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6.1 Mixed Measurement Levels 

Different methods have been developed to handle mixed measurement levels. Gower's proposal is quoted very frequently (Everitt 1981: 16-17; Gordon 1999: 21-22; Wishart 2001). The idea of Gower's (dis)similarity coefficient is simple: Compute for each variable the appropriate (dis)similarity coefficient (that corresponds to the measurement level of each variable) and compute a weighted average as a general (dis)similarity coefficient. If 
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 is the weight for variable j, Gower's (dis)similarity coefficient is defined as
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Gower's (dis)similarity coefficient also allows pairwise deletion of missing values . If case i or j have a missing values in variable k, the weight 
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 is set equal to zero.

The city block metric is very often recommended as dissimilarity measure for Gower's coefficient. The city block metric can be computed for all measurement levels. The maximum values of the city block metric depend on the measurement levels (see table 6-1).  The weights are defined as the inverse value of the maximum distance. This guarantees that the maximum distance in each variable is 1.0.

measurement level
maximum value of city block metric
weight

binary variables
1 (if binary variables are treated as quantitative)
1/1

nominal variables
2 (if nominal variables are split into their dummies)
1/ 2

ordinal variables
range
1 / range

continuous variables
range
1 / range

Table 6-1: Weights for Gower's dissimilarity index using the city block metric

Instead of city block metric, squared Euclidean distance can be used. The weights are shown in table 6-2. 

measurement level
maximum value of city block metric
weight

binary variables
1 (if binary variables are treated as quantitative)
1/1

nominal variables
2 (if nominal variables are split into their dummies)
1/ 2

ordinal variables
range2
1 / range2

quantitative variables
range2
1 / range2

Table 6-2: Weights for Gower's dissimilarity coefficient using squared Euclidean distances

Instead of weighting distances the variables can be transformed (weighted) (see chapter 2) by
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 for ordinal and quantitative variables. (r is the range).

Instead of 
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, the transformation 
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 can be used. The resulting variables have values between 0 and 1. Interpretation is easier.

Generally, theoretical or the empirical values for the range can be used. Usually, the empirical range is selected. The transformation by 1/r can cause problems. Consider the following example: Two ordinal variables x1 and x2 are given:
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3 = agree a bit 
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4 = indifferent
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5 = disagree a bit
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6 = disagree
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As a consequence of the transformation by 1/r the difference between 'strongly agree' and 'strongly disagree' becomes equal to the difference between 'agree' and 'disagree'. Theoretical standardization (see chapter 3) can overcome this 'defect'. 

Instead of the theoretical standardization, empirical standardization (z-transformation) can be applied. 
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(A value greater than zero indicates a positive deviation from the average, a value less than zero a negative deviation.)

The (empirical) z-transformation raises the question, whether or not the binary variables and the dummies of the nominal variables should also be standardized. Little attention has been paid to this question in literature. In my opinion, all variables (binary variables, dummies, ordinal variables and quantitative variables) should be standardized. The dummies have to be multiplied by 0.707 after standardization.

Concerning squared Euclidean distances, z-transformation guarantees that the average of the distances in each variable is equal 1. 

Summarizing the discussion, the following procedures are possible in the case of mixed measurement levels:

1. Standardizing all variables and then multiplying dummies by 0.707 (if squared Euclidean distances are used) or by 0.5 (if city block metric is used).

2. Weighting all variables - except the dummies – using '1 / standard deviation' and weighting the dummies using '0.707 / standard deviation' or '0.5 / standard deviation'.

3. Weighting the distances of the dummies using '0.5 / variance' and all other variables using '1 / variance', if squared Euclidean distances are used. Using city block metric, the weights for the distances are '0.5 / standard deviation' or '1 / standard deviation'.

The first two strategies lead to identical results:
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The distances for the third strategy differ from the distances for the first two strategies by a scalar: 
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, if Gower's formula is used for the third case.

The scalar has no influence on the results.

SPSS does not provide any strategy as option in CLUSTER or QUICK CLUSTER. Therefore, it is necessary to write a syntax program for strategy 1 or strategy 2. (Strategy 3 would require a programming of the whole cluster algorithm!). Generally, strategy 1 will be preferred to strategy 2, because the interpretation of the values of the variables is easier.

The syntax will be discussed for the following data matrix: 

     SEX    STUDY    GRADE   INCOME

    1,00     1,00     1,00  3000,00

    2,00     2,00     2,00  4000,00

    1,00     3,00     1,00  2000,00

    2,00     1,00     3,00  2500,00

    2,00     1,00     2,00  3000,00

    2,00     3,00     2,00  3000,00

The data file consists of the following variables:

sex
binary variable: 1 = female, 2 = male

branch of study
nominal variable with three categories: 1 = BWL, 2 = VWL and 3 = SOWI

grade
ordinal variable with five categories: 1 = excellent, 2 = good, 

3 = satisfactory, 4 = poor, 5 = failed

income
quantitative variable in Euro

The data were read and printed using following syntax:

data list free/SEX  STUDY  GRADE  INCOME.

begin data.

1 
 1 
  1,0 
3000

2 
 2 
  2,0 
4000

1 
 3 
  1,0 
2000

2 
 1 
  3,0 
2500

2 
 1 
  2,0 
3000

2 
 3 
  2,0 
3000

end data.

list variables=sex study grade income.

Next, the variable SEX was recoded to 1/0 (1 = male) and three dummies were generated for the variable BRANCH OF STUDY. 

compute male=sex.

recode male (1=0) (2=1).

compute bwl=study.

recode bwl (1=1) (2,3=0).

compute vwl=study.

recode vwl (2=1) (1,3=0).

compute sowi=study.

recode sowi (3=1) (1,2=0).

list variables=male,bwl,vwl,sowi,grade,income.

The new data matrix is:

    MALE      BWL      VWL     SOWI    GRADE   INCOME

     ,00     1,00      ,00      ,00     1,00  3000,00

    1,00      ,00     1,00      ,00     2,00  4000,00

     ,00      ,00      ,00     1,00     1,00  2000,00

    1,00     1,00      ,00      ,00     3,00  2500,00

    1,00     1,00      ,00      ,00     2,00  3000,00

    1,00      ,00      ,00     1,00     2,00  3000,00

Number of cases read:  6    Number of cases listed:  6

The variables were standardized using DESCRIPTIVE in the next step.

DES VAR=MALE BWL VWL SOWI GRADE INCOME/SAVE.

Before CLUSTER was run, the dummies were multiplied by 0.707. 

compute zbwl=zbwl*0.707.

compute zvwl=zvwl*0.707.

compute zsowi=zsowi*0.707.

cluster zmale,zbwl,zvwl,zsowi,zgrade,zincome

     /measure=seuclid

     /method=complete_linkage

    /print=distance schedule

    /plot=dendrogram.
The results are shown in figure 6-1.  Three clusters can be distinguished. Cluster 1 contains persons 5, 6 and 4; cluster 2 person 2 and cluster 2 person 1 and 3.

 Dendrogram using Complete Linkage

                      Rescaled Distance Cluster Combine

   C A S E    0         5        10        15        20        25

  Label  Num  +---------+---------+---------+---------+---------+

           5   
           6        
           4                    
           2                          
           1   
           3   
Figure 6-1: Results of a cluster analysis using mixed variables

For more details see Wishart (2001) or Bacher (1996: 173-191). Bacher only discusses the application of city-block metric. In this case the dummies must be multiplied by 0.5.

6.2 Weighting Variables

The selection of variables is crucial. Irrelevant variables can bias the result (see chapter 4.15). Therefore, different attempts were undertaken to develop methods selecting the best variables. FocalPoint allows you to weight the variables according to their F-value or t-value in the first stage. ALMO enables you to weight the variables by their pooled within error sum of squares. The pooled error sums are computed after each iteration. The consequence: Variables with a higher explained variance have more weight and more influence on the result.

In order to check, if irrelevant variables can be detected, we added four random variables to the data file of apprentices. Both kinds of analysis (no weighting, weighting) detected the irrelevant variables. The weighting of variables results in smaller differences between some model variables and irrelevant variables. 

If we add six random variables, standard analysis still detects the six random variables as irrelevant. Two of the random variables are significant ((1-p)*100 > 95%), but their F values are considerably smaller than all the values of the original variables. For dynamic weighting, this is not the case. Two original variables become insignificant, whereas two random variables become significant (see table 6-3). 

This small experiment shows that automatic weighting procedures should be used cautiously. For a further discussion of this problem see Gnanadesikan, Kettenring and Tsao (1995).

         F-Wert  (1-p)*100    ETA**2     F-Wert  (1-p)*100    ETA**2

  V12     33.051   100.000     0.146      32.283   100.000     0.143   ZPESSI

  V13     53.461   100.000     0.209      57.251   100.000     0.221   ZINTER

  V14     58.007   100.000     0.229      66.457   100.000     0.254   ZTRUST

  V15     64.483   100.000     0.258      76.009   100.000     0.290   ZALIEN

  V16     21.286   100.000     0.097      23.771   100.000     0.108   ZNORMLES

  V17     55.188   100.000     0.221      56.585   100.000     0.226   ZVIOL

  V18    120.743   100.000     0.388     112.090   100.000     0.371   ZGREEN

  V19     67.366   100.000     0.263      67.015   100.000     0.262   ZSPD

  V20    186.923   100.000     0.496     172.256   100.000     0.476   ZCDU

  V21    207.502   100.000     0.525     186.532   100.000     0.498   ZCSU

  V22    125.750   100.000     0.388     106.126   100.000     0.349   ZSAFE

                                           0.492    30.747     0.002   r1

                                           9.368    99.996     0.044   r2

                                           3.218    97.796     0.015   r3

                                           1.164    67.755     0.006   r4

                                           2.110    90.368     0.010   r5

                                           1.763    84.867     0.009   r6

(a) no weighting, no random variables   (b) no weighting, six random variables

    ETA**2 = 29.5%;                         ETA**2 = 18.9%;

    Improvement of H0 = 0.295               Improvement of H0 = 0.189

  V12     18.065   100.000     0.085      5.647    99.886     0.028   ZPESSI

  V13      7.542    99.983     0.036      4.390    99.509     0.021   ZINTER

  V14     45.747   100.000     0.190      8.699    99.993     0.043   ZTRUST

  V15     49.469   100.000     0.210      19.410   100.000     0.095   ZALIEN

  V16     15.163   100.000     0.071      0.949    58.183     0.005   ZNORMLES

  V17     27.134   100.000     0.123      1.153    67.325     0.006   ZVIOL

  V18     22.541   100.000     0.106      13.796   100.000     0.068   ZGREEN

  V19     15.309   100.000     0.075      11.704    99.999     0.059   ZSPD

  V20   1040.665   100.000     0.846     792.679   100.000     0.807   ZCDU

  V21   1643.441   100.000     0.898    1261.786   100.000     0.871   ZCSU

  V22      7.986    99.988     0.039     164.088   100.000     0.453   ZSAFE

                                           0.752    47.555     0.004   r1

                                           3.823    99.000     0.018   r2

                                           3.517    98.514     0.017   r3

                                           1.761    84.810     0.009   r4

                                           0.344    20.410     0.002   r5

                                           0.565    35.757     0.003   r6

(c) weighting with the pooled within   (d) weighting with the pooled within

    variance, no random variables           variance, six random variables

    ETA**2 = 12.8%;                     ETA**2 = 14.3%;

  Improvement of H0 = 0.156              Improvement of H0 = 0.403

Table 6-3: Consequences of automatically weighted variables

6.3 Finding Statistical Twins

Different problems, like the imputation of missing values, data fusion, statistical re-identification etc. (see chapter 1) require the finding of statistical twins. Statistical twins can be found using cluster analysis. The problem can be described in the following way: Two data sets (data set I and data set II) are given. A statistical twin should be found in data set II for each case in data set I. The statistical twin can be used for the following problems:

· Estimating missing values (data imputation). In this case the two data sets are generated from one data set. Data set I contains the cases with missing values, data set II the cases without missing values.

· Estimating missing variables (data fusion). Some variables are not collected in data set I. They are available in data set II. The two data sets should be combined the way that data set I contains also the variables, that are only observed in data set II.

· Finding a control group (optimal matching). A control group for data set I should be generated from data set II, e.g. registered data.

· Computing the re-identification risk. A research group in a university has collected data (data set I). The group asks the statistical office for further comparative statistical data (=data set II). The statistical office calculates the identification risk. If it is lower than a certain threshold, the statistical office can give away the data. 

Example (Brand/Bender/Bacher 2001):

Data set I contains 273 cases, data set II 19355 cases. 14 variables are common and should be used to find statistical twins. The variables are:

· occupation (327 categories, treated as interval scaled)

· birth cohort (dichotomous)

· daily earnings (interval scaled)

· sex (dichotomous)

· land of the Federal Republic of Germany (nominal scaled: 11)

· nationality (dichotomous)

· schooling/training (nominal: 3)

· occupational status (nominal: 4)

· part time (dichotomous)

· interruption in the working life (dichotomous)

· number of months in the working life (count variable maximum: 24 months)

· duration of the last employment (count variable maximum: 24 months)

· marital status (dichotomous)

· number of children (count variable)
The general procedure to find statistical twins using cluster analysis consists of the following steps:
1. Transform variables, if necessary. In our example transformation is necessary because mixed data should be used and quantitative variables have different scales (see chapter 2)

2. Run a cluster analysis of data set I. Contrary to the usual application of the clustering procedures, as many clusters as possible should be computed. Under ideal conditions, the number of clusters should be equal to the number of cases. 

3. Save the cluster centres.

4. Read data set II. Transform the variables, if necessary. Use the weights of step 1.

5. Assign the cases from data set II to the clusters obtained for data set I.

6. Select the nearest case of data set II as statistical twin.
7. Build a new data set. Add or match the files depending on the problem you analyse.

If the programme does not find statistical twins for all cases, step 2 to 7 can be repeated for those cases without a twin. The statistical twins in data set II must be eliminated in advance.

The appendix shows the syntax for our example. Nominal variables are transformed to dummies. All variables are weighted using the inverse value of their standard deviation. In addition, the dummies are multiplied by 0.707 (see chapter 6.1). The cluster analysis of step 2 reports 232 clusters. 41 cases were eliminated due to missing values. Each cluster contains one case. Step 4 finds for 216 clusters one statistical twin. Three of the statistical twins have distances greater than 6.0 to their 'real' twin. The user has to decide, whether or not to use these twins. Generally, 53 percent of twins have a distance smaller than 0.5.

For further analysis, only the 216 cases in data set I with a statistical twin were selected. 

Notes: 

· The procedure can be repeated for the cases eliminated due to missing values or due to missing twins. In the first case, those (or some of those) variables with missing values are ignored. Steps 2 to 7 are repeated for the cases with missing values. In data set II the statistical twins have to be eliminated in advance to avoid a case beeing used more than once as a twin. The procedure for the second situation is similar. Steps 2 and 7 are repeated for the cases without statistical twins. Again, it is necessary to delete the statistical twins in data set II in advance.

· The variables may be weighted. It can be – for example – assumed that sex, day of birth and occupation are more stable. Hence they should be weighted (multiplied) using the factor 10. The corresponding SPSS commands are:

compute geb71=10*geb71/0.50.

compute weibl=10*weibl/0.49.

compute beruf=10*beruf/216.74.

· The procedure is very restrictive. A statistical twin satisfies three conditions: (1.) The statistical twin is assigned to the same cluster as its 'real' twin. (2.) The statistical twin is the nearest neighbour to its 'real' twin. (3.) A statistical twin is used only once. These restrictions can result in the exclusion of 'better' statistical twins. Some cases of data set II can have smaller distances to their 'real' twin, but are ignored, because they are assigned to another cluster.

· The procedure assumes that each cluster consists of one case. If this is not the case, the assignment rules have to be changed.

Summarizing, it is possible to find statistical twins using SPSS. However, this can result in a complex syntax programme. 

6.4 Analysing Large Data Sets using SPSS

CLEMENTINE (see chapter 5.11, SPSS 2000) provides a two-stage clustering procedure for large data sets. This strategy can also be used in SPSS to cluster large data sets. The steps are:

1. Compute K compact clusters using QUICK CLUSTER. Set K equal to 200 or higher. The variance within the clusters should be very small. Save the centres for further analysis. Instead of centres examplers can be used.

2. Run a hierarchical cluster analysis using the centres as cases. Ward's method or any other method can be used. It is also possible to use other distance measures. 
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Appendix A6-1: Syntax for Finding Statistical Twins

* read data set I.

data list file='c:\texte\bender\mpi.dat' free/

  id gebjahr sex monent beruf bula deutsch schul ausb

  nstib teil luecke gesdur lastdur famst kidz sample.

execute.

*new variables are generated for the further analysis.

recode beruf (-1=sysmis).

compute geb71=gebjahr.

recode geb71 (64=0) (71=1).

compute eink=monent.

compute inl=deutsch.

compute weibl=sex.

recode weibl (1=0) (2=1).

compute abi=schul.

recode abi (1=0) (2=1) (9=sysmis).

*eduction is split into dummies. 

compute ausb1=ausb.

recode ausb1 (1=1) (2,3,4=0) (9=sysmis).

compute ausb2=ausb.

recode ausb2 (2=1) (1,3,4=0) (9=sysmis).

compute ausb3=ausb.

recode ausb3 (3=1) (1,2,4=0) (9=sysmis).

compute ausb4=ausb.

recode ausb4 (4=1) (1,2,3=0) (9=sysmis).

*occupational status is split into dummies.

compute beruf0=nstib.

recode beruf0 (0=1) (9=sysmis) (else=0).

compute beruf1=nstib.

recode beruf1 (1=1) (9=sysmis) (else=0).

compute beruf2=nstib.

recode beruf2 (2=1) (9=sysmis) (else=0).

compute beruf3=nstib.

recode beruf3 (3=1) (9=sysmis) (else=0).

compute beruf4=nstib.

recode beruf4 (4=1) (9=sysmis) (else=0).

compute beruf5=nstib.

recode beruf5 (5=1) (9=sysmis) (else=0).

*federal country is split into dummies.

compute land1=bula.

recode land1 (1=1) (99=sysmis) (else=0).

compute land2=bula.

recode land2 (2=1) (99=sysmis) (else=0).

compute land3=bula.

recode land3 (3=1) (99=sysmis) (else=0).

compute land4=bula.

recode land4 (4=1) (99=sysmis) (else=0).

compute land5=bula.

recode land5 (5=1) (99=sysmis) (else=0).

compute land6=bula.

recode land6 (6=1) (99=sysmis) (else=0).

compute land7=bula.

recode land7 (7=1) (99=sysmis) (else=0).

compute land8=bula.

recode land8 (8=1) (99=sysmis) (else=0).

compute land9=bula.

recode land9 (9=1) (99=sysmis) (else=0).

compute land10=bula.

recode land10 (10=1) (99=sysmis) (else=0).

compute land11=bula.

recode land11 (11=1) (99=sysmis) (else=0).

compute teilz=teil.

compute lluecke=luecke.

compute ggdur=gesdur.

compute verh=famst.

compute kinder=kidz.

desc var=geb71 eink weibl inl abi ausb1 ausb2 ausb3 ausb4

         land1 to land11

         beruf0 beruf1 beruf2 beruf3 beruf4 beruf5

         teilz lluecke ggdur verh kinder beruf.

* mark the programme and execute it.

* The results of desc are necessary for

* weighting variables.

* Each variable is weighted by '1/standard deviation'

* Dummies of nominal variables are multiplied by 0.707,

* to garantuee commensurability.

compute geb71=geb71/0.50.

compute eink=eink/1711.69.

compute weibl=weibl/0.49.

compute inl=inl/0.15.

compute abi=abi/0.48.

compute ausb2=0.707*ausb2/0.37.

compute ausb3=0.707*ausb3/0.23.

compute ausb4=0.707*ausb4/0.31.

compute land1=0.707*land1/0.25.

compute land2=0.707*land2/0.12.

compute land3=0.707*land3/0.39.

compute land4=0.707*land4/0.13.

compute land5=0.707*land5/0.43.

compute land6=0.707*land6/0.25.

compute land7=0.707*land7/0.12.

compute land8=0.707*land8/0.40.

compute land9=0.707*land9/0.38.

compute land10=0.707*land10/0.12.

compute land11=0.707*land11/0.10.

compute beruf1=0.707*beruf1/0.26.

compute beruf2=0.707*beruf2/0.42.

compute beruf3=0.707*beruf3/0.11.

compute beruf4=0.707*beruf4/0.47.

compute teilz=teilz/0.30.

compute lluecke=lluecke/0.48.

compute ggdur=ggdur/5.33.

compute verh=verh/0.50.

compute kinder=kinder/0.90.

compute beruf=beruf/216.74.

* k-means. The maximal number of clusters

* is determined. The cluster centres are saved

* for the next step.

QUICK CLUSTER

         geb71 eink weibl inl ausb2 ausb3 ausb4

         land1 to land11

         beruf1 beruf2 beruf3 beruf4 

         teilz lluecke ggdur verh kinder beruf 

  /MISSING=listwise

  /CRITERIA= CLUSTER(232) MXITER(100) CONVERGE(.0001)

  /METHOD=KMEANS(NOUPDATE)

  /SAVE CLUSTER (clus) DISTANCE (dclus)

  /PRINT ANOVA

  /OUTFILE='C:\texte\bender\cmpi1.sav'.

recode clus (sysmis=-1).

select if (clus > 0).

sort cases by clus.

compute set1=1.

fre var=set1.

save outfile='c:\texte\bender\mpiclu.sav'.

execute.

*read data set II.

data list file='c:\texte\bender\iab.dat' free/

  id gebjahr sex monent beruf bula deutsch schul ausb

  nstib teil luecke gesdur lastdur famst kidz sample.

execute.

*generate new variables.

*see above.

recode beruf (-1=sysmis).

compute geb71=gebjahr.

recode geb71 (64=0) (71=1).

compute eink=monent.

compute inl=deutsch.

compute weibl=sex.

recode weibl (1=0) (2=1).

compute abi=schul.

recode abi (1=0) (2=1) (9=sysmis).

compute ausb1=ausb.

recode ausb1 (1=1) (2,3,4=0) (9=sysmis).

compute ausb2=ausb.

recode ausb2 (2=1) (1,3,4=0) (9=sysmis).

compute ausb3=ausb.

recode ausb3 (3=1) (1,2,4=0) (9=sysmis).

compute ausb4=ausb.

recode ausb4 (4=1) (1,2,3=0) (9=sysmis).

compute beruf0=nstib.

recode beruf0 (0=1) (9=sysmis) (else=0).

compute beruf1=nstib.

recode beruf1 (1=1) (9=sysmis) (else=0).

compute beruf2=nstib.

recode beruf2 (2=1) (9=sysmis) (else=0).

compute beruf3=nstib.

recode beruf3 (3=1) (9=sysmis) (else=0).

compute beruf4=nstib.

recode beruf4 (4=1) (9=sysmis) (else=0).

compute beruf5=nstib.

recode beruf5 (5=1) (9=sysmis) (else=0).

compute land1=bula.

recode land1 (1=1) (99=sysmis) (else=0).

compute land2=bula.

recode land2 (2=1) (99=sysmis) (else=0).

compute land3=bula.

recode land3 (3=1) (99=sysmis) (else=0).

compute land4=bula.

recode land4 (4=1) (99=sysmis) (else=0).

compute land5=bula.

recode land5 (5=1) (99=sysmis) (else=0).

compute land6=bula.

recode land6 (6=1) (99=sysmis) (else=0).

compute land7=bula.

recode land7 (7=1) (99=sysmis) (else=0).

compute land8=bula.

recode land8 (8=1) (99=sysmis) (else=0).

compute land9=bula.

recode land9 (9=1) (99=sysmis) (else=0).

compute land10=bula.

recode land10 (10=1) (99=sysmis) (else=0).

compute land11=bula.

recode land11 (11=1) (99=sysmis) (else=0).

compute teilz=teil.

compute lluecke=luecke.

compute ggdur=gesdur.

compute verh=famst.

compute kinder=kidz.

* weight the variables.

* Note: the weights of the first analysis must be

* used.

compute geb71=geb71/0.50.

compute eink=eink/1711.69.

compute weibl=weibl/0.49.

compute inl=inl/0.15.

compute abi=abi/0.48.

compute ausb2=0.707*ausb2/0.37.

compute ausb3=0.707*ausb3/0.23.

compute ausb4=0.707*ausb4/0.31.

compute land1=0.707*land1/0.25.

compute land2=0.707*land2/0.12.

compute land3=0.707*land3/0.39.

compute land4=0.707*land4/0.13.

compute land5=0.707*land5/0.43.

compute land6=0.707*land6/0.25.

compute land7=0.707*land7/0.12.

compute land8=0.707*land8/0.40.

compute land9=0.707*land9/0.38.

compute land10=0.707*land10/0.12.

compute land11=0.707*land11/0.10.

compute beruf1=0.707*beruf1/0.26.

compute beruf2=0.707*beruf2/0.42.

compute beruf3=0.707*beruf3/0.11.

compute beruf4=0.707*beruf4/0.47.

compute teilz=teilz/0.30.

compute lluecke=lluecke/0.48.

compute ggdur=ggdur/5.33.

compute verh=verh/0.50.

compute kinder=kinder/0.90.

compute beruf=beruf/216.74.

*assign cases.

QUICK CLUSTER

  geb71 eink weibl inl ausb2 ausb3 ausb4

         land1 to land11

         beruf1 beruf2 beruf3 beruf4 

         teilz lluecke ggdur verh kinder beruf 

  /MISSING=listwise

  /CRITERIA= CLUSTER(232)

  /METHOD=classify

  /SAVE CLUSTER (clus) DISTANCE (dclus)

  /PRINT ANOVA

  /FILE='C:\texte\bender\cmpi1.sav'.

*select the nearest case.

recode clus(sysmis=-1).

select if (clus>0).

sort cases by clus dclus.

compute cclus=lag(clus).

recode cclus(sysmis=0).

if (clus ne cclus) nonelim=1.

execute.

select if (nonelim=1).

compute clus2=clus.

compute set2=1.

fre var=dclus.

save outfile='c:\texte\bender\iabclu.sav'.

execute.

*match files.

get file='c:\texte\bender\mpiclu.sav'.

match files file=*

   /file='c:\texte\bender\iabclu.sav'

   /by clus/map.

execute.

recode clus2(sysmis=-1),

compute fehlend=1.

if (clus2 eq clus) fehlend=0.

fre var=fehlend.

temp.

select if (fehlend=1).

list variables id clus clus2.

execute.

select if (fehlend=0).

execute.

*add files for further analysis.

add files

    /file=*

   /file='c:\texte\bender\iabclu.sav'

   /map.

execute.

recode set1(sysmis=2).

fre var=set1.

crosstabs tabels=sex by set1/cells=count column/stat=chisq.
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_1070005818.unknown

_1070006552.unknown

_1070006572.unknown

_1070007135.unknown

_1070045161.unknown

_1070045255.unknown

_1070006726.unknown

_1070006562.unknown

_1070006476.unknown

_1070006541.unknown

_1070006130.unknown

_1070006159.unknown

_1070005859.unknown

_1070005773.unknown

_1070005782.unknown

_1070003566.unknown

