best (see table 5-5). This variable has the highest F-value. The sympathy with the CDU is the second best variable, the importance of safety as a political goal is the third best one, followed by the sympathy with the Greens.
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The F tests should be used only for descriptive purposes because the clusters have been chosen to

maximize the differences among cases in different clusters. The observed significance levels are not

corrected for this and thus cannot be interpreted as tests of the hypothesis that the cluster means are

equal.


Table 5-5: Statistics for variables produced by SPSS QUICK CLUSTER

The information SPSS computes for the variables can be used to weight the variables in a next analysis (see chapter 6.2) or to compute 
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MSB(j) is the mean between cluster sum of squares for variable j, MSE(j) is the mean error square of sum for variable j, dfb(j) and dfe(j) are the corresponding degrees of freedom. 

A syntax programme can be written using the following method:

1. Copy the statistics of variables in the output into the clipboard.

2. Open a new syntax window.

3. Paste the statistics into the new window.

4. Write the syntax commands.

5. Run the programme.

The syntax for our example is:

data list free/name (A20) ssb dfb ssw dfw f sig.

begin data

Zscore(PESSI)
28,379
3
,859
581
33,051
,000
 

Zscore(INTER)
42,483
3
,795
606
53,461
,000
 

Zscore(TRUST)
44,937
3
,775
585
58,007
,000
 

Zscore(ALIEN)
48,119
3
,746
557
64,483
,000
 

Zscore(NORMLESS)
19,311
3
,907
592
21,286
,000
 

Zscore(VIOL)
43,203
3
,783
583
55,188
,000
 

Zscore(GREEN)
74,265
3
,615
571
120,743
,000
 

Zscore(SPD)
49,881
3
,740
565
67,366
,000
 

Zscore(CDU)
94,720
3
,507
570
186,923
,000
 

Zscore(CSU)
99,068
3
,477
563
207,502
,000
 

Zscore(SAFE)
77,345
3
,615
595
125,750
,000
 

end data.

execute.

compute ssb=ssb*dfb.

compute ssw=ssw*dfw.

compute sst=ssb+ssw.

fre var=ssb ssw sst/stat=sum.

SSB is the between cluster sum of squares, SSW the within cluster sum of squares and SST the total sum of squares. These statistics are computed for each variable. The total sum of squares over all variables is computed using the STAT subcommand in FREQ. The results are:

Statistics




SSB

SSW

SST

N
valid

11

11

11


missing
0

0

0

Total


1865,13
4535,91
6401,04
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 can be computed by dividing SSB with SST or by 1-SSW/SST. 
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 is equal to 0.291 resp. 29.1%.

Alternatively, ALMO can be used. ALMO produces the following results: 

Cluster-       Streuungsquadratsummen     F-Wert    ETA**2   PRE

zahl        innerhalb         zwischen                           

------------------------------------------------------------------

  4        4535.866         1865.134      84.432     0.291    KW

It is difficult to estimate whether a certain value of
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K

ETA

 is high or low, even if a value is 70% or higher. Threshold values do not exist. Simulation studies are one possibility to obtain threshold values. In our example we used the following method to generate a null model:

1. A data set of 620 cases with 11 variables was generated. All variables have a standard normal distribution.

2. A 4-cluster solution was computed.

3. The experiment was repeated 10 times.

We got the following values of 
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:

0.156, 0.158, 0.155, 0.161, 0.160. 0.156, 0.162, 0.157, 0.158, 0.163.

All values are considerably smaller than the empirical value of 0.291. Therefore, the conclusion can be drawn that 
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K

ETA

 departs 'significantly' from the case without any class structure.

5.8 Comparing Different Solutions

Two solutions were computed in chapter 5.2: a partition with four clusters and a partition with five clusters. This chapter discusses measures that allow you to decide, which partition fits better to the data.

These measures are:

· proportional reduction of errors

· F-Max statistic

· Beale´s F statistic

The explained variance specifies, to which extent a solution with K clusters improves the solution with one cluster. The PRE coefficient generalizes this idea. It compares the K cluster solution with the previous solution using (K-1) clusters. PRE is defined as: 
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The PRE coefficient ignores the fact that more clusters automatically result in a better fit, expressed in a higher explained variance. A solution with K2 > K1 clusters will always have a higher explained variance (except a local minimum was found).

The F-Max statistic corrects this 'defect'. It is defined as:
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F-Max has no F distribution, because 
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is minimized by k-means (see above). 

The following test statistic allows a significance test. It analyses the null hypothesis 'a solution with K1 is not improved by a solution with more clusters' (number of K2 clusters  > K1 clusters). The statistic was proposed by Beale (Kendall 1980: 39- 40, Gordon 1999: 63, Everitt 1981: 65) and is defined as 
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 has an F distribution with pSONDZEICHEN 215 \f "Symbol"(K2-K1) and pSONDZEICHEN 215 \f "Symbol"(n-K2) degrees of freedom, if the following conditions hold: (a) the variables are independent, (b) the variables have equal scale units, and (c) the clusters are spherical. Beale´s F statistic is a conservative test. It provides only convincing results, if the clusters are well separated. 

None of the depicted statistic methods is available in SPSS. Bacher (2001) describes a syntax programme computing ETA, PRE and F-Max. In principle, it is possible to write a syntax programme for the computation of F-Beale, too.

All test statistics are computed in ALMO. The comparison of the solutions with 4 clusters and 5 clusters produces the following results:

Cluster-       Streuungsquadratsummen     F-Wert    ETA**2   PRE

zahl        innerhalb         zwischen                           

------------------------------------------------------------------

  4        4535.866         1865.134      84.432     0.291    KW   

  5        4344.885         2056.115      72.759     0.321   0.042 

Bealsche F-Werte:

(Spalte1..4-Clusterloesung, Spalte2..5-Clusterloesung usw.;

 unteres Dreieck = F-Werte;

 oberes Dreieck  = Signifikanzen der F-Werte)

Spalte 1 Spalte 2 

   0      57.4424

  1.0199    0

The results make us conclude that the solution using 5 clusters does not produce better results than the solution using 4 clusters: F-Max is intended for a maximum of 4 clusters and Beale´s F value is not significant.

5.9 Tests for the number of clusters

The results of the previous chapter do not allow the conclusion that 4 clusters fit best to the data. A solution using 6 clusters can have a significantly better fit to the data, and a solution using 3 or 2 clusters can fit as well as the solution using 4 clusters. In order to test these possibilities, it is useful to calculate the statistics of the previous chapter for different Ks, starting with K=1. K=1 allows to check, whether or not a cluster structure exists. 

A systematic variation of K, starting with K=1, can also be used to determine the number of clusters, if K is unknown. K-means is run L times, starting with k=1, k=2, ..., k=K, ..., k=L.

The 'best' solution(s) can be determined using following rules:

1. Scree test: Select the solution with an elbow knick.

2. (Sharp) decline of ETA or PRE: Select the solution whose successors have remarkably lower ETA (or PRE) values.

3. F-Max: Select the solution with the highest F-Max value.

4. Statistical significance of Beale´s F: Select the solution that improves previous solutions significantly and is not improved by succeeding solutions. 

Applying these rules to our example results in the following:

· Scree test: It is difficult to identify an elbow. Several weak elbow knicks exist, e.g. for K=2 and K=9. (see figure 5-3)

· Decline of ETA or PRE: It is difficult to identify a sharp decline. Declines of PRE can be observed for K=2, K=4 and K=9. (see table 5-6)

· F-Max: Its maximum value occurs for K=2. In this case F-Max allows no decision. (see table 5-6)

· Statistical significance of Beale's F: The solution using 9 clusters fulfils the criteria described above: The 9-cluster solution produces significantly better results than all previous solutions. The next succeeding solution producing significant results uses 18 clusters, if a significance level of at least 90% is used. Better results are calculated by a solution using 24 clusters. The solution using 35 clusters produces better results than all previous solutions provided that there are 35 clusters or more. (see table 5-7)
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Figure 5-3: Scree diagram for ETA**2 (computed by ALMO)

Cluster-       Streuungsquadratsummen     F-Wert    ETA**2   PRE

zahl        innerhalb         zwischen                           

------------------------------------------------------------------

  1        6401.000            0.000       0.000     0.000    KW   

  2        5329.283         1071.717     124.280     0.167   0.167**

  3        4928.960         1472.040      92.134     0.230   0.075 

  4        4535.866         1865.134      84.432     0.291   0.080**

  5        4344.885         2056.115      72.759     0.321   0.042 

  6        4107.631         2293.369      68.562     0.358   0.055 

  7        3979.032         2421.967      62.187     0.378   0.031 

  8        3784.086         2616.914      60.462     0.409   0.049 

  9        3618.672         2782.328      58.723     0.435   0.044**

 10        3515.423         2885.577      55.634     0.451   0.029 

 11        3461.111         2939.889      51.729     0.459   0.015 

 12        3427.248         2973.752      47.959     0.465   0.010 

 13        3413.216         2987.783      44.278     0.467   0.004 

 14        3327.060         3073.939      43.069     0.480   0.025 

 15        3204.881         3196.119      43.096     0.499   0.037 

 16        3211.295         3189.705      39.996     0.498  -0.002 

 17        3131.454         3269.546      39.349     0.511   0.025 

 18        3042.018         3358.982      39.101     0.525   0.029 

 19        3019.259         3381.741      37.397     0.528   0.007 

 20        3072.155         3328.845      34.217     0.520  -0.018 

 21        2987.719         3413.281      34.216     0.533   0.027 

 22        2885.653         3515.347      34.690     0.549   0.034 

 23        2876.031         3524.969      33.259     0.551   0.003 

 24        2771.252         3629.747      33.941     0.567   0.036 

 25        2748.007         3652.993      32.956     0.571   0.008 

 26        2726.277         3674.723      32.026     0.574   0.008 

 27        2703.158         3697.842      31.200     0.578   0.008 

 28        2667.905         3733.095      30.680     0.583   0.013 

 29        2692.754         3708.246      29.067     0.579  -0.009 

 30        2612.716         3788.284      29.499     0.592   0.030 

 31        2612.585         3788.415      28.470     0.592   0.000 

 32        2573.420         3827.580      28.212     0.598   0.015 

 33        2546.247         3854.753      27.771     0.602   0.011 

 34        2516.650         3884.349      27.408     0.607   0.012 

 35        2426.216         3974.784      28.188     0.621   0.036

Table 5-6: Test statistics (computed by ALMO)

Bealsche F-Werte:

(Spalte1..1-Clusterloesung, Spalte2..2-Clusterloesung usw.;

 unteres Dreieck = F-Werte;

 oberes Dreieck  = Signifikanzen der F-Werte)

 Spalte 1  Spalte 2  Spalte 3  Spalte 4  Spalte 5  Spalte 6  Spalte 7  

    0       86.7905   86.0168   93.7764   94.2240   97.4969   97.9340

   1.4771     0       59.0702   82.0187   81.1315   91.0661   91.7038

   1.3270    1.0379     0       89.8127   86.3376   94.7415   94.7944

   1.4037    1.2676    1.5641     0       57.4424   84.4903   84.0545

   1.3573    1.2113    1.3323    1.0199     0       91.7455   89.0352

   1.4085    1.2985    1.4297    1.3030    1.6322     0       62.1914

   1.3884    1.2755    1.3707    1.2437    1.3815    1.0737     0    

   1.4523    1.3644    1.4759    1.4018    1.5674    1.4963    1.9626

   1.5059    1.4343    1.5535    1.5056    1.6713    1.6520    1.9845

   1.5135    1.4432    1.5525    1.5048    1.6430    1.6117    1.8254

   1.4853    1.4074    1.4980    1.4393    1.5428    1.4863    1.6128

   1.4472    1.3606    1.4333    1.3639    1.4392    1.3643    1.4371

   1.3990    1.3028    1.3579    1.2780    1.3288    1.2389    1.2733

   1.4204    1.3294    1.3865    1.3139    1.3671    1.2894    1.3293

   1.4795    1.4001    1.4677    1.4089    1.4743    1.4165    1.4745

   1.4259    1.3370    1.3895    1.3211    1.3682    1.2982    1.3318

   1.4536    1.3698    1.4257    1.3633    1.4139    1.3523    1.3912

   1.4940    1.4168    1.4782    1.4230    1.4794    1.4273    1.4735

   1.4753    1.3952    1.4506    1.3929    1.4423    1.3873    1.4254

   1.3916    1.2992    1.3375    1.2682    1.2994    1.2312    1.2480

   1.4325    1.3464    1.3905    1.3278    1.3649    1.3049    1.3291

   1.4933    1.4156    1.4684    1.4141    1.4599    1.4099    1.4442

   1.4703    1.3895    1.4370    1.3801    1.4204    1.3677    1.3960

   1.5392    1.4672    1.5240    1.4754    1.5247    1.4814    1.5197

   1.5317    1.4585    1.5125    1.4631    1.5094    1.4654    1.5005

   1.5241    1.4498    1.5012    1.4510    1.4946    1.4498    1.4821

   1.5190    1.4439    1.4933    1.4426    1.4841    1.4390    1.4690

   1.5269    1.4525    1.5017    1.4519    1.4931    1.4491    1.4789

   1.4777    1.3979    1.4392    1.3849    1.4186    1.3700    1.3922

   1.5308    1.4565    1.5039    1.4546    1.4939    1.4506    1.4785

   1.5071    1.4303    1.4736    1.4223    1.4576    1.4124    1.4365

   1.5226    1.4472    1.4915    1.4416    1.4778    1.4341    1.4591

   1.5271    1.4521    1.4960    1.4465    1.4823    1.4392    1.4639

   1.5349    1.4604    1.5044    1.4556    1.4914    1.4490    1.4737

   1.6067    1.5387    1.5904    1.5470    1.5895    1.5527    1.5839

Table 5-8: Beale's F-values

Spalte 8  Spalte 9    .....     Spalte17  Spalte18  Spalte19  ....

  99.3668   99.8093               99.9795   99.9935   99.9930

  97.3196   99.2023               99.8437   99.9558   99.9470

  98.7204   99.6933               99.9319   99.9826   99.9782

  95.9312   99.0557               99.6914   99.9282   99.9027

  97.9696   99.6180               99.8355   99.9653   99.9507

  93.6773   98.9086               99.3389   99.8707   99.8042

  97.2313   99.5749               99.5239   99.9166   99.8662

    0       97.2097               96.3196   99.3273   98.8909

   1.9603     0                   81.0760   95.3810   92.8682

   1.7051    1.3978               69.3029   91.9469   87.7336

   1.4394    1.1222               77.9795   95.7141   92.6262

   1.2456    0.9483               91.5195   98.9871   97.8340

   1.0728    0.7900               99.1227   99.9264   99.7978

   1.1635    0.9466               97.1618   99.8044   99.3876

   1.3482    1.1932               38.7294   92.6665   83.7354

   1.1944    1.0301               97.5504   99.8898   99.3646

   1.2708    1.1317                 0       99.4526   95.4254

   1.3696    1.2531                2.4247     0       21.4213

   1.3212    1.2063                1.5597    0.6521     0

   1.1309    1.0025                0.5493    KW        KW

   1.2245    1.1119                1.0434    0.5413    0.4850

   1.3533    1.2573                1.5008    1.2288    1.4394

   1.3040    1.2076                1.3232    1.0622    1.1777

   1.4396    1.3572                1.6834    1.5194    1.7163

   1.4209    1.3396                1.6028    1.4451    1.5982

   1.4031    1.3228                1.5372    1.3863    1.5102

   1.3909    1.3119                1.4934    1.3502    1.4552

   1.4029    1.3265                1.5068    1.3754    1.4738

   1.3127    1.2328                1.3101    1.1698    1.2349

   1.4051    1.3322                1.4903    1.3733    1.4562

   1.3621    1.2883                1.3993    1.2816    1.3493

   1.3870    1.3159                1.4409    1.3319    1.4003

   1.3930    1.3234                1.4462    1.3424    1.4078

   1.4042    1.3363                1.4609    1.3623    1.4259

   1.5202    1.4585                1.6573    1.5734    1.6511

Table 5-7: Beale's F-values (continued)

Spalte23  Spalte24  Spalte25    ....    Spalte35

  99.9975   99.9996   99.9996            100.0000

  99.9781   99.9973   99.9974            100.0000

  99.9908   99.9990   99.9990            100.0000

  99.9556   99.9961   99.9961             99.9999

  99.9769   99.9981   99.9981            100.0000

  99.9029   99.9938   99.9935             99.9999

  99.9313   99.9961   99.9958            100.0000

  99.3977   99.9725   99.9697             99.9998

  95.7764   99.7970   99.7711             99.9987

  92.4989   99.6438   99.5914             99.9981

  95.5995   99.8520   99.8251             99.9992

  98.6682   99.9684   99.9614             99.9998

  99.8447   99.9966   99.9957            100.0000

  99.5190   99.9921   99.9897             99.9999

  90.0581   99.8276   99.7693             99.9993

  99.2936   99.9927   99.9895             99.9999

  95.8704   99.9678   99.9510             99.9998

  64.8639   99.5404   99.3043             99.9986

  80.3896   99.8965   99.8191             99.9995

  99.9816   99.9998   99.9997            100.0000

  99.4300   99.9987   99.9967            100.0000

   2.3870   99.8178   99.4642             99.9990

    0       99.9957   99.9743             99.9998

   3.9971     0       48.4974             99.9804

   2.4929    0.9252     0                 99.9895

   1.9826    0.9127    0.9004             99.9949

   1.7508    0.9394    0.9475             99.9972

   1.7272    1.0951    1.1551             99.9956

   1.2690    0.6661    0.5981             99.9999

   1.6269    1.1670    1.2194             99.9965

   1.4383    1.0108    1.0269             99.9998

   1.5049    1.1300    1.1625             99.9995

   1.5055    1.1649    1.1986             99.9997

   1.5223    1.2108    1.2467             99.9998

   1.8272    1.5603    1.6322               0

Table 5-7: Beale's F-values (continued)

Summarizing the results, 9 clusters and possible 2 clusters are more acceptable than 4 clusters from a statistical point of view. Both solutions can be interpreted substantively. The results of the two cluster solution show the separation into the two groups of alienated and integrated juveniles. The results of the nine cluster solution suggest the following categories:

· politically non interested juveniles (n=58). These juveniles are not interested in politics and distrust political institutions and parties. 

· non conventional activists (n=32). These juveniles have a high political interest. They accept violence and distrust political institutions and parties.

· integrated juveniles (n=89). These juveniles are politically interested, trust political institutions and parties. Weak preferences for the Greens and the SPD exist.

· 'outliers' (n=19): These juveniles refuse safety as a political goal.

· conventional juveniles (n=123): These juveniles are not interested in politics. They neither sympathize with nor refuse political parties and institutions.

· pessimists (n=76): These juveniles feel alienated, distrust political institutions and have a pessimistic view of the future. 

· individualists (n=82): These juveniles correspond to the average with two exceptions: They want to be successful and do not care about the means to reach this goal.
· traditional 'left' (n=46): These juveniles sympathize with SPD and Greens.

· traditional 'conservative' (n=95): These juveniles sympathize with CDU and CSU.

Even if the solutions using 2 and 9 clusters can be substantively interpreted and produce formally better results than the solution using 4 clusters, the 4-cluster solution can be selected for further analysis for the following reasons:

· The fit to data of the two cluster solution (ETA**2 = 17 %) can be interpreted as too poor.

· Nine clusters might be regarded as too much, because the small cluster sizes complicate further analysis.

· The 4-cluster solution can meet other formal criteria better, like stability for example

· The 4-cluster solution can have an higher validity.

5.10 Alternative Software

QUICK CLUSTER has been improved during the last years. In the middle of the 80s SPSS-X, for example, only provided the starting procedure. SPSS Windows 10.8 allows different treatments of missing values, different strategies for updating cluster centres and test statistics for variables. Nonetheless, the situation is unsatisfactory: Test statistics for the clusters are not available. Variables cannot be weighted implicitly. The influence of the order of the cases on the computed configuration is not tested, etc.

ALMO and CLUSTAN eliminate some of these disadvantages (see figure 5-4).


ALMO
CLUSTAN

(K-Means and FocalPoint)

different starting procedures
yes, four procedures
yes, six procedures

different starting procedures available in one analysis
no
yes, but only in FocalPoint

different distance measures
no
yes, four different distance measures

definition and elimination of outliers
no, but outliers are reported
yes

definition and elimination of intermediates
no, but intermediates are reported
yes 

transformation of variables
yes, standardization
yes, standardization and transformation to [0,1]

explicit weighting of variables
yes
yes

implicit or automatic weighting of variables
yes
yes, but only in FocalPoint

different optimization criteria
yes,

generalized variance criteria
yes,

exact re-assignment test

two stage procedure
not implemented
yes (FocalPoint)

computation of exemplars
yes
yes, may be used in iteration in FocalPoint

statistics for describing clusters
yes, ETA2
no

statistics for comparing clusters
yes, ETA2, F-Max and Beale´s F value
no

statistics for comparing classifications
not yet integrated
no

computation of statistics for variables
yes
yes, but only in FocalPoint

test of reproducibility
no
yes, but only in FocalPoint

Figure 5-4: Comparison of ALMO and CLUSTAN

CLUSTAN provides two procedures: K-means and a modification of k-means, called FocalPoint (Wishart 2000). Both methods allow six different starting procedures: 

1. Random clusters: The cases are randomly assigned to K clusters (see chapter 5.3) .

2. Seed points: Starting values are specified by the user (see chapter 5.3).

3. Tree partition: Starting values are computed using a hierarchical method (see chapter 5.3).

4. Dense cliques: The largest K cliques are selected as starting values. 'Cliques are tight, densely populated clusters of cases, which are all very similar within each cluster.' (Wishart 2000: 21)

5. Cluster exemplars: The most typical case of each cluster – obtained from a tree – will be used.

6. Contingency tables: The user specifies an initial classification.

Applying k-means, the user of CLUSTAN can define only one of the six starting procedures in one analysis. The procedures can be combined in FocalPoint (for more details see next chapter). In addition, for each starting procedure a certain number of calculations using random numbers can be specified in FocalPoint. This enables you to test reproducibility.

K-means in CLUSTAN allows four different distance measures:

1. Euclidean Sum of Squares

2. Euclidean distances

3. City Block

4. Pearson distance

K-means and FocaPoint use an exact re-allocation criteria (called 'exact assignment test', Wishart 2001). A case i from cluster p is assigned to a new cluster q, if:
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Variables and cases can be weighted. In addition, it is possible to eliminate outliers and intermediates. Outliers are cases with a distance to the nearest cluster larger than a treshold defined by the user. (In FocalPoint a certain percentage can be defined, too). Intermediates are cases that are close to two clusters. If the relation
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a case is defined as intermediate. 
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 is the distance of case i to the closest centre, 
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 is the distance of case i to the second closest centre. If the relation is larger than a certain percentage, e.g. 90%, case i is defined as an intermediate. Outliers and intermediates can be eliminated in k-means.

Exemplars are computed to describe the clusters. The exemplar of a cluster is the most typical case of a cluster. In K-Means and FocalPoint exemplars are the cases with the smallest distance to their centres.

Appendix A5-1 reports the results of CLUSTAN applying k-means. The specifications were: Compute a random starting partition and use Euclidean Sum of Squares. Outliers and intermediates were not defined. All cases were included in the analysis.

ALMO provides fewer distance measures than CLUSTAN. It does not allow the elimination of outliers or intermediates during one analysis. An exact relocation test is not implemented. The advantages of ALMO are:

· More test statistics are integrated.

· It is possible to compute different solutions and to compare them.

· SPSS results can be reproduced and test statistics can be added.

The output of ALMO has already been used in the previous sections. 

In order to compare CLUSTAN, ALMO and SPSS we run ALMO and SPSS using the results of CLUSTAN. The results are reported in appendix A5-2 and A5-3. The results of the programmes differ in some aspects.

Identical results were obtained for:

· Cluster centres.

· The distances between clusters. CLUSTAN returns mean squared Euclidean distances. They must be multiplied by the number of variables to obtain the ALMO distances.

· The nearest distance of a case to a cluster (You must use the specification OPTION9=3;). The distances must be transformed in the following way:
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Note: SPSS ignores missing values. Ceteris paribus, a case with more missing values always has a smaller distance. This may result in wrong conclusions.

5.11 New Developments

Different modifications of the K-mean method have been proposed. Only some of them can be mentioned. 

· Modification of the assignment rule of cases: K-means assigns cases deterministically to one cluster. Fuzzy clustering techniques and probabilistic clustering techniques weaken this assumption and allow a case to belong to more than one cluster. Probabilistic clustering techniques will be described in chapter 7. Fuzzy techniques are described in Gordon (1999: 111-114), Jain and Dubes (1988: 132-133) or  Kaufman and Rousseeuw (1990: 171). The motivation: Data are usually fuzzy. Therefore, a fuzzy clustering model or a probabilistic clustering technique is more realistic and produces 'better' results.

· Computation of a secondary partition or consensus partition from a set of partitions: Different specifications can produce different results. (Example: The results returned by CLUSTAN using the 4-cluster solution with a random starting partition differs from the results returned by SPSS using the 4-cluster solution). Consensus techniques can be used to get a less sensitive partition. They compute some kind of 'average' or 'median' over a set of first partitions. Consensus methods are discussed in Gordon (1999: 142-146)
· Measures for influencing the classification of cases and variables: Different statistics and strategies to identify cases or variables, which influence results, have been proposed. An example describing such a measure can be found in Cheng and Milligan (1996).

· Two stage procedures: These techniques have been developed for data mining. They are designed for large data sets. Variables, cases and the number of clusters are to be selected automatically by the computer programme. SPSS provides a two stage procedure in CLEMENTINE (SPSS Inc. 2000) for data mining. In the first step cases are reduced to a manageable number by k-means. The clusters should be compact. Therefore, the number of clusters is higher than in usual k-means analysis. The number may be 200, 300 or higher. A new data matrix is computed containing only the centres. This data matrix is used in the second step (stage). Cases are clustered by hierarchical cluster analysis .

FocalPoint (Wishart 2000) also is a two stage procedure. It allows the elimination of outliers and intermediates in the first stage. In the second stage the eliminated cases are included. The variables may be re-weighted according to the performance in the first step. However, there is one serious disadvantage in FocalPoint: missing variables cannot be handled. Appendix A5-4 shows the output of FocalPoint. Cases with missing values were eliminated for analysis. This reduces the number of cases to 436. The cluster levels were set to 2 - 15. For each level 10 partitions were computed using random starting values. The percentage of outliers was set to 0 %. All intermediates were included. The best solution was determined using 15 clusters. The criterion (Error Sum of Squares) is very low. 
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Appendix A5-1: CLUSTAN Output

k-Means Cluster Results

Cluster Model Summary

Cluster
Size
Distance
  ESS

  1
 220
 0,188
 129,143

  2
 175
 0,216
 107,918

  3
 146
 0,408
 105,947

  4
 79
 0,547
 89,060

Outliers
 0

Model
 620
0,000
 432,067

Cluster Centres

Cluster










1
-0,388
0,107
0,538
-0,512
-0,329
-0,400
0,807
0,626


0,073
0,045
0,187

2
-0,086
0,313
0,179
-0,277
0,196
0,168
-0,627
-0,118


0,905
0,907
0,225

3
0,499
-0,827
-0,731
0,799
-0,083
-0,149
-0,583
-0,803


-0,790
-0,804
0,318

4
0,328
0,512
-0,586
0,449
0,614
1,013
0,184
-0,028


-0,799
-0,701
-1,591

Model
0,000
0,000
0,000
0,000
0,000
0,000
0,000
0,000


0,000
0,000
0,000

Exemplars for 4 clusters 

Cluster
Distance

Exemplar

   1
0,060

263

   2
0,070

249

   3
0,143

125

   4
0,055

67

Distances between clusters

Cluster
1
2
3
4


1
0,000
0,451
0,961
1,004


2
0,451
0,000
0,917
1,061


3
0,961
0,917
0,000
0,786


4
1,004
1,061
0,786
0,000


t-tests on variables

Cluster










1
-0,388
0,107
0,538
-0,512
-0,329
-0,400
0,807
0,626


0,073
0,045
0,187

2
-0,086
0,313
0,179
-0,277
0,196
0,168
-0,627
-0,118


0,905
0,907
0,225

3
0,499
-0,827
-0,731
0,799
-0,083
-0,149
-0,583
-0,803


-0,790
-0,804
0,318

4
0,328
0,512
-0,586
0,449
0,614
1,013
0,184
-0,028


-0,799
-0,701
-1,591

k-Means Case Results for Euclidean Sum of Squares

Case
Cluster
Nearest


1
2
0,315

2
2
0,416

3
1
0,451

4
2
0,401

5
1
1,224

6
3
0,430

7
2
0,284

8
1
0,714

9
1
0,307

Appendix A5-2: ALMO Output

Ergebisse aus ALMO

------------------

Modellspezifikation:

Verfahren                    Minimaldistanzverfahren fuer

                             Varianzkriterium

Startwerte                   ueber Tabelle eingegeben

Cluster                      von 4 bis 4

Gewichtung der Distanzen     keine

KEIN_WERT-Schwelle           0.99 

Alpha_Niveau                 0.05 

Mindestfallzahl                5 

------------------------------------------------------------------------

Fuer Analyse ausgewaehlte Variable:

Klassifikationsvariablen:

V12    ZPESSI                         quantitativ 

V13    ZINTER                         quantitativ 

V14    ZTRUST                         quantitativ 

V15    ZALIEN                         quantitativ 

V16    ZNORMLES                       quantitativ 

V17    ZVIOL                          quantitativ 

V18    ZGREEN                         quantitativ 

V19    ZSPD                           quantitativ 

V20    ZCDU                           quantitativ 

V21    ZCSU                           quantitativ 

V22    ZSAFE                          quantitativ 

Deskriptionsvariablen:

Klassifikationsvariablen nach Dummy-Aufloesung =   11

Deskriptionsvariablen nach Dummy-Aufloesung    =    0

Gewichte der Variablen in der Analyse:

V12    ZPESSI                          Gewicht=    1.00

V13    ZINTER                          Gewicht=    1.00

V14    ZTRUST                          Gewicht=    1.00

V15    ZALIEN                          Gewicht=    1.00

V16    ZNORMLES                        Gewicht=    1.00

V17    ZVIOL                           Gewicht=    1.00

V18    ZGREEN                          Gewicht=    1.00

V19    ZSPD                            Gewicht=    1.00

V20    ZCDU                            Gewicht=    1.00

V21    ZCSU                            Gewicht=    1.00

V22    ZSAFE                           Gewicht=    1.00

------------------------------------------------------------------------

lineare Restriktionen = nein

------------------------------------------------------------------------

Es wurden 620 Datensaetze eingelesen,

davon werden 620 Datensaetze analysiert.

------------------------------------------------------------------------

Masszahlen fuer Klassifikationsvariablen

Variable      n=        MA       SA   z-Wert   Name                  

---------------------------------------------------------------------

  V12        585      0.00     1.00     0.00   ZPESSI      

  V13        610      0.00     1.00     0.00   ZINTER      

  V14        589      0.00     1.00     0.00   ZTRUST      

  V15        561      0.00     1.00     0.00   ZALIEN      

  V16        596      0.00     1.00     0.00   ZNORMLES    

  V17        587      0.00     1.00     0.00   ZVIOL       

  V18        575      0.00     1.00     0.00   ZGREEN      

  V19        569      0.00     1.00     0.00   ZSPD        

  V20        574      0.00     1.00     0.00   ZCDU        

  V21        567      0.00     1.00     0.00   ZCSU        

  V22        599      0.00     1.00     0.00   ZSAFE       

Gesamtstreuungsquadratsumme =   6401.000 

Gesamtfallzahl              =       6412 

Freiheitsgrade              =       6401 

========================================================================

H-0-Kriterium (1-Clustermodell) = 6805.13

Fallzahl = 620

Ergebnisse der Iteration

Cluster-  Itera-   Kriterium   prozentuelle  

zahl      tionen               Verbesserung  

                               gegenueber H-0

---------------------------------------------

  4        3        4788.404       29.635   

Bei Modellen 1 bis 6: Kriterium = Wert des Varianzkriteriums

Bei Modell 7:       : Kriterium = Wert der Log-Likelihood-Funktion  

Bei Modell 8:       : Kriterium = Ueberlapp. + Nichtklass.

Cluster-       Streuungsquadratsummen     F-Wert    ETA**2   PRE

zahl        innerhalb         zwischen                           

------------------------------------------------------------------

  4        4527.399         1873.601      84.974     0.293    KW   

Beachte: Die Interpretation dieser Testgroessen ist fuer

die Modelle 3 bis 6 nur sinnvoll, wenn gleiche Skalen-

einheiten der Variablen vorliegen. Dies gilt auch fuer

die Bealschen F-Werte. Setze OPTION35=1;

========================================================================

Die 4-Clusterloesung wird weiter untersucht

========================================================================

Clustergroessen:

   C1           220  (  35.484 %) 

   C2           175  (  28.226 %) 

   C3           146  (  23.548 %) 

   C4            79  (  12.742 %) 

 KW-Faelle (ungewichtet)=       0

========================================================================

Zellenmittelwerte der Klassifikationsvariablen

(Mittelwerte bei quantitativen / ordinalen Variablen)

(Anteilswerte bei nominalen Variablen)

------------------------------------------------------------------------

Variable     C1       C2       C3       C4     

------------------------------------------------------------------------

  V12     -0.39    -0.09     0.50     0.33                                   

  V13      0.11     0.31    -0.83     0.51                                   

  V14      0.54     0.18    -0.73    -0.59                                   

  V15     -0.51    -0.28     0.80     0.45                                   

  V16     -0.33     0.20    -0.08     0.61                                   

  V17     -0.40     0.17    -0.15     1.01                                   

  V18      0.81    -0.63    -0.58     0.18                                   

  V19      0.63    -0.12    -0.80    -0.03                                   

  V20      0.07     0.91    -0.79    -0.80                                   

  V21      0.04     0.91    -0.80    -0.70                                   

  V22      0.19     0.22     0.32    -1.59                                   

------------------------------------------------------------------------

Standardabweichungen:

------------------------------------------------------------------------

Variable     C1       C2       C3       C4     

------------------------------------------------------------------------

  V12      0.86     0.96     0.94     1.04                                   

  V13      0.85     0.80     0.86     1.14                                   

  V14      0.77     0.80     0.90     1.03                                   

  V15      0.88     0.90     0.65     0.90                                   

  V16      0.92     0.92     1.01     0.95                                   

  V17      0.80     0.95     0.95     0.89                                   

  V18      0.67     0.65     0.79     1.06                                   

  V19      0.55     0.93     0.93     1.08                                   

  V20      0.72     0.48     0.87     0.93                                   

  V21      0.74     0.46     0.89     0.94                                   

  V22      0.62     0.57     0.49     1.62                                   

------------------------------------------------------------------------

Besetzungszahlen:

------------------------------------------------------------------------

Variable     C1       C2       C3       C4     

------------------------------------------------------------------------

  V12      203      169      137       76                                    

  V13      220      173      141       76                                    

  V14      210      168      134       77                                    

  V15      190      161      136       74                                    

  V16      209      169      141       77                                    

  V17      206      164      142       75                                    

  V18      206      160      136       73                                    

  V19      205      159      134       71                                    

  V20      206      163      134       71                                    

  V21      200      163      133       71                                    

  V22      211      170      141       77                                    

------------------------------------------------------------------------

Z-Werte:

------------------------------------------------------------------------

Variable     C1       C2       C3       C4     

------------------------------------------------------------------------

  V12     -6.40    -1.15     6.18     2.74                                   

  V13      1.87     5.12   -11.34     3.88                                   

  V14     10.10     2.88    -9.32    -4.98                                   

  V15     -8.01    -3.88    14.24     4.27                                   

  V16     -5.13     2.76    -0.97     5.66                                   

  V17     -7.12     2.26    -1.86     9.82                                   

  V18     17.13   -12.18    -8.54     1.48                                   

  V19     16.22    -1.59    -9.97    -0.22                                   

  V20      1.44    24.04   -10.42    -7.17                                   

  V21      0.85    25.04   -10.43    -6.23                                   

  V22      4.39     5.11     7.66    -8.55                                   

------------------------------------------------------------------------

Signifikanz der z-Werte:

------------------------------------------------------------------------

Variable     C1       C2       C3       C4     

------------------------------------------------------------------------

  V12    100.00    75.01   100.00    99.23                                   

  V13     93.80   100.00   100.00    99.98                                   

  V14    100.00    99.55   100.00   100.00                                   

  V15    100.00    99.99   100.00   100.00                                   

  V16    100.00    99.35    66.82   100.00                                   

  V17    100.00    97.52    93.46   100.00                                   

  V18    100.00   100.00   100.00    85.54                                   

  V19    100.00    88.61   100.00    17.11                                   

  V20     85.00   100.00   100.00   100.00                                   

  V21     60.37   100.00   100.00   100.00                                   

  V22    100.00   100.00   100.00   100.00                                   

Statistiken der Cluster:

Cluster   n=     Streuung   Homogenitaet   

                innerhalb      innerhalb   

-------------------------------------------

   C1     220         0.593     0.407    

   C2     175         0.622     0.378    

   C3     146         0.735     0.265    

   C4     79          1.151    -0.151    

Entfernungen der Clusterzentren bzw. Repraesentanten zueinander:

quadrierte (gewichtete) euklidische Distanzen

bei Rep.verfahren gewaehltes Distanzmass

Spalte 1 Spalte 2 Spalte 3 Spalte 4 

   0       4.9627  10.5662  11.0432

  4.9627    0      10.0861  11.6662

 10.5662  10.0861    0       8.6464

 11.0432  11.6662   8.6464    0    

Paarweise Clusterdifferenzen fuer Cluster=1   (n= 220)

Klassifikationsvariablen:

------------------------------------------------------------------------

Variable     C2       C3       C4     

------------------------------------------------------------------------

  V12         <        <        <                                            

  V13         =        >        <                                            

  V14         >        >        >                                            

  V15         =        <        <                                            

  V16         <        =        <                                            

  V17         <        <        <                                            

  V18         >        >        >                                            

  V19         >        >        >                                            

  V20         <        >        >                                            

  V21         <        >        >                                            

  V22         =        =        >                                            

Paarweise Clusterdifferenzen fuer Cluster=2   (n= 175)

not reported

========================================================================

Gesamtstatistiken fuer Klassifikationsvariablen:

            F-Wert  Signifikanz   ETA**2       

                    (1-p)*100              Name

-------------------------------------------------------

  V12      28.112    100.000      0.127    

  V13      58.001    100.000      0.223    

  V14      75.520    100.000      0.279    

  V15      76.834    100.000      0.293    

  V16      21.771    100.000      0.099    

  V17      48.842    100.000      0.201    

  V18     142.463    100.000      0.428    

  V19      79.796    100.000      0.298    

  V20     161.992    100.000      0.460    

  V21     154.049    100.000      0.451    

  V22     119.827    100.000      0.377    

Variablengruppen innerhalb der Cluster:

Beziehung der Variablen im Cluster   1

=====================================

Verschmelzungsprotokoll:

 Schritt   1  alpha=  0.882  V12=

                           + V17=

 Schritt   2  alpha=  0.696  V20=

                           + V21=

 Schritt   3  alpha=  0.533  V13=

                           + V20=

 Schritt   4  alpha=  0.452  V12=

                           + V16=

 Schritt   5  alpha=  0.181  V14=

                           + V19=

 Schritt   6  alpha=  0.139  V13=

                           + V22=

 Schritt   7  alpha=  0.089  V12=

                           + V15=

 Schritt   8  alpha=  0.001  V14=

                           + V18=

Variablengruppen bei einem Fehlerniveau von alpha=  0.050

(Alpha-Niveau nach Bonferroni-Korrektur = 0.000227273)

Variablengruppe   1 

         V12=

         V15=

         V16=

         V17=

   (Mittelwert=   -0.43; Varianz=    0.78)

Variablengruppe   2 

         V13=

         V20=

         V21=

         V22=

   (Mittelwert=    0.14; Varianz=    0.51)

Variablengruppe   3 

         V14=

         V18=

         V19=

   (Mittelwert=    0.69; Varianz=    0.47)

========================================================================

gepoolte Korrelationsmatrix W:

not reported

------------------------------------------------------------------------

Analyse der Klassifikationsobjekte:

===================================

durchschnittl. Distanzen fuer H-0-Modell = 10.976

Cluster   C1   

stand.Distanz  Faelle (in   %) 

      < 0.25        1 (  0.45 %)

0.25  < 0.50       25 ( 11.36 %)

0.50  < 1.00      174 ( 79.09 %)

1.00  < 1.25       17 (  7.73 %)

     >= 1.25        3 (  1.36 %)

etc.

Cluster    Repraesentanten     Ausreisser      Ueberlappungen

-------------------------------------------------------------

  C1          1 (  0.455%)      3 (  1.364%)     75 ( 34.091%)

  C2          0 (  0.000%)      1 (  0.571%)     65 ( 37.143%)

  C3          0 (  0.000%)      2 (  1.370%)     47 ( 32.192%)

  C4          1 (  1.266%)     16 ( 20.253%)     19 ( 24.051%)

Objekt   Charakeristik

----------------------------------------------------------------

      3    liegt im Ueberlappungsb. von C1  und C3

      4    liegt im Ueberlappungsb. von C2  und C1

      7    liegt im Ueberlappungsb. von C2  und C1

     11    Ausreisser in Cluster        C1

     12    liegt im Ueberlappungsb. von C3  und C1  und C2

     13    liegt im Ueberlappungsb. von C3  und C2  und C4

     25    liegt im Ueberlappungsb. von C1  und C2

     27    liegt im Ueberlappungsb. von C1  und C2

     28    liegt im Ueberlappungsb. von C1  und C2  und C3

     30    liegt im Ueberlappungsb. von C4  und C3

     31    liegt im Ueberlappungsb. von C2  und C1

etc.

Clusterzugehoerigkeit der Objekte(Datensaetze):  

( -1 = wegen Kein_Wert eliminiert)      

 Objekt   Clustererzu-   quadrierte Distanz    standardisierte.

          gehoerigkeit   zum Clusterzentrum    mittlere Entfern.

----------------------------------------------------------------

      1           2              3.44            0.56 

      2           2              4.55            0.64 

      3           1              4.94            0.67 

      4           2              4.38            0.63 

      5           1             13.39            1.10 

      6           3              4.70            0.65 

      7           2              3.10            0.53 

      8           1              7.82            0.84 

      9           1              3.36            0.55 

     10           1              3.68            0.58

etc.

Appendix A5-3: SPSS Specification and Output

SPSS Specification

quick cluster

   zpessi zinter ztrust zalien znormles zviol zgreen zspd zcdu zcsu zsafe 

  /missing=pairwise

  /criteria=cluster(4) mxiter(200)

  /method=classify

  /print initial distance anova cluster distance

   /file = 'c:\texte\koeln\spss\clustan.sav'.

SPSS Output (German version - Sorry!)

Anfängliche Clusterzentren

 

 | ---------------- | -------------------------------------- | 

 |                  | Cluster                                | 

 |                  | ------- | ------- | ------- | -------- | 

 |                  | 1       | 2       | 3       | 4        | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(PESSI)    | -,38800 | -,08600 | ,49900  | ,32800   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(INTER)    | ,10700  | ,31300  | -,82700 | ,51200   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(TRUST)    | ,53800  | ,17900  | -,73100 | -,58600  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(ALIEN)    | -,51200 | -,27700 | ,79900  | ,44900   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(NORMLESS) | -,32900 | ,19600  | -,08300 | ,61400   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(VIOL)     | -,40000 | ,16800  | -,14900 | 1,01300  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(GREEN)    | ,80700  | -,62700 | -,58300 | ,18400   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(SPD)      | ,62600  | -,11800 | -,80300 | -,02800  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(CDU)      | ,07300  | ,90500  | -,79000 | -,79900  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(CSU)      | ,04500  | ,90700  | -,80400 | -,70100  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(SAFE)     | ,18700  | ,22500  | ,31800  | -1,59100 | 

 | ---------------- | ------- | ------- | ------- | -------- | 

¢

Aus Unterbefehl FILE eingeben 

Cluster-Zugehörigkeit

 

 | ---------- | ------- | ------- | 

 | Fallnummer | Cluster | Distanz | 

 | ---------- | ------- | ------- | 

 | 1          | 2       | 1,769   | 

 | ---------- | ------- | ------- | 

 | 2          | 2       | 2,133   | 

 | ---------- | ------- | ------- | 

 | 3          | 1       | 2,120   | 

 | ---------- | ------- | ------- | 

 | 4          | 2       | 2,094   | 

 | ---------- | ------- | ------- | 

 | 5          | 1       | 3,659   | 

 | ---------- | ------- | ------- | 

 | 6          | 3       | 1,728   | 

 | ---------- | ------- | ------- | 

 | 7          | 2       | 1,761   | 

 | ---------- | ------- | ------- | 

 | 8          | 1       | 2,666   | 

 | ---------- | ------- | ------- | 

 | 9          | 1       | 1,834   | 

 | ---------- | ------- | ------- | 

 | etc.

Clusterzentren der endgültigen Lösung

 

 | ---------------- | -------------------------------------- | 

 |                  | Cluster                                | 

 |                  | ------- | ------- | ------- | -------- | 

 |                  | 1       | 2       | 3       | 4        | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(PESSI)    | -,38795 | -,08564 | ,49870  | ,32771   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(INTER)    | ,10714  | ,31313  | -,82715 | ,51167   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(TRUST)    | ,53767  | ,17949  | -,73090 | -,58603  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(ALIEN)    | -,51208 | -,27704 | ,79881  | ,44947   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(NORMLESS) | -,32866 | ,19621  | -,08348 | ,61430   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(VIOL)     | -,40015 | ,16817  | -,14867 | 1,01283  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(GREEN)    | ,80684  | -,62694 | -,58321 | ,18379   | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(SPD)      | ,62611  | -,11788 | -,80303 | -,02822  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(CDU)      | ,07293  | ,90542  | -,79002 | -,79920  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(CSU)      | ,04451  | ,90654  | -,80370 | -,70107  | 

 | ---------------- | ------- | ------- | ------- | -------- | 

 | Z-Wert(SAFE)     | ,18681  | ,22488  | ,31830  | -1,59127 | 

 | ---------------- | ------- | ------- | ------- | -------- | 

¢

Distanz zwischen Clusterzentren der endgültigen Lösung

 

 | ------- | ----- | ----- | ----- | ----- | 

 | Cluster | 1     | 2     | 3     | 4     | 

 | ------- | ----- | ----- | ----- | ----- | 

 | 1       |       | 2,228 | 3,251 | 3,323 | 

 | ------- | ----- | ----- | ----- | ----- | 

 | 2       | 2,228 |       | 3,176 | 3,416 | 

 | ------- | ----- | ----- | ----- | ----- | 

 | 3       | 3,251 | 3,176 |       | 2,940 | 

 | ------- | ----- | ----- | ----- | ----- | 

 | 4       | 3,323 | 3,416 | 2,940 |       | 

 | ------- | ----- | ----- | ----- | ----- | 

¢

ANOVA

 

 | ---------------- | ------------------------ | ------------------------- | ------- | ---- | 

 |                  | Cluster                  | Fehler                    | F       | Sig. | 

 |                  | ------------------- | -- | ------------------- | --- |         |      | 

 |                  | Mittel der Quadrate | df | Mittel der Quadrate | df  |         |      | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(PESSI)    | 24,675              | 3  | ,878                | 581 | 28,112  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(INTER)    | 45,285              | 3  | ,781                | 606 | 58,001  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(TRUST)    | 54,716              | 3  | ,725                | 585 | 75,520  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(ALIEN)    | 54,637              | 3  | ,711                | 557 | 76,834  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(NORMLESS) | 19,707              | 3  | ,905                | 592 | 21,771  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(VIOL)     | 39,233              | 3  | ,803                | 583 | 48,842  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(GREEN)    | 81,906              | 3  | ,575                | 571 | 142,463 | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(SPD)      | 56,346              | 3  | ,706                | 565 | 79,796  | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(CDU)      | 87,901              | 3  | ,543                | 570 | 161,992 | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(CSU)      | 85,053              | 3  | ,552                | 563 | 154,049 | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

 | Z-Wert(SAFE)     | 75,074              | 3  | ,627                | 595 | 119,827 | ,000 | 

 | ---------------- | ------------------- | -- | ------------------- | --- | ------- | ---- | 

¢

Die F-Tests sollten nur für beschreibende Zwecke verwendet werden, da die Cluster so gewählt wurden, daß die Differenzen zwischen Fällen in unterschiedlichen Clustern maximiert werden. Dabei werden die beobachteten Signifikanzniveaus nicht korrigiert und können daher nicht als Tests für die Hypothese der Gleichheit der Clustermittelwerte interpretiert werden. 

Anzahl der Fälle in jedem Cluster

 

 | ------- | - | ------- | 

 | Cluster | 1 | 220,000 | 

 |         | - | ------- | 

 |         | 2 | 175,000 | 

 |         | - | ------- | 

 |         | 3 | 146,000 | 

 |         | - | ------- | 

 |         | 4 | 79,000  | 

 | ------- | - | ------- | 

 | Gültig      | 620,000 | 

 | ----------- | ------- | 

 | Fehlend     | ,000    | 

 | --------- | ------- | 

¢

Appendix A5-4: FocalPoint Output

Computed Solutions.

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 8 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 6 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 9 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 8 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 9 [First Stage]

Criterion = 363,2165 Number of clusters = 2 Total moves = 208 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 332,4150 Number of clusters = 3 Total moves = 279 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 332,2396 Number of clusters = 3 Total moves = 284 Cases classified = 436 Iterations = 7 [First Stage]

Criterion = 332,2395 Number of clusters = 3 Total moves = 284 Cases classified = 436 Iterations = 14 [First Stage]

Criterion = 332,2396 Number of clusters = 3 Total moves = 284 Cases classified = 436 Iterations = 11 [First Stage]

Criterion = 332,5432 Number of clusters = 3 Total moves = 282 Cases classified = 436 Iterations = 7 [First Stage]

etc.

Criterion = 208,4905 Number of clusters = 15 Total moves = 388 Cases classified = 436 Iterations = 11 [First Stage]

Criterion = 207,8950 Number of clusters = 15 Total moves = 392 Cases classified = 436 Iterations = 9 [First Stage]

Criterion = 209,3486 Number of clusters = 15 Total moves = 390 Cases classified = 436 Iterations = 9 [First Stage]

Criterion = 208,9965 Number of clusters = 15 Total moves = 389 Cases classified = 436 Iterations = 11 [First Stage]

Criterion = 209,7964 Number of clusters = 15 Total moves = 395 Cases classified = 436 Iterations = 11 [First Stage]

Criterion = 211,7050 Number of clusters = 15 Total moves = 398 Cases classified = 436 Iterations = 11 [First Stage]

Criterion = 211,6531 Number of clusters = 15 Total moves = 395 Cases classified = 436 Iterations = 14 [First Stage]

Top Solution

Criterion = 207,89497375 Sum of distances = 207,89497375

New Weights

Variable
First Wt.
Second Wt.


0,7806
0,0000


1,0318
0,0000


0,7503
0,0000


0,8651
0,0000


0,7574
0,0000


0,8716
0,0000


0,9679
0,0000


1,0470
0,0000


1,4586
0,0000


1,4503
0,0000


1,0195
0,0000

Means after revising weights

Cluster 1
-1,0702
0,7619
0,7929
-0,3145
0,8607
0,8759
-0,8120
-0,3716
0,8235
0,7574
-0,3905

Cluster 2
0,4678
1,5830
-0,8460
0,5703
0,6600
0,7568
-0,3805
-0,6714
-1,3220
-1,1534
-0,5857

Cluster 3
-0,1975
-0,6511
-0,2215
0,1474
-0,9589


-0,5494
-0,2202
-0,2435
-0,2253
-0,2624
0,2794

Cluster 4
-0,5277
0,6610
0,5971
-0,4218
-0,3193


-0,2411
1,1422
1,0694
-1,3710
-1,5292
-0,0677

Cluster 5
-0,1180
-0,3559
0,5986
-0,0292
0,8141


-0,4494
0,3949
0,7069
0,7015
0,7226
0,2719

Cluster 6
-1,6822
0,1101
0,5132
-1,0704
-0,6504


-0,2387
-0,2095
0,3160
0,5339
0,6161
-0,0055

Cluster 7
0,0707
0,2996
-0,1309
-0,3098
0,0275


1,0550
0,0799
0,5097
0,2755
0,3729
0,0200

Cluster 8
0,5903
-0,8166
-1,3052
0,9392
0,2505


-0,2471
0,7281
0,1492
-0,0829
-0,1474
-0,3742

Cluster 9
0,5028
-1,2469
-0,6624
0,9089
-0,1651


-0,2052
-1,0430
-1,4345
-1,6911
-1,6538
0,2242

Cluster 10
-0,6177
1,0865
0,8683
-1,6434
-0,4168


-0,5399
1,0353
0,8056
0,4311
0,2782
0,2151

Cluster 11
0,7765
-0,8768
0,0056
0,9294
0,9523


1,3462
0,0421
0,1380
-0,6509
-0,8227
0,1066

Cluster 12
0,2780
0,1850
0,2850
0,2116
-1,0035


-0,7864
0,9102
0,6350
0,3458
0,3088
0,3686

Cluster 13
0,2227
0,6126
0,0056
-0,2070
-0,0570


0,2511
0,4209
0,0932
-0,2483
-0,2037
-4,4925

Cluster 14
0,0686
0,7059
0,0601
-0,6016
-0,3592


-0,7072
-0,7545
-0,6358
1,0401
0,9979
0,3209

Cluster 15
0,6148
-0,2208
-1,0787
0,6311
0,2839


0,4975
-1,0537
-1,3470
0,5656
0,5955
0,1758

Cluster Membership:

Cluster 1: 35 63 65 79 96 104 109 163 207 217 224 240 261 273 290 295 302 306 307 310 376 393 395 396 427 428 

Cluster 2: 21 66 70 105 114 117 136 172 200 246 259 277 281 283 298 314 319 327 387 397 420 424 434 436 

Cluster 3: 6 23 43 45 55 74 84 85 107 118 145 151 155 158 182 201 203 216 221 223 239 255 265 326 345 352 354 356 359 361 363 403 415 416 430 

Cluster 4: 7 11 15 48 50 53 54 56 61 77 91 157 193 195 235 236 237 245 264 269 289 311 321 357 362 369 385 423 

Cluster 5: 2 22 33 37 46 87 108 119 120 128 130 131 139 143 148 170 189 191 205 206 222 253 254 272 274 293 342 346 350 351 371 381 392 400 426 431 433 

Cluster 6: 20 29 64 112 153 165 168 177 178 186 198 214 242 250 252 275 296 299 313 328 329 334 341 344 372 390 408 413 414 419 

Cluster 7: 1 4 12 28 32 34 60 71 99 102 106 133 162 167 192 210 212 219 230 256 266 270 276 286 292 294 300 304 308 316 320 322 323 330 335 336 343 353 360 365 388 389 391 394 410 417 435 

Cluster 8: 16 18 31 39 58 62 78 103 122 129 164 220 251 280 285 301 349 374 379 383 406 411 425 429 

Cluster 9: 24 38 49 51 81 95 116 140 160 174 188 190 197 234 247 249 282 288 312 340 373 377 380 384 398 399 401 402 404 421 

Cluster 10: 3 26 30 52 57 82 93 150 171 180 196 218 225 231 248 258 262 278 333 337 338 364 412 432 

Cluster 11: 8 41 68 80 101 110 121 123 124 126 127 134 156 208 279 284 303 305 331 348 368 386 

Cluster 12: 5 13 19 27 36 69 92 138 141 146 149 159 161 176 179 183 184 187 194 202 204 211 213 226 227 232 243 257 263 267 271 297 309 325 355 382 405 409 

Cluster 13: 40 72 73 113 166 185 291 318 366 407 422 

Cluster 14: 10 14 17 25 47 76 83 89 90 97 98 111 115 137 142 144 147 152 154 173 181 215 228 233 238 241 260 268 332 339 

Cluster 15: 9 42 44 59 67 75 86 88 94 100 125 132 135 169 175 199 209 229 244 287 315 317 324 347 358 367 370 375 378 418
















n objects





K clusters





assign the objects to K clusters so that a certain function is minimized or maximized. 


Criteria for k-means: Minimize within cluster sum of squares
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