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Materials

All demonstrations are documented in these slides with
accompanying SPSS data files

If you have any follow-up questions, please email us at:
info@sv-europe.com
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Agenda
* Introducing Factor Analysis * Introducing Cluster Analysis
* Exploring Correlations  Comparing Cluster Methods
e Performing Principal Component e Performing Cluster Analysis
Analysis * Interpreting Output
* Rotated Solutions e Creating Cluster Groupings

e Performing Factor Analysis
* Analysing Component Scores
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Infroducing Factor Analysis

* Factor Analysis is a statistical approach known as ‘data reduction’.

* At the heart of this technique, is the idea that if two or more variables
correlate strongly with one another, then they may be measuring the
same underlying ‘factor’

* |t works by identifying these correlations between groups of variables
with the aim of distilling the underlying ‘factors’ that account for their
variation

 The procedure can then turn these selected factors into variables that
show where each individual data record lies on the factor scale
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Infroducing Factor Analysis

 Examples of Factor Analysis include:

* Analysis that attempts to uncover the underlying ‘themes’ in a dataset:
for example, what topics tend to co-occur when someone is asked about
customer service?

* Researchers designing a personality test using a questionnaire based on
rating scales. The procedure then produces factor scores that show how
extroverted or introverted each respondent is.

* Data Scientists use a form of Factor Analysis (PCA) to reduce the number
of variables used in building a predictive model, by combining groups of
variables together to create linear combinations of them.
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e Variables in a dataset
are like cocktails

* They are distinct yet
they share common
ingredients

* Therefore if two
cocktails are similar, it’s
because they share the
same components or
characteristics
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*  Factor Analysis allows
us to separate out the
components of the
variables that correlate
with each other and
combine them together
to create new variable
‘factors’
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Scatterplot of different cars showing horsepower by weight
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Correlations measure the strength of linear relationships
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Non-linear relationships are not accounted for
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Requesting Correlations

le Edit View Data Transform Analyze Graphs Ulilities Extensions Window Help

SHE @M o A B i 9[e
. T . = e St , (R a4 9@
e Using the Cars.sav dataset we S
Bayesian Statistics »
can request bivariate smpg | Fen = ot Faccel | dyear | dorigin
ompare Means .
correlations. 1 18 General Linear Model » 104 12 70 Amer!‘:i
2 15 Generalized Linear Models » )93 12 70 Americ:
*  From the main menu, click: 3 18 pued iosel & WY 70 Americ:
4 16 — s o 70  Americ:
. I Regression A Pattal.
Analyze 5 17 Loginear ' | Epsnces. 70  Americ:
Neural Networks
6 15 - E3 canonical Correlation 70 Americ:
e Correlate Ciassiy :
7 14 Dimension Reduction r 154 9 70  Americ:
PY H H Scale » ic:
B Ivari ate 8 14 Nonparametric Tests b 12 o 70 Amer!c
9 14 i . |25 10 70  Americ:
10 15 Sunvival * 150 9 70 Americ:
11 B ::‘i:iii:::lz:tlns:lysis ’ 90 18 70 Europee
12 Multiple Imputation y |42 12 70 Americ:
13 Complex Samples )34 11 70 Americ:
14 Ll 66 11 70 Americ:
Quality Control L
15 . Ranfor Prediction 50 11 70 Americ:
16 15 RanFor Estimation.. 63 10 70  Americ:
17 Spatial and Temporal Modeling...  »

-
o]

14 _ : 09 8 70  Americ:

Direct Marketing »
~ . 302 140 3353 8 70  Americ:
) 1 ANN 1EN 27601 1N TN Armasris
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Requesting Correlations

*

"\",-1 Bivariate Correlations

e Selecting only the continuous

Variables:

(Sca Ie) va ria bles’ we Ccan ol Model Year (modulo 100) [year] & Miles per Gallon [mpa]
t P B b . t ,{I Country of Origin [origin] g& Engine Displacement {cu. inches)... Style...
regues earsons Ivariate ,{I Mumber of Cylinders [cylinder] g@ Horsepower [horse] Bootstrap...
q . ,{I cylrec = 1| cylrec = 2 (FILTER) [filte... g& Vehicle Weight (Ibs.) [weight]
Corre|atlon5 f Time to Accelerate from 0 to 60 m...
* This will result in a correlation E]

matrix showing the correlations
between each combination of
the variables

e C(Click:

Correlation Coefficients
 OK

[l Pearson [] Kendall's tau-b [ | Spearman

Test of Significance
@ Two-tailed © One-tailed

[&/| Flag significant correlations

G\ [ OK ][ Paste ][ Reset ][Cancel][ Help ]
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Requesting Correlations

Correlations

Miles per Gallon

(cu.inc

Harse power

Wehicle Weight (

** Carrelation is significant at the 0.01 level (2-tailed).
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Requesting Correlations

Miles per Gallon

Correlations

acement

Engine Oi

(cu. inch

N

Harse power

897

AN

tw

the matrixiis a mirror
of the other part

Every value is shown

ice as the half of

000 000 N
392 400 400N
Vehicle Weight (Ibs.) Correlation _8n7 933 859 | \

- (2-tailed) 000 000 000

398 406 400 406
Correlation 434" _545 S0 _a5 | \

. (2-tailed) 000 000 000 000 N

398 406 400 406 A0

** Carrelation is significant at the 0.01 level (2-tailed).
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Correlation values are highlighted in yellow
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Requesting Correlations

Correlations

Miles per Gallon
There a number of very strong
correlations in this table...

Engine Displacement
(cu. inch

...and even a correlation
as low as - 0.415 is fairly

405N
Horsepower C }
F S (i) \\ notable.

4@\\
Vehicle Weight (lbs.) Correlation N , 859 | \
Sig. (2-tailed) , : 000
400 406

Correlation _ a 701 415 1 NG
(2-tailed) . . 000 000 N
400 406 A0

** Carrelation is significant at the 0.01 level (2-tailed).
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Requesting Correlations

Correlations

Miles per Gallon arson Carrelation

ailed) Horsepower, Vehicle

i Weight and Engine Size
Engine Displacement 1 Carrelation - all correlate very strongly
et e Sig. (2-tailed) - . with one another....
398 400N
Horsepower Carrelation -7 89T | N\ ..would they form
000 000 their own factor?
392 400 400N
Vehicle Weight (Ibs ) ; 807 933 859 | N\
; 000 000 000
398 406 400 406

434 -545" -01 - 415 N
000 000 000 000 N

398 406 400 406 A0

** Carrelation is significant at the 0.01 level (2-tailed).
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Infroducing Factor Analysis

e So Factor Analysis produces a solution showing which variables strongly correlate with
each factor. The job of the analyst is try to interpret the strongest factors in a meaningful
way.

e But Factor Analysis also shows, in descending order, how much variation each factor can
explain.

* Imagine, you have a dataset with 10 fields. You want to reduce the data to uncover the
primary factors that explain the variation in the file.

* The analysis shows the following result.
— 100% of the variation can be explained by creating 10 factors
— But, 70% of the variation can be explained using only the top 4 factors
— And 45 % of the variation can be explained by the top 2 factors

e Which factor solution is the most appropriate?
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Infroducing Factor Analysis

* Most analysts think a good solution with Factor Analysis is one that meets
two main criteria:

— Firstly, a relatively, small number of factors can explain a relatively large
proportion of variation=

— Secondly, the factors are easy to interpret and make sense, because we can
see why the underlying variables correlate with each other

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Infroducing Principal Components Analysis

 Before we look at a true Factor Analysis example, we will introduce a commonly-
used, but related method: Principal Components Analysis (or PCA)

e The aim of PCA is to reduce the number of variables by creating linear
combinations of them to form their principal components

 The resulting principal components when expressed as variables have no
correlation with one another (they are orthogonal components)

* In alot of statistical analyses, such as regression and clustering, using highly
correlated variables together can cause problems, as you are entering a
component that measures the same thing multiple times

 Therefore, PCA is often used because of its practical benefits: i.e. when analysts
need to work with fewer, uncorrelated fields without sacrificing the variation in a
dataset

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Performing Principal Components Analysis

le Edit View Data Transform Analyze Graphs Utilities Extensions Window Help

° 1 H = AN Pa—— eports T (Al =
We are using the World in the =H & I R e B E 39
early 90s.sav dataset Besesian Satitics »
. . . da country @ Tebles ' ¥pop92 @ ¢ parow < urt
e This dataset is comprised of 1 AFGH e 17305000 5.20 1
Several Continuous f|e|ds Showing 2 AFRI 3§n:r:i;:‘le\nearMoUels : 41697000 2.70 5
. . 3 ALBA LB 3395000 1.80 3
different social, health and 2 |ALGE - ' bes73000 5 50 )
economic measurements for 183 5 D Loownser » 79762000 40 ¢
Neural Networks »
countries in the early 1990s. [5, Q:go Cinsaty . | 54000 240 ¢
Dimension Reduction * | & Factor.. <
* Torequest the Factor procedure, 8 ANBA s ' | comesponcence syt 5
. . 9 ANNE Nonparafnetnc Tests ’ ) Optimal Scaling. 5
from the main menu, click: T -
10 ARAB Sunival » 18621000 4.20 7
* Analyze 11 ARG :—"”'::ef”;fl " 33023000 1.10 €
. . . 12 ARUB Multiple Imputation > 64000 .60 £
* Dimension Reduction 13 AUS Complex Samples » 47547000 150 P
B3 simulation... -
R Factor 14 A oty o . | 7689000 30 £
15 | BAHA Ranfor Prediction 256000 1.40 7
16 BAHR 3 RanFor Estimation. 554000 3.20 €
17 BANG Spatial and Temporal Modeling... » 19283000 230 1
18 <

Direct Marketing »
G B —Europe  3U5ST3 9932000 .10
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Performing Principal Components Analysis

"@ Factor Analysis

* Despite the dialog’s title, the
. . . Variables:
defaUIt procedure IS a PrInCIpaI @ﬂ Country name [country] ﬁTotalArea(ka}[area] - -
Components Analysis & Continents [continent] & Population 1992 [pop92) Exdraction...

ﬁ Population Growth 1980-1990 ... Rotation...
ﬁ Urbanization: % pop. living in citi...

e Selecting only the continuous 5 Lo expectancy (o st it | [__Scores..

. ﬁ Life Expectancy (women) at birt... Qptions...
(scale) variables we can run the S e b P 1o

procedure and view the default ¢ Crude Death Rats [death]
ﬁ Infant Mortality [infrmoaor]
&
Output 4” Population/Hospital [pophos]
ﬁ Population/Hosp.Bed [phbed]

° Click: & Mo. of Physicians [doct]
: & Population/Physician [popdoc]
° OK & GNP 1991 (millions of §) [gnpa1]

ﬁ Annual GNP Growth [gnpgrow]
ﬁ GNP per capita [gnpcap]
ﬁ % GNP produced in Agriculture [...
4 %CNP oroduced in Senices lon [T

Descriptives..

Selection Variable:

G [ OK, ][ Paste ][ Reset ][Cancel][ Help ]
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Performing Principal Components Analysis

Communalities

* You can see that the first table * But we want fewer

Initial E an
produced is the one labelled lggg :ji components .than
‘Communalities’ - . there are variables
* These values refer to the amount . o * So the ‘Extraction’
variation that the solution explains o o column ShOWS how
«  With PCA, the ‘Initial’ column is always [ S R much variance can be
equal to 1 (meaning 100%) . This is e Bt Rate e T 5 accounted for once the
because PCA adds all of the variance to iU default number of
the procedure. Even if some of it is 1,000 626 principal components
random. 1.000 593 has been extracted
; e - * So for ‘Total Area
* |f we were to combine all of the 1.000 539
resulting principal components 1000 | 625 (k'_“?)' for exampl;a,
together they would account for 100% L this is 0.695 (69.5%)
of the variance in the submitted data 1,000 701
1.000 585
" G\ e ) 1.000 772
Extraction M

SMART VISION o Metes FrinepalCompen=nt b1 ECT INTERNATIONAL COMPANY
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Performing Principal Components Analysis

 The ‘Total Variance Explained’ table
shows what percentage of variance
each component explains

* Note the first component explains
44%, the second 14.4% etc

* We can also see, that after extraction,
the total amount of variance explained
is 76.5% based on the top 5
components

* If we wanted to explain 100% of the
variance, then we would need 19
components, as there are 19 variables

PCA by default, extracts components if
they have eigenvalues greater than 1

SMARTVISION

P =

Total Variance Explained

Extraction Sums of Squared Loadings

Eigenvalues

Cumulative

Companent  Total Total v

44161 1

2705 14.234 58.395 2.705 14.234 58.395
1.303 5.859 65.255 1.303 5.859 B5.255
1.108 5833 71.088 1.108 5833 71.088
1.022 5380 76.468 1.022 5380 76468

.BE8 4.568 81.037

BB7 3618 84.655

584 3.074 87.729

472 2486 90.216

455 2393 92.608

AT 2194 94 802

281 1.481 96.284

222 1.166 97450

AT a0 98.351

110 580 98.831

088 465 99.396

085 341 99.737

042 221 99.958

008 04z 100.000

Extraction Method: Principal Component Analysis.
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Performing Principal Components Analysis

* Eigenvalues are used by PCA and Factor analysis to extract components/factors
that explain more than their ‘fair share’ of the variance

* |If you have 10 variables, then PCA will produce 10 components

* |If everything was equal, we might expect the components to explain 10% of the
variance each

* Butif the first component explained 20% of the variance, then it would have an
eigenvalue of 2 — as its explaining twice as much 10%

* If the second component explained 15%, then it would have an eigenvalue of 1.5

e If the third component explained only 5%, then it would have an eigenvalue of
0.5

* Thisis a fairly crude way to figure out how many components or factors should
be extracted and analysts are free to overrule the default setting if they wish
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Performing Principal Components Analysis

Component Matrix®
Component
1 2 2 4 5
-.049 788 -.084 236 098
oo .BE6 -.206 -.200 101

*  Finally, we have the Component Matrix table which is very
like the correlation matrix we saw earlier, except that here
we see the correlation (or ‘loading’) of each variable

. B05 -.100 -431 180 362
against each of the extracted components
. ., -.755 -.056 096 355 023
* Inthis form however, it’s not easy to make sense of as
. -.949 -.024 -.078 -.034 073
there are many weak correlations as well as strong ones
e  Looking at Component 1 we can see a number of loadings il It et e B
. . 893 =077 -.226 037 135
greater than 0.7 in absolute magnitude that seem to be e I T BT T T e
related to mortality and the measures of ‘economic 949 | 043 | 047 | 085 | 039

393 042 AB7 250 435
&2 ar2 145 025 338
-.142 822 -.128 -.064 023
739 .000 258 1582 -.087

development’

e Let’s re-run the process with a minor modification to make
this particular output table easier to view

{millio _ 954 580 239 .399 -.089

-.118 1685 430 -1 340
-.634 .090 497 066 -.108

803 A 068 =227 -.279

-.529 -.245 T 129 474

SMARTVISION

P =

-.868 -.033 007 -.027 -.129
n Methaod: Frincipal Component Analysis.

a. & companents extracted.



Performing Principal Components Analysis

Returning to the Factor Analysis dialog,
we can request that the coefficients are

displayed in a clearer fashion.
Within the dialog, click:

Options
Check the boxes marked:

* Sorted by size

*  Suppress small coefficients

In the Absolute value below box
change the value to:

- 04
Click:
* Continue
e OK

SMARTVISION

P =

pophos | ¢ phbed ¢ doct ¢ popdoc | ¢ gnpYl | ¢ gnpgrow | ¢ gnpcap | ¢ gnpagr | ¢ gnj
2419 & 192.00 65.00
429 e ___ 2183.00 5.00
38 | @a Countryname [country] & Total Area (km2) [area] — 1139.00 33.00
& Continents [continent] & Population 1992 [pop92] . 2 3
582 g Population Growth 1980-1990 ... 2166.00 14.00
Urbanization: % pop. living in citi...
220 & Life Expectancy (pm:n) at gmn Bi.. 8625.00 3.00
530 Al 722600 600
& Crude Death Rate [deathr] onz an 44 00
3611 & |n;:m:2 Moertaality [ianfmo?]a r %8 Factor Analysis: Options X
320 & PopulationHospital [pophos]
f Population/Hosp.Bed [phbed] Missing Values
167 g ':°' °: l:ihy'sl::]an§ [°°T] co0 @ Exclude cases listwise
opulation/Physician [popdoc] o
823 f GNP 1991 (millions of $) [gnp91] 8 Excde ca.ses RENSE
102 g Annual GNP F;rowm [anparow] Replace with mean
320 & ;zige;rzzzl;Lg;p::]culture [ Coefficient Display Format
& %GNP nraducad in Senvices fan [/ Sorted by size
1 64 Selection Variable: ¥/ Suppress small coefficients
236 [ Absolute value below:
504
447 (LoK ][ paste |[ Reset | (cancel|[ Help | (gontone) _conen }(_nap J
. NIITL.UU ovuU
133258 3498 16929 6888 21373.00 3.60 183.00 39.00
18685 109 31178 318 166594.00 1.40 16790.00 2.00
19000 391 88 2591 316.00 3.60 1386.00 22.00
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Performing Principal Components Analysis

Component Matrix®

* By changing the display we can now see the strongest loadings
by variable against the 5 extracted components

Component

«  Component 1 — accounting for 44% of the variation seems to 9

be related to how developed the nations are

-.948

948
893
-.868

*  Component 2 - accounting for 14% of the variation seems to
relate to size and population of the country

*  Component 3 - accounting for 6.8% of the variation is harder to 803

interpret as has variables that also load on Component 1 but
has reasonable loading population per hospital and GNP
growth

170 409

-.755

739
B72
-.634 497

*  Component 4 accounting for 5.8% of the variation has only one
strong negative loading suggesting it measures lack of GNP
growth

B05 -431

-.529 474

922
BE6
788

*  Component 5 accounting for 5.3% of the variation has only two
variables with reasonably strong loadings. It’s unclear what this
measures but it might be related to developed nations with
strong service-based economies 467 435

Ann N 430 -T715
~ Extraction Method: Principal Component Analysis.
' ) a. 5 components extracted.
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Rotated Solutions

* Both PCA and Factor Analysis have an additional way to help us understand the
relationships between the variables and the components/factors: this approach is
known as ‘Rotation’

 The goal of rotation is to create a simpler structure between the variables and the
components/factors to aid interpretation

* Thisis done by rotating the axes of the components/factors mathematically so that we
maximise the loadings of the variables on one components/factor or another

* Doing this in such a way that the rotated components/factors remain uncorrelated with
one another, is known as an Orthogonal rotation

* However, a rotation that allows the components/factors to correlate with one another
is known as an Oblique al rotation

SMARTVISION A SELECT INTERNATIONAL COMPANY



Rotated Solutions

Factor 2

* Note that all the

variables load at least a )
little bit on both Factor Variable 1 +
axes

*  For example, Variable 1
loads high on Factor 1
but also a little on .
Factor 2 Variable 4

* Variable 3 loads
negatively on Factor 2
but also somewhat ‘
negatively on Factor 1 Variable 2

- Variable 3

Factor 1

SMARTVISION A SELECT INTERNATIONAL COMPANY



Rotated Solutions

* If we perform an Facto, —
Orthogonal rotation... ——

* We can see that the ariable 1
variables now load
higher on one factor
axis and less on the
other

* The factors are simply Variabl€ 2
scales that can be
manipulated to allow
this to occur

* |t means that the VariaDh
extracted factor
solution may be easier
to interpret

SMARTVISION

Ctoy P

- Variajfle 3
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Rotated Solutions

* Obligue rotations can
also be performed

* These are when the
rotated factor axes are
not kept at right angles
to one another

* The resultis that the
rotated factors can be
correlated with each
other

SMARTVISION A SELECT INTERNATIONAL COMPANY



Rotated Solutions

*  Within PCA and Factor Analysis there are 3 main kinds of Orthogonal rotation

e Varimax rotation is perhaps the most well known orthogonal method. It tries to spread
the loadings across the different factors in order to make the factors easier to interpret.

* Quartermax rotation instead tries to minimize the number of factors needed to explain
each variable. Often this approach leads to a solution where many variables dominate
the loadings on one factor.

 Equamax rotation is a compromise between the previous two orthogonal methods.
« The methods of Oblique rotation available are:

* Direct Oblimin allows the user to control the degree to which the solution is non-
orthogonal with the delta value. Using delta values between 0 and .8 will result in
factors that are increasingly oblique. But the result may be factors that are so highly
correlated (positively or negatively) as to be indistinguishable. On the other hand, large
negative values of delta will lead to factors which are nearly orthogonal.

* Promax is another oblique rotation method. This rotation can be calculated more
G quickly than a Direct Oblimin rotation, so it is useful for large datasets.

SMARTVISION A SELECT INTERNATIONAL COMPANY



Performing Principal Components Analysis

* Returning to the Factor Analysis

pophos | ¢ phbed & popdoc | ¢ gnpYl | ¢ gnpgrow | ¢ gnpcap | ¢ gnpagr | ¢ gnps
. 2419 & 192.00 65.00 ik
dialog, we can request that the
& 9 429 I 2183.00 5.00 5;
coefficients are displayed in a clearer 38 | & County name courin Sroameaemaaen B EP LS 113900 3300 1
& Continents [continent] & Population 1992 [pop92] _Extraction...
fash ion 582 gPopulaﬁon Growth 1980-1990 .. 2166.00 14.00 3
. Urbanization: % pop. living in citi..
220 € Lo Epectancy (mem st ben . 8625.00 300 5
*  Within the dialog, click: 530 S 722600 600 5
R t t. 3611 g I(r:l;::te MD;?;:‘YR:’::'I](:;]&W] @ Factor Analysis: Rotation 5(
o otation & PopulationHospital [pophos] .
320 é9 PEZUI:honmzz:,ea;dplpl:med] Method 7
. 167 & No. of Physicians [doct] O__None ) © Quartimax 7
L Va rl m ax & Population/Physician [popdoc] © © Equamax :
823 g GNP 1991 (millions of $) [gnp91] o plimin © Promax 4
° . . 1 02 & éw:al (rSNP I(l‘,ro[v:h [gn;:grow] 5'
CI IC k : & %GN:'epr?dzcaedginp:::culmre[ 2 .
320 & %GNP praduced in Senvices fan L% Dispiay 8
[ ] co nti n u e 1 64 Seletion Variable: ¥/ Rotated solution ["] Loading plot(s) 6
Y
o 0 K 236 I l Maximum Iterations for Convergence: 6‘
jg‘; (Lok_J(paste J[ Reset J[cancel [ Hep | ;;r;::ebomw :ﬂ;o 2
133258 3498 16929 6888 21373.00 3.60 183.00 39.00 4!
18685 109 31178 318 166594.00 1.40 16790.00 2.00 6!
19000 391 88 2591 316.00 3.60 1386.00 22.00 5i
36885 986 238 20303 1806.00 1.50 374.00 47.00 3
29000 145 87 667 1423.00 .60 24534.00 1.00 8!
57071 1715 138 11580 244 00 10.00 153.00 51.00 3
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Performing Principal Components Analysis

Rotated Component Matrix®

Companent

*  Scrolling to the end of the output, we can now see an

1 2 3 4 5
additional table showing the loadings of each variable 873
against the extracted components. It is labelled Rotated 855
Component Matrix 839
*  Component 1is now particularly strongly related to mortality a9 | am
measures and the degree of education and urbanization a5 | 203
*  Component 2 seems to measure the degree to which the 684
population size is changing and GNP per capita 683
*  Component 3 may be related to size of the country in terms -BB3 | 445
of its land mass, population and GNP -658 | 494
*  Component 4 focusses on the availability of medical care -182
such as doctors and hospitals per head of the population — éii
*  Component 5 is most strongly related to annual GNP growth 928
870
8186
428 574
757
440 478
~ 897

Extraction Method: Principal Companent Analysis.

SMART VISION Rotation Method: Varimasx with Kaiser Naormalization.
E (] r o

P =

a. Rotation converged in 7 iterations.
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Performing Factor Analysis

*  To many people, the differences between Principal Components Analysis (PCA) and true Factor
Analysis may appear subtle.

* PCAisregarded as a more practical form of the family of techniques that Factor Analysis belongs to.

*  PCA has a strong focus on reducing the data down to a smaller number of dimensions by creating
linear combinations of the variables.

* PCA s particularly used to create new uncorrelated variables so that they can be used in analysis
procedures that are sensitive to highly correlated data.

*  Factor Analysis is more often used to model latent variables. These are factors that can’t be
measured directly, such as extroversion or introversion. Instead a number of variables are used to
measure different, correlated aspects these latent factors.

*  Factor Analysis is a more formal approach usually used within a wider theoretical context of the
subject matter under investigation (such as personality testing)

* Unlike PCA, in Factor Analysis the initial communality values of only the variables are not equal to 1.
Because Factor Analysis considers only the commonly shared variance, the initial values represent
the total variance that be accounted for using only the other variables in the procedure.

SMARTVISION A SELECT INTERNATIONAL COMPANY

P =



Performing Factor Analysis

* To demonstrate a Factor Analysis 8 ) T T
procedure, return to the dialog and e 0 67.00
H Country ( try] fTotal Area (km2) [area] ~l — = =
click: & Cuninens onnen & ronusion iz ot 10 79.00
. E . & Populgtlop G_rowth 192.3(.)-19.90 [ ;0 6800
xtraction & Urbanization: % pop. living in citi...
gLn‘eExpectancy(men)albinh[lif... = 10 79.00
. ife Ex Wi irt...
There are a number of different & Crode it Rato it 0 81.00
extraction procedures. Choose: yAuiner” [ E— x
xtraction p - @
- Populati
H H : : [Maxi ikeli M|
*  Maximum Likelihood A -’fi’iTﬂ'P'Lﬂ‘-fﬂgr:—:-éJl |
. . y %GNP d M(T:a yze ISplay ‘
* Thisis a reasonable, all-round A i
H . . Literacy v S
version of Factor Analysis, also click ¢ ool
opulati ra
the bOX marked Mi @© Based on Eigenvalue
Selection Va Eigenvalues greater than:
® Scree P|Ot [: © Fixed number of factors
Factors to extract:
* Nowclick: (o) () () @
° Continue ncja e eieiasicn Maximum Iterations for Convergence:
Asia 143998 119283000 Con) o) e
e OK Europe 30513 9932000
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You can see that the first
‘Communalities’ table is very different

Now the ‘Initial’ values are similar to
the ‘Extracted’ values in the PCA
procedure earlier

The initial values represent the
common variability that can be
accounted for by all of the variables
before they are entered into the
analysis

The ‘Extraction’ column shows how
much variance can be accounted after
the factors with eigen values greater
than 1 are extracted.

SMARTVISION

P =

Communalities®
Initial
462

Extraction
411

817

789

743

999

665

641

983

985

987

995

887

866

870

905

945

941

533

379

850

1.000

584

530

748

1.000

466

420

769

733

B35

B22

327

145

435

351

Annual GNP Growth 249

051

Extraction Method: Maximum Likelihood.

a. One or mare communalitiy estimates
greater than 1 were encountered during
iterations. The resulting solution should be

interpreted with caution.

Performing Factor Analysis

Note that some of the
variables have extraction
values equal to 1. Meaning
that all of their
accountable variance can
be predicted from the
extracted factors

Meanwhile the variable
Annual GNP Growth has an
extracted value of .051
meaning only 5% of it’s
accounted for variance can
be predicted using the
extracted factors

A SELECT INTERNATIONAL COMPANY



Performing Factor Analysis

. Unlike the PCA output, after Total Variance Explained
ext ra Ct|0 n’ the tota I amou nt of a -:_ : : Extraction Sum i_'-: uar 5 Ratation Su 9 ; :
. . . Cum |__1! ative U vum L.II atve
Va r-l a n Ce expla I n ed IS 67% (rath er Total C 94 Total an 0% Tatal Varianc Yo
1 8.391 44 161 44 161 4,702 24748 24748 5.438 28.621 28.621
than) 76.4% based on the top 5 2 2,705 14234 58,395 3472 18.271 43.019 2.360 12525 41146
3 1.303 5.859 65.255 1.919 10.102 53121 1.743 9172 50.318
Com ponents' 4 1.108 5833 71.088 2.001 10.533 63.654 1.697 8933 59.251
. . ) i 1.022 5.380 76468 [il5}3] 3513 67.167 1.6504 7916 B7.167
e So this solution doesn’t appear to 6 568 as6s | 81037
. H T BB7 3618 84 655
account for as much variation as the : ey o s
PCA approach ] 472 2486 90216
10 485 2.393 92608
11 M7 2.194 94 802
12 281 1481 965.284
13 222 1.166 97450
14 A7 9m 98.351
15 10 580 98.931
16 088 465 99 395
17 [0Bs 341 99.737
18 042 221 99.958
19 008 042 100.000

Extraction Method: Maximum Likelihood.
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Performing Factor Analysis

Scree Plot

e We also requested a Scree
Plot. This charts the
relationship between the
eigenvalues and the number
of factors/components

 Theideais that rather than
simply extracting factors
based on the rule that their
eigenvalue should be 2
greater than 1, a visual
representation might help.

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Performing Factor Analysis

e The convention is that the
number of factors we
should request
corresponds to where
‘elbow’ of the scree plot
seems level off

Scree Plot

* Inthis case, the plot
indicates that this might
be at the point 3 factors
are extracted. 2

Eigenvalue

 The obvious criticism of
scree plots is that they are
rather subjective

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Performing Factor Analysis

Goodness-of-fit Test

re

215452 86 000

*  Scrolling to the end of the output can see a Goodness of Fit
Test and a Rotated Component Matrix for our Factor Analysis

*  The Chi-Square Goodness of Fit Test compares the how well

the five extracted factors explain the variation in the data. -

* In this test, values below 0.05 in the Significance column
indicate the model does not fit the data well

-.887

-.866

855
-.704
610
605 -440 482
A58

. Here, the test indicates that the 5 factor solution does not fit
the data well *

*  We might resolve this issue by increasing the number of
factors that are extracted. But that might defeat the point of
the exercise if we are particularly interested in data
reduction

988
862
637

461

*  Perhaps Maximum Likelihood Factor Analysis is not an
appropriate method for this dataset unless we are trying to
detect latent variables as part of a wider theoretical model of
global economics and poverty 444 441 | ass

P i 820
] \ Annual GI owth
Extraction M Maximum Likelihood.

SMART VISION . . Ratation Method: Varimasx with Kaiser Narmalization
* Increasing the number of extracted factors to 8 causes this test to not be shown _ o
E o o B = a. Rotation converged in 6 iterations.

523 825

-.528

697




Performing Factor Analysis

Goodness-offit Test

*  The Rotated Factor Matrix shows the following results

. Factor 1 — accounting for 28.6% of the variation, is again
comprised of mortality measures and variables associated with
the degree to which a country is a developed nation

. Factor 2 - accounting for 12.5% of the variation again seems to
relate to size and population of the country

*  Factor 3 - accounting for 9.1 % of the variation appears to relate
to the degree to which the economy is agriculturally or service-
based

*  Factor 4 accounting for 8.9% of the is related to the wealth of
the country and the degree of urbanization

*  Factor 5 accounting for 7.9% of the variation is related to
population growth

. Note that the variable Annual GNP Growth, for which the
extracted solution could account for 5% its of variance, has no
loadings greater than 0.4, so its values are not shown

SMARTVISION

P =

NP produced in
iculture

MNP produced in

o

610

-440

482

988

862

537

461

523

825

-528

BIT

444

-441

485

920

od: Maximurm Likelihood.

Ratation Method: Varimasx with Kaiser Narmalization

a. Ratation converged in 6 iterations.
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Analysing Component Scores

e To demonstrate creating [ | T T
Facto/Component scores, lets — 0  67.00 34

. & Country name [country] & Total Area (km2) [area] = : }
retu rn to the pr‘ocedure dlalog and &> Continents [continent] & Population 1992 [pop92] 1.0 79.00 24

Population Growth 1980-1990 [... { -
A e . Qeasion ) 50 6800 32

change extraction method back to i [ | HE R

. f i ncy (wom irt...
PCA. To do so, click: /i e e

~ 1O 81.00 11
& Crude Death Rate [deathr] - —— =
° H - & Infant Mortality fin] 4- = : [
Ext ra ct I 0 n ! & PopulationHos #3 Factor Analysis: Extraction X L
& No. of Physicians o f
d Principal components & Populationphysi MM (Erincipal components T

f %GNP produced| [ Analyze Display
. & %GNP produced| | @ ¢ i ; i f
° . i orrelation matrix ¥ Unrotated factor solution [

N ow CI IC k . & Literacy Rate (% © Covariance matrix [ Scree plot

& GNP per capita ||

 Continue ¢ Popustontios BEEE

£ GNP 1991 (millia

©Basgd on Eigenvalue |

Selection Variable:
/ Eigenvalues greater than:

© Fixed number of factors
Factors to extract:

(Lo J(Baste | Reset |[cancel [ |

tatdi-} vewv ITUVUVY o f
Asia 143998 119283000 2.3 Maximum lterations for Convergence:
Europe 30513 9932000 A (ontinue _cancet |{_Help |
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Analysing Component Scores

DR TRAST AN i A Al Al 4 r‘vrvh il 4 ralv'l i > i il 4 lllvvllvl i
. hat th g t ‘10 43.00
° [
o) request that the procedure y;iables: 0 67.00
: @a Country [country) Total Area (km2) [area] . e |
generates component scores in the  [Bess S -0 755
form of new variables, now click: Aoty | 10 68.00
f Life Expectancy (men) at birth [lif... ‘ 0 79 00
° SCO res & Life Expectancy (women) at birt... E .
& Crude Birth Rate [birthr] 0 81.00
& i
® C h e C k th e b OX m a r ke d @ §9 ﬁ::s:hzzaatlri]tyr\’[?r::::?mﬂ '\fa Factor Analysis: Factor Scores X
& Population/Hosp.Bed [phbed] )
Save as va ria bles & No. of Physicians [doct] i
g Population/Physician [popdoc] Method
. %GNP duced in Agriculture [... .
° Now click: & %GNP ::zazz:a i: Szrwcize:r[egn... @ Begrezshoo
& Literacy Rate (%) it 8 Bartlett
H & GNP ita [ ] Anderson-Rubin
¢ contl nue & Populpaetirocnall»pioasp?t:([:;:phos]
& GNP 1991 (millions of §) lann911 [ | Display factor score coefficient matrix
b 0 K J ISelegtion Variable: | [Qonﬁnue] [ Cancel ][ Help ]
o .LO 81.00
(LK ) (aste ) (eset (cance) i | i
noa vewv ITOUVUVY oaewv vi.v r .o 76.00
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Analysing Component Scores

*  The PCA analysis is re-run as before but

. 21t # FACT_1 # FAC2_1 # FAC3_1 # FAC4_1 # FAC5_1
now 5 new variables have been added to ) 29.00 2.02089 -.85621 112990 89655 -.482
the dataset ) 76.00 -.50861 -.60883 21113 01169 -.547

) 72.00 37863 -.04462 -15253 -2.03314 -.38¢

o These variables show how strongly each ) 50.00 -.20542 -66107 43724 -.23806 -.188

case (or in this case ‘country’) loads on a ) 99.00 -13798 2.35712 1.05142 27136 -1.034
2 100.00 -1.18909 -.07282 -20228 -.09634 157

standardised scale 0 42.00 1.11317 -.05696 -.08430 2.39161 1.058
) 89.00 -.80371 132930 -.45501 -.03826 784

*  Thisis how the procedure can be used to ) 9400 -99954 31498 - 44487 - 28447 377
. . . ) 62.00 -.90719 -1.31271 44776 49847 -1.640

create dimensions for a personallty test, ) 95.00 35300 38307 57405 52714 1.088
showing, for example, how highly 2 95.00 -1.09242 78774 -55799 66122 3.251
. . 3 100.00 -1.07672 70594 1.46415 63283 - 887

someone scored on an introversion- ) 99.00 -.28920 1.64375 -34003 -.22679 -.078
extroversion Scale J 90.00 -1.25111 .25803 -.44223 87725 452
) 77.00 -1.39679 -.88475 -.20506 .09306 -.920

o In the same sense we can show how 2 35.00 84989 -93118 26492 1.22353 1.18€
. . , ) 99.00 -57371 1.75185 -.32580 17961 - 491
highly countries in the early 1990’s ) 91.00 -.79436 -1.15393 -.24501 -.37569 3¢
scored in Component 1: a scale related to > 2300 156223 - 45992 - 24837 00134 461
. . . 2 98.00 -1.29899 1.07846 -50245 97233 -597
high life-expectancy and literacy rates 3 18.00 2.01482 11549 -30280 07645 1.848
and economlc development ] 78.00 .04803 -.55765 -.02082 -.44161 -1.060
3 23.00 -.04887 -.83552 -12768 23738 1.54¢

al g1 NN -R271K - A4A1R/% 2 ARO20 A1T71R - 7842
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Analysing Component Scores

18 Chart Builder

* Under the Graphs menu, we can R ——
& Country name [co...| “ Grouped Scatter of REGR factor score 1 for analysis 1 by REGR factor score 2 for analysis 1 by Continents

use the Chart Builder to request a & Coriert on.

& Total Area (km2) [
& Population 1992 ..

Grouped Scatterplot of the first two % v

& Life Expectancy (.

score variables. R 1 :

& Crude Death Rat _ ® 0 © ® °
. & Infant Mortality fint. H @ e o ° . ® 2
*  Assign: Gl 2o o e e P .
[ Category 1 ; °® o .
e Component 1 (Facl_1) to the = cawonn 2 ) o c ot e
vertical axis R e
« Component 2 (Fac2_1) to the S
horizontal axis i R T,

* The variable Continents to the s
Set COlOf bOX Gallery  Basic Elements Groups/PointID Titles/Footnotes

Choose from

Favorites

. . Bar [ x o) (o | [|C0 (1
* To generate the chart click: = sl 6] e ggé :

Pt

LId

Area

PieiPolar
[ O K Scatter/Dot
Histogram
High-Low
Boxplot
Dual Axes

G (] (o) () ) )
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Analysing Component Scores

The resulting chart shows the positions
of the various countries with respect to
their values on the first two component
score variables.

Remember that those that score high on
the first component are countries with
low values for life expectancy, literacy
rates and urbanisation and high values
for agrarian economies

Whereas those that score high on the
second component are those countries
with low population growth and high
GNP per capita

SMARTVISION

» P o=

Grouped Scatter of REGR factor score 1 for analysis 1 by REGR factor score 2 for analysis 1 by Continents
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o°
MAME MICA®: C&‘S. o
OMAN—Q ‘5! A® o Nze". ne ok’
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@ Asia
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@ Europe
@ N&C.Am
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@ AusOcea

MALY
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® ysa

-2.00000
-2.00000 -1.00000 00000 1.00000 2.00000

REGR factor score 2 for analysis 1

3.00000 4.00000

A SELECT INTERNATIONAL COMPANY



Grouped Scatter of REGR factor score 1 for analysis 1 by REGR factor score 2 for analysis 1 by Continents
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Infroducing Cluster Analysis

* So far we have seen how techniques like Factor Analysis can be use to
detect latent factors and create linear combinations of variables by
identifying how groups of fields that are related to each other

* In contrast, Cluster Analysis refers to a family of techniques that focus on
how records (or cases) can be grouped together to create new category
groups in a data file

e Cluster Analysis attempts to establish a distance measurement between
the records in a dataset and to use this to find records which are most
similar to one another

SMARTVISION A SELECT INTERNATIONAL COMPANY



Infroducing Cluster Analysis

e  Cluster Analysis is used in multiple applications such as:

— Using demographics and shopping behaviour within a customer database to find similar
segments in order to drive deeper customer insight and provide more compelling
products or services.

— Using data from smart meters to establish the distinct ways in which different kinds of
households consume electricity

— Creating groups of similar retail stores together in terms of their sales patterns to more
effectively resource them and to uncover different modes of shopper behaviour

— Finding clusters of patients with similar symptoms and characteristics in order to detect
otherwise hidden illnesses and disorders

— Uncovering separate groups of user interactions with a website or an app in order to
improve the layout design and information delivery

SMARTVISION A SELECT INTERNATIONAL COMPANY



Finding groups to drive deeper insight

+

'Pioneers Cautious Spenders Loyal Latents

WL LML)

High-Maintenance ~ Silent

Techniques like cluster
analysis can uncover
subtle differences and
previously hidden
groups

Endangered

EXOI
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Comparing Cluster Methods
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Infroducing Cluster Analysis

Analyze  Graphs  Utilities Extensions Window Help

Reports L == j 1A] ( 7,7

. . . Descriptive Statistics @ _LH] @

e |IBM SPSS Statistics has three Cluster Analysis il
algorithms: o

General Linear Model

var var

Generalized Linear Models
Mixed Models
Correlate
Regression
e K-Means Cluster
Neural Networks
Classify

¥ TwoStep Cluster...

Dimension Reduction ﬂ K-Means Cluster...

 Hierarchical Cluster Analysis

Nonparametric Tests

[i7ll Hierarchical Cluster...
[&d Cluster Silhouettes
Tree...

M Discriminant..

Forecasting

Two- Step Cluster Suva

Multiple Response
B2 Missing Value Analysis... [ Nearest Neighbor..
Multiple Imputation » ROC Curye...
Complex Samples » | ROC Analysis...
%) simulation...
Quality Control »
3 Ranfor Prediction
[E3 RanFor Estimation...
Spatial and Temporal Modeling...
Direct Marketing »

Y v Y VY VY VY VY VY VYV VY VY VY VY VY VvV VY v w
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Infroducing Cluster Analysis

. K-Means Cluster

. This is a classic form of cluster analysis designed to work with continuous variables. The K-
Means algorithm (the SPSS Quick Cluster command) identifies k number of centroid positions in
the data and then allocates each case point to the cluster with the nearest centroid.

It begins this process by calculating an average value for each case in the dataset

2. Then it tries to find k cases have very different average values.
3. ltusesthese k cases as its start points (i.e. the initial centroids)
4. It calculates which of these initial k centroids are the nearest neighbours of the remaining

cases and assigns each case to the nearest centroid to form a k clusters

5. Having formed k clusters it recalculates the centroid of each cluster as then reassigns all the
cases to the nearest new centroids

6. It repeats this process. As it does so, the centroids change positions a little less each time
until the centroid positions stop moving and the final clusters are established

SMARTVISION Hereis a great visualization of this process A SELECT INTERNATIONAL COMPANY
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https://www.naftaliharris.com/blog/visualizing-k-means-clustering/

Infroducing Cluster Analysis

Limitations of K-Means Cluster

* It requires the user to choose how many clusters they want before they run the analysis

* You can’t use variables like region or product category. It really only works with continuous data.
Dichotomous (binary) variables can be used, but it’s better if all the data are made up the same
variable types.

* InSPSS, the variables need to be standardised in some way. This means that variables like income
and age need to be converted to something like percentiles or z-scores so that they are measured
on the same scale. Otherwise, income will have a much greater influence as it’s normally
measured in thousands whereas age is normally measured in single or double digits.

* There is arandom element to the procedure as the initial cluster centre is randomly chosen. So
sorting the data and re-running the procedure may produce slightly different results.

* Because the clusters are formed by centroid calculations, outlier cases may have an increased
influence on the cluster formation
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Infroducing Cluster Analysis

 Hierarchical Cluster Analysis

. This is another classic cluster analysis algorithm again designed to work with continuous
variables. Hierarchical clustering (sometimes referred to as ‘Agglomerative’ clustering) works by
calculating the ‘distance’ between every possible combination of cases in the dataset.

. The normal approach to calculating the distance between two cases is to use Squared Euclidean
Distance

65% 78% 56% 82% 72%
Squared

Distance

55% 82% 66% 75% 74%
Note that all the variables are in the same units for simplicity sake. As with K-Means A SELECT INTERNATIONAL COMPANY

SMARTVISION Clustering, Hierarchical Cluster Analysis requires that the data values are in the same units.
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Infroducing Cluster Analysis

. Hierarchical Cluster Analysis also requires the input data to be standardised, however
the procedure includes a setting that will do this for you.

. Because Hierarchical Cluster Analysis needs to calculate the distance between every
combination of cases, it means that even with modest data sets of 1,000 records, the
number of unique distance calculations in a matrix is equal to 499,500.

So this technique becomes impractical when dealing with large data files.

Matrix showing distance calculations between 5 cases

Case 5

Case 1l Case 2 Case 3 Case 4

0 5.0 7.8 13.9 11.6

5.0 0 7.0 12.4 5.8

7.8 7.0 0 9.2 4.9

13.9 12.4 9.2 0 22.3

‘G\ 11.6 5.8 4.9 22.3 0

SMARTVISION A SELECT INTERNATIONAL COMPANY

U or o P e



Infroducing Cluster Analysis

Dendrogram using Average Linkage (Between Groups)
Rescaled Distance Cluster Combine

Case 201 14
Case232 156

Case 80 9
- - case101 10
. Case 130 11

SMARTVISION Case 282 18

P = Case 150 13

a 3 10 13 20 25
. Nevertheless, because this technique Case22 3 1 : : : :
can calculate the distances at the 2?: ;q
finest degree of granularity in the Case 47 ﬁﬂ
data (i.e. between individual cases), it e y
means that it can start to form cos 19—
hierarchies of clusters as the z:z ;J
individual cases are grouped together. Case2st 18
. So users can request a range of -
cluster solutions (e.g. 4 to 9 clusters) > Case 347 24]
«  This hierarchical structure is shown in e
a dendrogram chart. Case302 21
S I
a
oy




Infroducing Cluster Analysis

Limitations of Hierarchical Cluster Analysis

* ltrequires the user to at least choose the range clusters they want before the analysis is run
* It only works with continuous data, count data or binary variables. In whichever case, all the data
should be comprised of the same variable type.

* |t needs to calculate a matrix that stores the distances between individual cases. This is written
out as a temporary file in the background. The size of this file increases exponentially as the

number of rows in the original data file increases.

A SELECT INTERNATIONAL COMPANY

SMARTVISION



Infroducing Cluster Analysis

e  TwoStep Cluster

. The 2 Step Cluster method avoids the issue of poor scalability that Hierarchical Cluster
suffers from. Meaning that it can be used against large datasets.
1. It gets around this by initially scanning the data to create a ‘tree’ of many ‘leaf’ clusters
containing only a few cases in each. This is the first step.

2. The second step takes the form of a hierarchical clustering process based on the micro-
clusters generated in step one.

. Further advantages of the 2 Step Cluster method are that:
. It allows us to use both continuous and categorical variables

. It attempts to recommend the ‘optimal’ number of clusters based on a criterion known as the
silhouette value. The silhouette value is a measure of how similar a case is to its own cluster
(cohesion) compared to other clusters (separation)

. It automatically standardises the variables so that they are all in the same units
. It has its own Cluster Viewer application to help us understand the differences between the

G clusters in the resulting cluster solution

SMARTVISION

» P o=
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Infroducing Cluster Analysis

 Limitations of TwoStep Cluster

. Despite its ability to use both categorical and continuous variables, in practice, the results of
the TwoStep Cluster method are more heavily affected by the inclusion of categorical
variables. Meaning that different combinations of the categorical variables can dominate the

results.

. Although TwoStep Clustering will automatically select the ‘optimum’ number of clusters, often
this results in a solution containing only two clusters. Analysts should therefore be prepared to
over-rule this automatic setting and experiment with specifying their own required number of
clusters.

. The algorithm contains a random element meaning that sorting the data in a different order
may produce slightly different cluster solutions.
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Performing Cluster Analysis

# "Cars for Clustering.sav [DataSetZ] - IBM SPSS Statistics Data Editor

ile Edit View Data Transform Analyze Graphs Utilities Extensions Window Help

 We are using the Cars for S ] Report » [ERmEE | Ao (o
. JAs . DZEZri:tive Statistics v |ER j ad D
Clustering.sav dataset sy :
* This dataset is comprised of GHpoRMRdeR - "ot Paccel | deyli
. . . 1 32 o 95 12 4 Cyli
variables showing different GeneralLinear Model ' il
h . | d h . | 2 30 Generalized Linear Models » 385 13 4 Cyllr
physical and technica 3 36 ot ' 70 13 4 Cylin
performance measures from 379 4 34 =i © 100 13 4 Cylin
automobiles 5 34 Loglinear > 156 13 4 Cylin
6 27 Neural Networks » o 14l 4 yI|r
* Torequest the TwoStep Cluster Classity » [ @3 Twostep Guuster. :
. U 23 Dimension Reduction » i3] K-Means Cluster... Cyllr
procedure, from the main menu, 8 36 s S R S
H . Nonparametric Tests » ) -
Cl IC k . 9 36 iy 4 Cluster Silhouettes Cylin
e E Tree... .
10 26 Sunival ’ Cylin
® Anal e : M Discriminant...
e Classify . = = .
12 28 Multiple Imputation > ROC Curye... Cylin
° Twostep Cluster 13 31 C.omp!e-x Samples » | ROC Analysis... Cylin
14 26 P Siaton 85 15 4 Cylin
Quality Control »
15 38 X Ranfor Prediction 25 15 4 Cylin
™~ 16 30 [ RanFor Estimation... 55 15 4 Cylin
Spatial and Temporal Modeling... » -
SMART VISION - =3 Drettaretng » 30 15/4 Cylip

P =



Performing Cluster Analysis

*

t,-‘ TwoStep Cluster Analysis

. . ) Categorical Variables: Qptions...
e Tointroduce the procedure, in this e

,{I Country of Origin [origin]

example we will only add the
continuous variables in the dataset
tO the bOX marked: Continuous Variables:

f Miles per Gallon [mpa]
f Engine Displacement (cu. inches) [engine]

* Continuous Variables % toreomones Tares
fVehicleWeight(lbs.}[weight]
° TO generate the Cluster Solutlon' & Time to Accelerate from 0 to 60 mph (sec) [accel]
CI ICk: Distance Measure Count of Continuous Variables
@ Log-likelihood To be Standardized: 5
i 0 K @ Euclidean Assumed Standardized: 0
Mumber of Clusters Clustering Criterion
@ Determine automatically @ Schwarz's Bayesian Criterion (BIC)
Maximum: a © Akaike's Information Criterion (AIC)

© Specify fixed

-
-

[_ok ][ paste |[ Reset || cancel|[ Heip |
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Interpreting Output

The initial output, displays only the Model
Summary showing the three cluster groups
were found

Also the Silhouette measure is above 0.5
meaning that in terms of creating clusters
that are cohesive and distinct the solution
can be nominally regarded as ‘good’.

In practice, it’s rare to get a Silhouette
measure of this magnitude and analysts
should continue to explore the output even
if the results are shown to only be ‘fair’.

To activate the Cluster Viewer:

*  Double click on the Model Summary
output

SMARTVISION

P =

Model Summary

Algorithm TwoStep

Inputs 5

Clusters 3

Cluster Quality

Poar Fair Good

T T T
-1.0 05 0.0 05 1.0
Silhouette measure of cohesion and separation

The silhouette value ranges from -1 to +1, where a high value indicates that the case is well matched to its own cluster
and poorly matched to neighbouring clusters. If most cases have a high value, then the clustering configuration is
considered appropriate.
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Interpreting Output

* The Model Viewer opens into its own T ——
H 141 1 Eile Edit Generate View Help
wmsﬂc?w. In‘ltlally, it F)nly show§ us some =R Su—
additional information regarding the 3
. . Cluster Sizes
relative sizes of the cluster groups. i
[m ]
* Note however that both panes have their Model Summary a:
own drop down menus allowing us to algoritim TweStep
access additional output. npus 5
Clusters 3

e To see more details about the Cluster
solution, click the drop-down menu

Cluster Quality

labelled:
1.0 D‘S UIU 0‘5 10
° M od e I S u m m a ry ’ Silhouette measure of cohesion and separation ’ Size of Smallest Cluster 96 (24.6%)
Size of Largest Cluster 193 (50.9%)
[ ]
"'and seIeCt Ratio of Sizes:
Iéﬁrgﬁs‘stcgim;i’ 1o 207
mallest Cluster

(DI

e  Clusters

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Interpreting Output

. . B Model Viewer _ O %
e We now see more information
Iy g B T frrEET=
about the clusters. The cluster table :
Clusters

shows each cluster’s average values S —

BE1.0@0s0os00400200.0

for the input variables . ar

Cluster 1 2 3
Label

e There are several buttons along the
bottom of this pane. To sort the @
[

Cluster Sizes

clusters in order of their cluster
number click:

24.6% ‘ ‘ 24.6% | ‘ ‘509%
(96) (96) (159)

Engine Engine Engine
D\sp\a:ahme;t(:u D\sp\i:a':ne’m(:u D\sp\i:e":ﬂe?l(:u

es; es; es;

Vehicle Weiaht (Ibs.) | Vehicle Weight (Ihs) [Vehicle Weight (Ibs.)
CHIETAL) s AT Size of Smallest Cluster 36 (24.6%)

i o
%188 05,03 7553 Size of Largest Cluster 139 (50.9%)

Ratio of Sizes:

*  You may notice that the input -
variables are also sorted, from top e et | Tmete e | Tmets s
to bottom, in terms of their = = =
importance to cluster solution

SMARTVISION A SELECT INTERNATIONAL COMPANY
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View: [Glusfers,

View: |Cluster Sizes x

Sort clusters by name




There are many different ways in

which we can compare the clusters in

the Model Viewer. To see a visual
representation of their distributions,
click the Absolute Distributions
button:

Now click the first cell in the cluster
table.

The Cell Distribution chart is now
shown. Indicating that Cluster 1 is
comprised of cars with a larger than
average engine compared to the
overall distribution.

SMARTVISION

P =

Interpreting Output

File Edit Generate View Help

Input (Predictor) Importance

E10E0e006004002000

Frequency

I

PP

>

Bb
3
=1

BEEE
View: Clusters 4 -

]

BEE ~LdEH
=

i e (1

Cell Distribution

Coveral
(=]

T T T
o 100 200 300 400

Engine Displacement (cu. inches)

View: Cell Distribution hd
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*  One way for us to compare
the Cluster groups is to ctrl-
click the header of each
column in the cluster table.

e We can now see the
interquartile range of each
cluster group depicted as
series of charts with the

median value shown in the
middle

SMARTVISION

P =

Interpreting Output

Model Viewer

- a X
Eile  Edit Generate View Help
I 1 B 1) Ity e 2|14
Clusters
Input (Predictor) Importance Cluster Comparison
E1.o0E0s006004002000
1TH2HE3
Cluster 1 2 3
Label
T —
Engine Displacement (cu. inches) —
|51 Vehicle Weight (Ibs.) —
| ‘ :4-5%‘ | 245%‘ | ‘5ua%
(96)| (98) (199)
nputs
i
A =
Horsepower i
ehicle Welg| 5.) | Vehicle Weight (Ibs) |Wehicle Weight (lbs.)
Horsepower Horsepower Horsepower
/\ Miles per Gallon —
Miles per Gallon Miles per Gallon Miles per Gallon
Time to Accelerate | Time fo Accelerate | Time to Accelerate "
from 0 to 60 mph from O to 60 mph from 0 to80 mph Time to Accelerate from 0 to 60 mph (sec)
sec) (s £h)
=
0 = ==
EEEENEERE T 1 T
View: View: |Cluster Comparison ~
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Interpreting Output

Cluster Comparison

1M 2M3

Middle 50% of distribution
for Cluster 2

Engine Displacement (cu. inches) ——

Median

\ }

Middle 50% of Overall Distribution for
Engine Displacement

Overall Distribution for
Engine Displacement

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Interpreting Output

*  We can also request that the
Model Viewer displays a
‘predictor’ importance chart = [se & s e s

. . AL ‘Jﬁné:.

showing the relative
. . Clusters Predictor Importance
importance of each variable P —
. . @i1.0B0800600.400.2000
in the analysis.

Cluster 1 2 3 Engine Displacement (cu
Label inches)

*  Finally, we could have
requested that the e N e)
procedure saved the clusters
as a cluster membership Bl et
variable in the dataset so a LA A
that we could perform our A A

=

Wehicle Weight (Ibs.)| Time to Accelerate Horsepower

fram 0 to GO mph
s;

own further analyses, but we 2 (
will introduce this in our next

L

)

Time to Accelerate from 0 to
I ——— 60 mph (sec)
Horsepower Wiles per Gallon

L & | o

| I
s
o
2
24
e
P

Time to Accelerate Horsepower Time fo Accelerate
exan |p e. from 0o 0 mph from 0 1980 mph
)
AN
r 1 1
Least Important Most Important

ABEE SEE e Ew

G\ View: |Clusters A
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Creating Cluster Groupings

In this last example, we are using the
Charity_Donors_Clustering.sav dataset

This file is comprised of variables
showing donation data from 4,227
charity supporters over a three year
period

Again employing the TwoStep procedure,
we are using all of the continuous
variables and assigning them to the
Continuous Variables box

As well as three of the categorical
variables: Gender, Direct Debit, and
Main Channel

Click:
e  OK

SMARTVISION

P =

Average_Gift | ¢ Changes_Pay_Method_Max ¢ Changes_Amount_lMax | ¢ Number_of_lranse

38.00 1
An An A r
IE TwoStep Cluster Analysis X
Categorical Variables: o
= -Qpnons...
& 1D [Donor_ID] & Gender [Gender] —
,{I Year of last donation [Year_of_last_Donation] & Direct Debit [Direct_Debit]

& Main Channel [Main_Channel]

Continuous Variables:
& Total donated [Total_Donated] =
& Average donation value [Average_Gift

é’ Changes in payment method [Changes_Pay_Meth...
& Changes in amount donated [Changes_Amount_....
& Number of Ty I _of_Ti
f; Tenure in Months [Tenure_Months] =

Distance Measure
® Log-likelihood

Number of Clusters
©® Determine automatically

Maximum: E

© Specify fixed

-

Count of Continuous Variables
To be Standardized: 7

Assumed Standardized: 0

Clustering Criterion
© Schwarz's Bayesian Criterion (BIC)
© Akaike's Information Criterion (AIC)

(Lox J{paste |( geset | cancel || Help |
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Creating Cluster Groupings

* The Model Summary shows that the

procedure has automatically Model Summary
produced a cluster solution
comprised of three groups. Algorithm TwoStep
* Let’s assume that the analyst nputs 10
suspects that there are more
‘natural’ supporter segments in the Clusters 3
dataset.
*  With that in mind we will return to Cluster Quality
the Cluster dialog and overrule the
automatic setting, instead
requesting five cluster groups | R e SEE
-1.0 0.5 0.0 05 1.0

Silhouette measure of cohesion and separation

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Creating Cluster Groupings

* Inthe area of the dialog marked PY———
Number of Clusters, click the Categorial Variatles:

&> ID [Donor_ID) & Gender [Gender]

ra d |o b utto n m a r ke d S pecify fixed 4l Year of last donation [Year_of_last_Donation] & Direct Debit [Direct_Debif]
&3 Main Channel [Main_Channel]
and enter the value: 5

X

Continuous Variables:

f Total donated [Total_Donated] =
* Before we run the procedure % oo o mangs_7o .

. [E] & Changes in amount donated [Changes_Amount_..
aga | n h oweve r’ We Ca n req u est g ?umber c:;rair:.lsa;iuns [N:'Imbt:r_luf_Transadiuns]
th at th e a n a |ySiS a Iso Saves th e Distance Measure T Countof;ontinuous Variables
cluster membership as a variable. e T
To do so, click the button marked: RT—

© Determine automatically O
*  Output :
@ Specify fixed

Nuer

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Creating Cluster Groupings

* Inthe resulting sub-dialog, check
the box marked:

* Create cluster membership
variable

* Now click:
e Continue
e OK

SMARTVISION

E ur o p =

6 o
Categorical Vari
& ID [Donor_ID} & Gender [Gender] 11
dj Year of last donation [Year_of_last_Donation] &) Direct Debit [Direct_Debit] 3
& Main Channel [Main_Channel]
- 2
@ TwoStep Cluster: Output X
_(_:;ninuous Variabl: Output
Total donated [ Pivottables

& Average donati

f Changes in pa

f Changes in am

& Number of Trar

é? Tenure in Montl
IS

Distance Measure
@ Log-likelihood

Number of Clusters
© Determine automatically

-

© Specify fixed

Number: EE

Count of Continuous Varia
To be Standardized:

Assumed Standardized:

(Lo ) [ paste | Reset ) (cancel] (]

IR

9.00
10.50
10.00

AD NN

¥/ Charts and tables in Model Viewer

Variables specified as evaluation fields can be optionally displayed in the
Model Viewer as cluster descriptors.

Variables: Evaluation Fields:

& ID [Donor_ID]

4l Year of last donatio...

Working Data File

¥ (Create cluster membership variable

XML Files
| Export final model

Export CF tree

LQonﬁnu_a][ Cancel ][ Help ]

J OO O

A SE

0

~ o
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Creating Cluster Groupings

* The Model Summary shows a five
cluster solution and interestingly, the

Silhouette measure has increased Model Summary

slightly.
 Once again, to access the Model Viewer Algorithm TwoStep
application, double-click on the Model
Inputs 10
Summary output.
Clusters &

Cluster Quality

Poaor Fair Good

I I I
-1.0 -0.5 0.0 05 1.0
Silhouette measure of cohesion and separation
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Creating Cluster Groupings

* The Model Viewer opens into its own
window. It shows the proportions of cases
that have fallen into the different cluster
groups. The smallest group accounts for
5.7% of the data and the largest 31%.

e To see more details about the Cluster

solution, click the drop-down menu
labelled:

e  Model Summary
. ...and select
e  Clusters

SMARTVISION

P =

Model Viewer

File  Edit Generate View Help

i g & 1) iy P B 1)
Cluster Sizes
Cluster
(=]
w2
|_E]
[=E)
Os
Model Summary
Algorithm TwoStep
Inputs 10
Clusters 5
Cluster Quality
Poor F Good Size of Smallest Cluster 242 (5.7%)
1.0 ds 0o 05 10
Silhouette m of cohesion and separation Size of Largest Cluster 1312 (31%)
Ratio of Sizes:
Largest Cluster to 542
Smallest Cluster
View: |Model Summary ~ ‘ View: Cluster Sizes b
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Creating Cluster Groupings

* Again, we can sort the clusters in
order of their cluster number by [T — T
. . LT - 4 B 3 L
clicking: ;
= Cluster Sizes

The categorical variables seem to be

[ ]
dominating the cluster solution. We ey ,
can see that: o

e Cluster groups 2 and 3 are the only
ones using direct debit

Cluster group 1 is 100% female and
cluster group 4 is 100% male

Size of Largest Cluster 1312 (31%)

Ratio of Sizes:
Largest Cluster to 542
Smallest Cluster

View  Cluster Szes

A SELECT INTERNATIONAL COMPANY
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Creating Cluster Groupings

*  Cluster groups 1 and 4 are almost exclusively Direct Mail channel users
e Cluster group 2 dominates the Events channel

*  Cluster group 3 dominates the web channel

* Cluster group 5 almost exclusively use Periodicals/Affinity channels

Cell Distribution Cell Distribution Cell Distribution
go

L]

2000

oar &
Main Channal

Cell Distribution

[ =]
"9

A SELECT INTERNATIONAL COMPANY
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Creating Cluster Groupings

e  Further analysis shows that cluster group 2 is Cluster Comparison
associated with significantly larger donations,
multiple transactions, multiple donation methods and o8O ®
long tenure

*  You may recall that this cluster group is also strongly
associated with charity events — Qe . O o

g

.............

* Perhaps this group contain supporters whoare T s
heavily invested with the charity and directly take
part in, or organise sponsored events to raise money b

Humber of Transactions E -
G s i

SMARTVISION

» P o=
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Creating Cluster Groupings #T5C_7459 |

* The five cluster solution has also been saved as a new variable in the data file.
* This variable simply marks which cluster group each record belongs to

* Itis common practice for analysts to rename these cluster groupings so that
they have more meaningful descriptions

TwoStep Cluster Number

Valid Cumulative
Frequency Percent FPercent Percent

RN NN W =2 WW W LWwNWN NN WOW=2 WD W W W ww
= AW W e AW N W LN
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Creating Cluster Groupings & Cluster

e  We can run some prepared SPSS syntax to add some
value labels generate a chart.

w W w w w
W o ;N

» Before we do so, we should rename the cluster
variable first (as the name changes with each -8

fle Edi View Dai  Transm  Anabze Graghs  Uiifes Run  Tools Extensions Window  Help
. == O [ = ) Al .
analys|s) =H = . e o E% ] > ection . o | @
.
€Y = -

] Step Through » =
2 [ ]
Value labels 3 RE ) Aciive DataSst y s
. . . GGRAPH 4
* Double- click h bl h
ouble- click on the variable name in the G | it
7 2 'Star Loyal
. 8 3 Direct Debit Web Women'
column header and change the name simple to || St
10 & Bedrock Affinity Angels’.
‘ ’ "
cluster’. B o
14 I /GRAPHDATASET NAME="graphdataset” VARIABLES=Year_of last_Donation ()[name ="COUNT"] Cluster
15 MISSING=| REPORTMISSING=!
16 /GRAPHSPEC SOURCE= .
17 BEGIN GPL
. 18 SOURCE: s=us id(" aset”]
° Open the SPSS Syntax flle ‘Cluster Bar Cha rt 19 DATA: Year_of | urce(s), nam("Year_of_last_Danation), unit.category()
5 || oo o
. A . 22 GUIDE: axi o "
Charity Group by Years.sps’ and execute it = || oo | ”
). label("TwoStep Cluster Number"))
25 GUIDI cked Bar Percent of Year of last donation by TwoStep Cluster Number™))
%6 b SCAL
27 SCALE: 4", "5"))
28 ELEMENT. interval.stack(| percent(Year_of_last_Donation"COUNT,
. . 29 base. quare))
* To do so, from the main menu in the syntax s almoon 5

vor |
Al 18M $PSS Statistics Processor is ready | | [Unicode:OFF [In26 Col 35 | [NUM | |

window, click: 3 T

* Run 1 1
G - Al 2 "
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Creating Cluster Groupings

* The resulting stacked bar
chart shows that the group
‘Bedrock Affinity Angels’
(formerly cluster group 5)

increased their presence in
2013.

 Also, in the same year, we
can see the emergence of
the ‘Star Loyal Eventers’ as
a significant segment

SMARTVISION

ra p o=

Percent

100

a0

60

40

20

Stacked Bar Percent of Year of last donation by TwoStep Cluster Number

TwoStep Cluster
Number

o

B Bedrock Female Responders

M Star Loyal Eventers

M Direct Dehit Web Women
MNew Cash Direct Malers

M Bedrock Affinity Angels

2011 2012 2013

Year of last donation
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Benefits and Challenges of Cluster Analysis
« Benefits

— Can find very subtly different groups that might otherwise have
been missed

— Lets the dataset tell its own story

— Can utilise multiple dimensions/variables } Sﬁ’ :

— Can be combined with Factor Analysis ; L PR
+ Challenges 1" ‘3?..-'%‘

— Need to determine how many segments there should be .."-‘::";b;“{o‘

— Needs care when interpreting i "’-"’f

— Can’t automatically select the most useful variables
— Highly correlated variables may be measuring the same thing
— Not always obvious how to exploit the results
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Working with Smart Vision Europe Lid.

e Sourcing Software
— You can buy your analytical software from us often with discounts
— Assist with selection, pilot, implementation & support of analytical tools
— http://www.sv-europe.com/buy-spss-online/

* Training and Consulting Services
— Guided consulting & training to develop in house skills
— Delivery of classroom training courses / side by side training support
— Identification & recruitment of analytical skills into your organisation
* Advice and Support

— offer ‘no strings attached’ technical and business advice relating to analytical
activities

6_ Technical support services
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http://www.sv-europe.com/buy-spss-online/

Contact us:

+44 (0)207 786 3568
info@sv-europe.com
SMARTVISION Twitter: @sveurope  ©
E ur o p e Follow us on Linked In ®
Sign up for our Newsletter

Thank you
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