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Data 1. ANSAAs1zpNRYsenay (Factor analysis) T
mallalunsAundUsenauene ¢ (factors) a1nye
summarisations AU DIAYTLADUTINAY (FUWUSAN)

. LU’]%?J’]EJ%HF]@BQ@‘US”B’Q@‘WHF] L‘WBﬂ’]‘Viu@
Iﬂiﬁﬂi’]ﬁwuﬁﬁuﬂﬂ\‘iﬁﬁ LUSTRAITILASIZH

2. fudshildgnszydssianindusiudsauniadis
DS LAFLATIFTDUYAANUTUWUSTI NI T UL
AUYNARUATENIINEILUST LINBANRUALADBINFTINY
5ynI1 Yaay (FACTORS)

3. Fﬂ’ii)Lﬂ‘i%“r‘iaﬂﬂﬂ‘iuﬂBUZ@SUﬂWSBBﬂLLUUNWLWBLLH@Q
Variable @maﬂwmmwmﬂ%msiummummimmmmu
uaﬂa\ﬂ@wmiawLawamauawa@

selection
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MAEAE & MAB Training
CFA: mmmsmfmaaumwi%

ﬂ SYLAANUBDIN '53 LAI9) gﬁa \ é‘]_l S¥A291 pejluusiazaguingisimsinifiys

wamwaaﬁﬂuﬂamuu 9599159 (3

* ﬁJﬂ‘iﬁ)‘ULL‘L’Q@@BEJLLa'J SN Nakb

EFA: maﬁmsa@ﬂammws 'Imm gugmqmwammuuagiu

mfusmaaummuﬂs?maﬂ GIHEE

muliasdUsznaule | lvsi - 1 CFA pnaapuinlaunad

. Sradiabisihdudslang Factor ana VSIS Amun imnzaufuioyaid
AIBALUIN 1A LNYaLA

¢ Summar_'s'ng data » Testing generalisation of
by grouping ‘ factor structure to new data.

correlated variables.

* Making use of only the
measurement model

* Investigating sets of Exploratory Confirmatory component of the general
measured variables . ] SEM.
related to theoretical | factor analysis factor analysis . | shouid be based on
constructs. theory and/or the results of

EFA and other psychometric

+ Preliminary (EFA) (CFA) tests.
eXploraU_On of data « Test of theory against data
(Data-driven) (Theory-driven)
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AT5ILAS12H9AYUSZADY

« Also called “unrestricted” factor analysis. FHUAFIUNIFTILATIEN
+ AurIAIANNEuRUSYReadw (factor 1. AnuduWussenIne Factor Av variable 1HuLis
loadings) miwmfmmamwus'ﬁwmwmLL‘Us‘n LJ14m59 (linear relationship)
Faunaldliavige S dee o
] L 0. Uauaniimlswiu interval scale
o 9UIUTIVNY (N factors) = INUIUAILLUSHFILAE v o o
(& (n of observed variables) 3. Factor waz error 1 JUDAIZADAN
- fudsanuadianuduiusiuyniady 4. NUINTDYANUILTATIZAADIUINATIIFNNINA LT
factors). . . L : .
( ) 5. Multicollinearity in the data is desirable

. LﬂUSﬂH’]?)’lu"Jud‘]le?)El <n 9 "a5uny" Usunen because the aim is to identify interrelated set
AN LLUSUFIUNTUAR A IUTEA VAU WD 19 of variables

+ "Aanundny’ 1p9iadugAfNnuA AU ULDDS 6

. o e e RN . Data is not an identity matrix. (faULHRLUDUE AU
ANANNANNUDYDIUI9Y (pattern of loadings). Y ( 1)

« No unique solution where >1 factor,
rotation used to clarify what each factor
measures.
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YUIAAIDLUINNLHRUIZTU (HAI15ILATIZH

: Sufficient factor
5 s 5 o y N Sample size loadin
1. 2A51d9RIUANDDIAILYUST1%5D EFA @2 1:5 (1 @9 &

L o 50 0.5
LUS AMUINAIDYIY 5 observations
60 0.70
= Ex. 20 fuds A25uia29819 = 100 observations 70 0.65
2. Ideal condition ratio is 1:20. 85 0.60
) . o o ) 100 0.55
3. AMUIUAIDYINEADIUINAINUIUAILYTNILATIZH 190 050
4. 110629819 (HAI5HBEAI1 50 6989 150 0.45
200 0.40
250 0.35
350 0.30

Source: Hair et al. (2014)



Component analysis VS Factor analysis MAEAE & MAB Training

Principle component analysis  Factor analysis - If you want summarising a

number of correlating variables
in a few new variable with
smallest possible loss of
information, the component
analysis is the answer.

« |f you want explaining the
correlations in a data set in form
of factors, the factor analysis is
the answers.

p
Xj = .ZlbtiifOTJ' =12,...,p « However, component analysis is
. "~ less complicated and usually
Xj = Y AjiF; + AFjspec t €jforj =1,2,...,p give the same results as
=1 exploratory factor analysis. Thus,

[
Y, = Y axifori=12,...,p
j=1

Formative .
Reflective most component analysis
; ; I and EFA both go under the
o L » Direction of causality is from .
«  Direction of causality is from measure to name of factor analysis
construct to measure
construct . M dto b (Blunch, 2013).
«  No reason to expect the measures are easures expected to pe
correlated correlated

« Indicators are not interchangeable « Indicators are interchangeable
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Formative vs. Reflective

L Formative J E Reflective }
F1. | have a balanced diet. R1. | eat healthy food.
F2. | exercise regularly. R2. |1 do not each much junk food.
F3. | get sufficient sleep each night. R3. I'have a balanced diet.
S Diet

R1 R2 R3
F1 F2 F3 ‘ ‘ ‘
@ @ Qe

Principle component analysis Factor analysis




Steps in EFA

Collect and Estimate the
explore data: Determine the model using

MAEAE & MAB Training

choose relevant number of factors predefined
variables number of factors

Construct scales Decide if changes need
to be made (e.g. drop Rotate and

item(s), include item(s)) interpret
anaIyS|s and repeat step 3 - 4

and use in further
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1. Download the file Factor analysis — Data for factor analysis

2. click the Analyse > Dimension Reduction > Factor

L AAAAILUSNADINS LE LUYDY variables

@ Data for Factor analysis - Food_Info_Preferences.sav [DataSet1] - IBM SPSS Statistics Data Editor

. | )
File Edit VWiew Data Transform Analyze Graphs  Utilities Extensions  Window  Help | Q Factor .ﬂmal:.rsm *
) E Reports 3 B C@
= E?___j =~
i ﬁ H = Descriptive Statistics 3 = 4 Variables:
[ [ = . I | val | Missing | Col = . M
Name ype Bayesian Statistics » TLEE L LT .
1 idnumber Numeric Tables y  mber None -999 8 ﬁ idnumber d:l HEALT
2 HEALT Numeric Compare Means , palthrisks c... {1, Complet... -999 8 % GEMERE {I BAEAUT Exraction...
3 BAEAUT  Numeri P —— b [ods related t... {1, Complet... -99 8 & AGE gl ANTIA
: ‘Ij:-'lr'l“? :umenc Generalized Linear Models > ods Cloni!:m E] Eomp:et... _::: : d:l AGE_01 d:l LISTY
umeric . le style, -1, Complet... - - &'DTEE
Mixed Models >
6 TREND Mumeric B ends, consu... {1, Complet... -999 8 d:l "!"GE—DE d:l TREND
- Correlate 4 ;
7 FSAFE Numeric N od safety iss_.. {1, Complet... -999 8 &) EDUCZ d:l FSAFE i
5 :
8 POLIC Numeric S R od regulation... {1, Complet... -999 8 d INCOME d:l POLIC
" Loglinear 3 - .
9 TRADI Numeric adition, regio... {1, Complet... -999 8 d:I TRADI
10 |AGRIC Numeric IEIENETETS " loduction tec. {1, Complet_ -999 8
11 |PRIND Numeric Classify - 8 ol AGRIC
12 |couls Numeric Dimension Reduction | i Eactor.. 8 JHl PRIND
13 GENERE Numeric Scale D [ Correspondence Analysis... 8 m cous
14 AGE Numeric Monparametric Tests 4 13 Optimal Scaling.. 8
15 AGE_01 Numeric Forecasting 4 . 3
16 AGE_02 Numeric Survival b IO categories {0, 45 oryo... None 8
17 EDUC2 Numeric Multiple Response »  Hin TWO cat... {0, High sch... -999 8 Selection Variable:
18 INCOME Mumeric [EZ] Missing Value Analysis... {0, 1 donot .. -999 8 L | |
19 Multiple Imputation
20 Complex Samples > y BlLIE'...
21 % Simulation...
22 ;
- T T ' | QK I Paste || Reset || Cancel || Help
— Spatial and Temporal Modeling... 3
Direct Marketing 3
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Factor analysis: Descriptives

ﬂ Factor Analysis: Descriptives bt Statistics

tatiet » Univariate descriptive WaASIUIUIDYA , ATLREY LAZAN
E'..'f..!.'f? ............................................... BTN G E eI PRI e

@ initial solution  Initial solution w&msAn initial communalities, eigenvalue

Was percentage of variance explained

- Correlation Matrix
] Coefficients ] Inverse Correlation Matrix
| Significance levels || Reproduced
| Determinant [] Anti-image

o KMO and Bartlett's test of sphericity

« Coefficients waRsANNNINFRNLUTLENEINANWUO VDALY TNNA

U

- Significance levels wamasA1 one-tailed significance level uasn1sNA&aU
AFNUsERNSanduA LSRRI ILEaLA

.[Cﬂ"u"u&“ Cancel || HE'E | e Determinant thd@a9A1 determinant U89HUNIAYFTUUTEINSFTRFUNUD

« KMO and Bartlett’s test of sphericity Lansa1 KMO wazBartlett’s test

« KMO (Kaiser-Meyer-Olkin) L‘i_luﬂ’]‘YIZ?j’J@@’J'lﬁJL%MWWETSJZJENIJBSJH
fpgefiaziinaunitaszRlaumaiia Factor Analysis
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Factor analysis: Extraction

Method L39AMATANISILASIH 999 LLU9aanLtdl 2 A5%an A

"8 Fector Anayss: xacton x 1. Principal Component Analysis (PCA) tJui5uuy formative aAnuilydunniige
e 2. Common Factor Analysis (CFA) LaJummuﬂwmmszwmﬂmmaumﬂuﬂ PCA @8
r Analyze -| i ay
© Cod o oot ooree Jnrotated factor souton 98319 Factor Waansuiudauls LARANLABNATD CFA 9zwgnanuyintian
O Comuanmumiieinoos - ree Bl WUTUTINRWIZEINLBY common factor 1AHFA tas fRa1sandieal Unique
et enaacorns Factor imaila CFA fiwmalingny 6 mAllaawll
St 1) Unweighted Least Square Juwmafiafidasdinunsiuau factor Fudusunow LA
Factors to extract Factor pattern matrix ‘1’1‘1’]’12%Na‘U’Jﬂﬂ’laﬁaﬁ)waﬁ‘iwﬁw?‘i’lﬂ?%mﬂLﬁJG\iﬂ?ﬁﬂﬁJﬂJi”ﬁ‘ﬂﬁ
ammwuﬁwmmmfmmﬂmam FuLuRsAgauLs NS anduR s a1 Tulnd W TaiTay
Magimum lterations for Convergence: ‘y]@;@
(continue) (_cancel |(_eip_| 2) Generalized Least Square AnanLAaLnilauid Unweighted Least Square weazH

msafa\mmuﬂmamﬂswa%ﬁa%amwus PILATNARKLBY Uniques UpesaLlsiiy fifnas
WamitauasulsAdaUnique aﬁuaymwmuﬂwmm unique @

3) Maximum Likelihood Method AgtiAmue factorT@ymsﬂsvmmmwwsmLmaswm
83 Lmsﬂ%amﬁwawsa%amwusmmmmfﬂ mmiaaammsawfammam TopfliSonly
ol ﬂaaquamam\mu (A2LLU9) Apvin1sLLanLLReLLUY Multivariate Nomal

4) Alpha Method
5) Image Factoring
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Factor analysis: Extraction

Display
@ Factor Analysi: Extraction X v Unrotate factor solution 9§ a9n15 A LLAANNASWSTDY
Method: [Brincipal components  ~ | Factor T@EJ?@J@?ﬂWﬁwaguLLﬂui'jaé’s TAYNAANSAZLLEAIAN
e Display communality , eigenvalues
® Corelation matrix ¥/ Unrotated factor solution v Scree plot wanens W@ eigenvalues LagSeaa1euanuIn
e — LS Yos taald Factor m‘mmmumwum
- Extract

@ Based on Eigenvalue

Extract

Eigenvalues greater than: |1
© Fixed number of factors - Eigenvalues over: szyAn eigenvalues =1

Faciors to extract:

« Number of factors: ld91u2u Factor fi§aenns

Maximum Iterations for Convergence: |25 Maximum lterations fOl' Convergence
| Continue | cancel [ Help | .« AMRUANWIUTAUFIEALRINTARATTY A 1UTWATH SPSS

AAUALTLN 25 SB‘]_J %39 Lﬂaguummmuﬂfﬂmmauauum"ﬁ%m
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Factor analysis: Rotation

- #2 Factor Analysis: Rotation b 4 1. Orthogonal Rotation l,‘)’iﬁ.l'l"’ﬂ’l‘)’i‘i‘u EFA 'Hﬁ-luu;ﬂu‘h’i
e factor eainiu virl# factors udaseennu
© None © Quartimax 1) Varimax mummumwﬁmmmumLmiwuama@ @1
@ Varimax Equamax Factor loading 1nluusasilads Fuduisanuuliinndiae
e 2) Quartimax \IuAsHnyuLAuiafy Tagazwenguy g1
- - L J2381pafiga TuASESUNLE LS LA aZE
- Display 3) Equamax Juwmadafilinesiviauae Varimax wag
|« Rotated solution [ | Loading plotis) Qua rtimax

2. Obligue Rotation mm..a'msu CFA ‘nummmﬂuum
WHaN d9NalH factors FUNHSAN

puanal# factor Armua il fudasyiu
1) Direct Oblimin

2) Promax

Maximum [terations for Convergence: |25

|§mﬁnue|| Cancel | Help




R

MAEAE & MAB Training

Factor analysis: Options...

Missing
£ Factor Ay ” * Exclude case listwise 2¢31a512510W12 case NHAUDMAEILYS
Variables: « Exclude case pairwise 9xl57u case 71§ missing UB9AILLLTE
ﬁg;;@;;r @ Factor Analysis: Options > T@ ﬂf},ciuq
ﬁigi_m _rg:c?uia;chZes istise 2 * Replace with mean LnuA1 missing value FreARanup N
all AGE_02 | | o o\ e cases painvise E w58 ¢ wazlinn case W39y
% coucs

1l ncome Replace with mean

r Coefficient Display Format

[ Sorted by size Coefficient Display Format waae@igudseans

Suppress small coefficients

soeolute value below « Sorted by size azlansAT Factor loading 5yeauaay TAyAY

ws7ifiAn Factor loadingge q Tulladuifuifiu svagaiuiu

wmw | « Suppress small coefficients
Tl - Absolute value below: .... %umwmaﬁmsawfmtamm

awswawsa%amwuﬁ wsp Factor Ioadmg fsieniipuning
TEY ‘[@%mesmwwm O a9 1 tkuziin .3 uufﬂ U199 Y
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e I° The thresholds for sufficient/significant
Convergent validity factor loadings
: Sufficient factor
« Convergent validity means that the variables &
within a single factor are highly correlated. 50 0.r5
This is evident by the factor loadings. 60 0.70
« Sufficient/significant loadings depend on the 70 0.65
sample size of your dataset. 85 0.60
 The table outlines the thresholds for ‘ 100 0.55
sufficient/significant factor loadings. 120 0.50
« Generally, the smaller the sample size, the 150 0.45
higher the required loading. 200 0.40
- Regardless of sample size, it is best to have 250 0.35
loadings greater than 0.500 and averaging 350 0.30

out to greater than 0.700 for each factor.

http://statwiki.kolobkreations.com/index.php?title=Exploratory_Factor_Analysis# Communalities
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Note: Correlation matrix => highly
O Utp Ut correlated variables indicate that factor
analysis may be an appropriate multivariate

statistical technique to explore these
variables.

Descriptive Statistics

Mean Std. Deviation  Analysis M

HEALT 457 BT 735
BAEALIT 333 1.031 735 Correlation Matrix®

ANTIA 4.06 878 735
HEALT BAEALUT AMTIA LISTY TREMD FSAFE FOLIC TRADI AGRIC FRIMD couls

LISTY 352 A20 735
Correlation  HEALT 1.000 260 3498 015 07 408 .248 M 64 185 0585

TREMD 316 M52 735
BAEAUT 260 1.000 435 225 23 1585 136 212 A 138 .280

FSAFE 4.61 BE1 735
AMTIA 3498 @ 1.000 155 185 257 200 A8 183 2M 154

POLIC 3.96 SE7 735
LISTY 015 225 585 1.000 A1 A20 14 428 2566 205 428

TRADI 3.490 858 735
TREMD 017 2M 185 A1 1.000 123 237 346 276 21 323

AGRIC 3.7 A2 735
FSAFE 408 155 257 A20 a23 1.000 378 218 .29 318 138

FRIMD 3.56 Aarn 735
FOLIC 248 36 .200 118 237 a78 1.000 303 4 A12 087

Couls 3.60 H26 735
TRADI A 212 181 4B 218 .303 1.000 408 366 468
AGRIC 64 A 183 256 2TE 291 408 1.000 72 269

FRIMD 1495 138 .20 205 21 318 412 366 q72 1.000 255
COUS 055 .280 154 429 323 138 0a7 468 .269 255 1.000

a. Determinant=.043

@1 determinant > 0 LLEAT1 ANFALATIERDNAYTENDU [T aynn
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Output: KMO and Barlett’s Test

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. A78
Bartlett's Test of Approx. Chi-Square 2293830
Sphericity df 1 KMO statistics
Sig. .000 « Marvelous 90s
Note:  Meritorious .80s
. . e Middlin .(0Os
- Kaiser-Meyer-Olkin value _ 8
_y . S w9 e, o e * Mediocre .60s
o fArgzrane 0-1 guinlngd 1 5@ _
 Miserable 50s

. | ﬂl g (o] N >
PNTILUZAD >.6  Unacceptable <.50
» Bartlett’s Test of Sphericity
« Bartlett’s test should be less (p-value <.05).

« This tests the null hypothesis that the correlation
matrix is an identity matrix.

* You want to reject this null hypothesis (Sig. <.05).



Output: Communalities

Communalities WEAYAIAINIINNN
« A initial \RANTUAL/ANANADUYALILS
T factor

e Extraction LuAIaSUIY16Lb15HU
ANU15995 VY ILUSLAN (A UA LAY TA

e @1 Extraction 89410896

« @1 Extraction Way anansatdy
Ga83R A3 AadstuAIsUSURaN
1ANITILATIEHA (A15291719 0.0-0.4)

« U eauls Health navanaiadasguas
ANULUTUTINREILYsgnaS UL LAY
Dadn el 64.2%

Communalities

MAEAE & MAB Training

Component Matrix®

Initial Extraction
HEALT 1.000 642
BAEALT 1.000 B17
AMNTIA 1.000 625
LISTY 1.000 86
TREMD 1.000 A75
FSAFE 1.000 442
POLIC 1.000 A10
TRADI 1.000 AE6
AGRIC 1.000 761
FRIMD 1.000 q37
CouIs 1.000 Ralali

Component
1 2 3

AGRIC 718 -.493
PRIND 700 -.480
TRADI 669

POLIC 577

COuIS 558 -.467

TREND 546

LISTY 539 -.520

FSAFE 528 461

HEALT 403 626

BAEAUT 478 623
ANTIA 487 521

Extraction Method: Principal
Component Analysis.

Extraction Method: Principal Component
Analysis.

a. 3 components extracted.
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Total Variance Explained

MAEAE & MAB Training

* Total nungfiven Eigenvalues eﬁx‘mamm
LLUiﬂJmum%mummLLﬂJsmeasmsté’I@%J
Yaveiiy o wudady 1 dan Eigenvalues Ay
3.594 waaeindaay 1 mmsammmumws
WBulR 3.594 619 (muuwmswmsmmmm

Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings Elge nva l ues ll’]ﬂﬂ')’] 1)

Component Total % of Variance  Cumulative % Total % of Variance  Cumulative % Total

% of Variance

Cumulative %

e ¢ 3 factors wsn @unsasduislduinie 59.7%

1 3594 32674 32674 3594 32674 32674 2.364 21487
2 1586 14.416 47.090 1586 14.416 47.090 2.352 21.386 42873 UDNAINULLUSUSIUNIRH U A
i 1.387 12.610 59.701 1.387 12.610 59.701 1.851 16.828 55.7M I o v o
4 803 7.301 67.001 . HRHIYEITUIN G]QLL?JSI?‘?&WIZ@H']&I']S@
: 18 7072 14073 ATDUARUTDYALANDDIAILUTIR 59.7%
(i 602 5.475 79.548
7 561 5104 84 552 Scree Plot
8 A15 4 679 893311
g 494 4464 93824
10 458 4.161 97.985
11 222 2.015 100.000
Extraction Methaod: Principal Component Analysis.
total variance 5
[nitial Eigenvalue = 2
total no. of component 5

Factorl accounts for 32.67% of the total variance (3.594/11)
Factor2 accounts for 14.41% of the total variance (1.586/11)
Factor3 accounts for 12.61% of the total variance (1.383/11)

— —

1 2 3 4 5 g T 8 9 10 11

Component Number
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Output: Component and Rotated Component Matrix

Component Matrix®

Rotated Component Matrix®

Component

1 2 3
AGRIC T18 -.4493
FRIMND 00 -.480
TRADI G669
FOLIC ATT
cous AEB - 467
TREMD H46
LISTY A30 =520
FSAFE A28 AE1
HEALT 403 626
BAEALIT AT8 623
ANTIA AB7 A
Extraction Method: Principal Component
Analysis.

a. 3 components extracted.

Component
1 2 3
(F’HIND 828
AGRIC 822
POLIC G676
\FSAFE 521 AB9
( LISTY 761
Couls 735
TREND GEB
\TRADI 643
ANTIA 767
HEALT 740
BAEAUT 429 G651
Extraction Method: Principal Compaonent
Analysis.

Fotation Method: Varimax with Kaiser
Hormalization.

a. Rotation converged in 6 iterations.

1
U =1

ALaEAeLluA Factor Loading #59A1
LLAAAINL T UWHSTEHINNA LU LA AZAINY
Factor

LU @2LkUS FSAFE §i@n Factor Loading
upeiadyusAinAY 521 unnndnel Factor
Loading uasilaayi 3 Y1 .469

Factor loading WanssUsauiiguanie
A1 absolute (HR9NTULATDINUNY

Component Transformation Matrix

Component 1 2 3

1 G658 623 424
A 329 -T744 Aha2
3 -.678 243 694
Extraction Method: Principal Component
Analysis.

Rotation Method: Varimax with Kaiser
Mormalization.
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ANseNEaRALLYS

N ) . : . ) N
/| Information about the food processing industry and innovations in \
PRIND
terms of products and processes
Rotated Component Matrix® Information about the production techniques used in the primary AGRIC
sector
Component
1 2 3 Information about food regulations, affecting consumer choices and the POLIC
(" ERIND 878 food industry
AGRIC 822 Information about food safety issues caused by bacteria and other
\ FSAFE |/
POLIC BT6 \substances A
FSAFE 521 468 - N
N /|Information about lifestyle, food tourism and eating out LISTY \
/LISTY 761
Couls 735 Information about Italian and international cuisine, food culture and CoUIS
TREMD s good living
\MIESE] 843 information about trends, consumption evolution, food fads, and S
ANTIA 167 underscoring ethnicity, cultural, social diversity of Italian polulation
HEALT 740 , — ; ; :
Information about tradition, regional typical products and quality foods
SREAUT 429 Skl \|that are disappearing from the litalian market TRADI /
Extraction Method: Principal Component N PP 8 Z
Analysis. : . . : :
;;t;tsilusn Method: Varimax with Kaiser Information about food containing anti ageing properties ANTIA
Marmalization.
2. Rotation converged in 6 iterations. Infqrmation about.health ri_sks caused by obesity, anorexia nervosa HEALT
bulimia and other illesses liked to food
Information about foods related to health and beauty BEAUT
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Factor analysis: Scores...

ﬁ Factor Analysis ot
Variables: M
& idnumber JH HEALT *
AT | . . Save as variables
@ Facter Analysis: Factor Scores . o = = = [~
ﬁigg N " - daaanmadaniiaziunis save Factor score TusUuas
gacinz [¥:8ave as variables eauUs (1 factor =1 new variable)
EDUCZ2 Method

ll ncomE ® Regression « Factor score {35A15A LA 1LE90 3 35

@EEI’ﬂEﬂ . eSO o i | (Y] =y a(

P —— * Regression T@msuimumiﬂmumﬂu (Fudseans

ARTUNUSTZNIN9A1 Factor score Auszanalafuan
Factor score 934)

[] Display factor score coefficient matrix

| continue || cancet || Help i
7  Bartlett
| value... « Anderson-Rubin
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Limitations of EFA

Inductive, a theoretical (Data->Theory)

\

‘ Subjective judgement & heuristic rules

|

We usually have a theory about how indicators are related to particular
latent variables (Theory-> Data)
/

Be explicit and test this measurement theory against sample data
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Factor analysis via Stata

Suwanna Sayruamyat
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Syntax

» Factor analysis of data

factor varlist [if] [in] [weight] [, method options]
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A29819A15ILASIEH

AAs1ERALUS vl to v5 Syntax

Principal-factor analysis 7% - factor vl v2 v3 v4 v5
« factor v1-v5

Principal-factor analysis wagAnualsAsnngy 3 nau  factor v1-v5, factors(3)
Principal-component factor analysis factor v1-v5, pcf
Maximum-likelihood factor analysis factor v1-v5, mi

» After running factor you need to rotate the factor loads to get a clearer pattern, just type rotate
to get a final solution.

» To create the new variables, after factor, rotate you type predict.
« predict factorl factor2 [*or whatever name you prefer to identify the factors*/
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Practice: Factor analysis in stata

’ Import excel ﬂle to Stata " B StataNow/SE 185 ‘ |

! import excel - Import Excel files X
H File Edit Data Graphics Statistics User Window  Hel
= File > Import > Excel J ° _ P ,
o« * Open... Crl+0 B 03 Excel file:
Spreadsheet ( Xls, X|SX) ] Open data subset... onditional average treatment effects (CA' i | C:\Users\suwan\OneDrive\Documents\Training\Factor and cluster analys Browse...
i : . : :
o ' B save Ctl+s 1igh-dimensional fixed effects (HDFE)
H : . s . Worksheet: Cell range:
o ﬂu']m']q Im Ort excel ; . ayesian variable selection for linear moc
p . Save as... Ctrl+Shift+S | terval-censored multiple-event Cox model Food preferences A1:R758 ~ A1:R758
. a =] gal v it Frameset » leta-analysis for correlations
LaBn Browse-- LaaﬂzwaﬂmBQﬂqs _ orrelated random-effects (CRE) model ) )
. : . 4 View... anel-data vector autoregressive (VAR) moc Bﬂmport first row as variable names: Variable case:
- a9 Import first row as variable | Do... ayesian bootstrap [ tmport all data as stri Preserve v
. ontrol-function linear and probit models MEEIE 2l] LA & SIS
Filename
names ¢ ayesian quantile regression
Change working directory... ayesian asymmetric Laplace model Preview: (showing rows 2-51 of 758)
. L y inference robust to weak instruments
OK q o9 VAR models via instrumental variahles ID | HEALT | BAEAUT | ANTIA|LISTY | TREND | FSAFE | POLIC| TRADI | AGRIC | Pt
1 Import 4 Excel spreadsheet (*.xls;*.xIsx) If 2| 25 5 4 4 A 4 5 5 A A
. & i
] Export 4 Text data (delimited, *.csv, ..) 2] 19 A 3 4 4 4 3 2 4 4
=, i SPSS data (*.
| = Print ' ) ata ( Sav)bd s | 4| 20 4 3 4 4 2 53 4 5
| SAS data (*.sas7hdat) r
Example datasets... 5 5| 21 5 4 5 4 4 5 5 4 5
3 ’ JDBC data source
Recent files » s | |
i ODBC data source
Exit [
i Text data in fixed format
| 3 Text data in fixed format with a dictionary Cancel
1 Unformatted text data
| Also se SAS XPORT Version 8 (*.vBxpt) de
| Also s¢ ) de L
L SAS XPORT Version 5 (*.xpt) Result: |mport excel
! Possible  Federal Reserve Economic Data (FRED) "C:\Users\suwan\OneDrive\Documents\Training\Factor
| H Analytics datab .
{ Inst: sver Analytics database : and cluster analysis\EFA - Food-preference
1 doase ["dbD > s.xlsx", sheet("Food preferences") firstrow clear
I flirk +n adit antamatic undate charkine nraferance * 4

(18 vars, 757 obs)
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Principal-factor analysis MAEAE & MAB Training

IMUIUADY1TIUAITILATIZA

Command ﬁl factor HEALT BAEAUT ANTIA LISTY TREND FSAFE POLIC TRADI AGRIC PRIND COUIS I

(obs=757)
PR Factor analysis/correlation Number of obs = 75
’Jﬁ‘Y]’)LﬂS']""ﬂ mmmmfp Method: principal factors | Retained factors = 7 - . 2 o , .
Rotation: (unrotated) Number of params = 55 WNRANT1IILRITESH LU AN Elgnevalue >
1 {1y factorl Ndl@n unnnIn 1
« FEigenvalue A8 WATINAIY _ _ : _
LL‘].]T].]‘?’JM?JBQLLG]@ Factor I@EW] Factor Eigenvalue | Difference Proportion  Cumulative
NASINYDY eigenvalues=wa @ @ 0.74450 0.5778 0.5
ANMUAULLYSUSIUNY DS Total FactorZ ©.79488 ©.19475 ©.2984 78762
fact Factor3 ©.60012 ©.10878 ©.2253 1.1014
a(? ors. o ©.49134 ©.26457 ©.1844 1.2859 —
» Kaiser criterion suggests to Factors |1 0.226724"" 0.18208 ©.0851 1.3719\ Cumulative LLaasasma1mNu Lt ysyUsaugeau
i i Factoré e. 9 ©.03726 ©.0168 1.3878 | & .
retain tTosejaCtors with Factor? 0702 | o.21031 00028  1.3005 MAAIANULUTIINTINTINNA (total variance
eigenvalues = 1. Factors _» -0.20289 0.02636 -0.0762 1.3144
-0.22925 0.04391 -0.0861 1.2283
AU LLA A5 EHIN9AN -0.27316 ©.06200 -0.1025 1.1258
Eigenvalue up« factor 3 Av Factorll ~0.33316 ' "0.1238 1.0000
AN Eigenvalue 194 factor LR test: independent vs. saturated: chi2(55) = 1235.6@ Prob>chi2 = 0.0000 . UnlqueneSS ADAINULLYTUSINUDDY
fnll . . . . Faudsiiu o Al lFussFAudsi
Factor loadings (pattern matrix) and unique variances
AU Wyulanua Communality 11
[
. Variable Factorl Factor2 Factor3 Factor4 Factor5 Factore Factor? Uniqueness WNRUBY SIPSS -
* @1 Factor loading w&ag * Ly HEALT d@n
tnegqT. o lati HEALT 8.6253  0.0247 ©.5117 ©.8791  0.0752 -0.0545  0.0104 8.7219 . _ o
ujﬁ?ml’ha coqure at.lown BAEAUT 0.6090  0.6528 -6.0361  ©.8599  0.0265 -0.6001  0.0117 0.5680 Umquene;s N 72-1%/2
TERINAUTNY LLAAY ANTIA | -0.0103  ©.4329 -0.1270  ©.8598  ©.2768  ©.0003 -0.0244 0.7156 ¢ KUY AITUIT FLL5aT A
factor model . LISTY 0.8656 -0.0070  ©.1049  ©.0536 -0.0173  ©.1932 -0.0147 0.9439 oy o o o
« @ factor loading B TREND 0.0738  ©.4032  ©.0280 -0.0387 -0.3315  0.8106  0.0176 0.7194 LUHUAIUDIAILDNEN (2.19%
%QJI\‘iﬁ‘Uﬂ/I‘]J’WIGﬁu factor FSAFE 0.6297 ©.0818  ©.5459  ©.0331  0.0275  ©.0177 -0.0045 0.6922 Z‘Ll Overall factor model.
POLIC 0.5966 -0.0634 -0.0738  ©.3527 -0.0066  ©.0021 -0.0009 0.5101
model TRADI 0.4354 -0.0269 -0.0398 -0.1089  0.1129  0.0198  0.0660 0.7788 . Note 3N Umqueness AN %N
. @ no < AGRIC 0.7324 -0.0186  ©.0016 -0.1885  0.0785  ©0.0202 -0.0042 0.4211
) fagtor |Oaad|nfg, 0 PRIND 0.6445  0.0597  ©.0448 -0.1842 -0.1056 -0.0522 -0.0407 0.5296 Lﬂ%l')?JB\‘lﬂ‘]JGl']LL‘]_JiBuzu factor
HLEANENARLLINALAD factor COUIS 0.1746 -0.0519 -0.0447  ©.5165 -0.0522 -0.0206  0.0015 0.6949 model ¥y
model {u '
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Factor analysis/correlation Number of obs = 757
. Y oo Method: principal factors Retained factors = 7
Rota’[IOﬂ methOd. P1IHID Rotation: orthogonal varimax (Kaiser o-Ff)l Number of params = 55
orthogonal varimax (by default)
adoda 1 v =3 =} U s s . .
° ISUDYVUUUDFUUAIN factor NF519 Factor Variance Difference Proportion  Cumulative : -
% oo LS asvaln S (not —— PP — - -~ #1519 Rotate factor Ioadmgs 198D
A A no actor . . . .
Factor2 .74533 0.13271 0.2798 0.8116 pattern matnx L ANAN factor
correlated to each other) Factor3 8.61262 8.01726 a.23e0 1.8416 loadi
N el (7 ¥ o So =] & ﬁ Factor4 9.59536 ©.31569 9.2235 1.2650 Oa lngs %Nquﬂqﬁﬁg‘luLLaqwj‘lﬂqu‘]
L%mq?’aqﬁiuasqqmgﬁg@ ﬁsam')u’ 5 Factor5 9.27967 0.23401 ©.1058 1.3700 ﬁ@Lquﬂu I@?JLL@@ m?LL‘]_Jigs? l]ﬂ']'-]ll
Z‘i"iﬁiﬁﬁ@\‘]@’ﬂﬂ%ﬂ%ﬁﬁi”ﬁi@ﬁu Factoré 0.04566 0.03661 0.0171 1.3871 iy “
=74
Factor7 0.00506 . 0.6034 1.3965 ﬁ@LQuQWL%NWuﬂNﬂQuBSUWB factor
LR test: independent vs. saturated: chi2(55) = 1235.6@ Prob>chi2 = 0.0000 mOdeI Z@
Rotated factor loadings (pattern matrix) and unique variances * Lb’u HEAI—T l]@'] faCtor Ioadlng HQ
figalu Factor4
Variable Factorl Factor2 Factor3 Factord Factor5 Factoré Factor? Uniqueness
HEALT 9.0065 -0.0116 9.0211 ©.5251 -0.0246 -9.0334 9.0052 9.7219
BAEAUT -8.0035 0.6365 -8.0034 0.0306 0.1609 -8.0026 0.0059 0.5680
ANTIA -9.0113 ©.5086 -9.0009 -9.8512 -9.1512 ©.0021 -9.0132 8.7156
LISTY 9.0423 -9.0179 ©.08589 9.1009 9.0248 9.1993 ©.0028 9.9439
TREND 9.0697 9.2837 -9.0247 9.0231 9.4406 ©.0038 -9.0031 9.71%4
FSAFE 0.0243 0.0203 -8.0266 0.5501 0.0435 0.0392 -8.e0857 0.6922
POLIC ©.440e8 -0.8075 ©.5424 -0.08217 -9.08222 @.0163 ©.0066 @.51e1
TRADI ©.4495 ©.0042 ©.0434 -9.0314 -9.0958 0.0174 ©.0828 0.7788
AGRIC 9.7557 -9.0070 9.0671 9.0037 -9.0481 9.0280 9.0166 9.4211
PRIND 0.6648 0.0106 0.0463 0.0339 0.1471 -8.0430 -8.0397 0.5296
CoUIs -0.0127 -0.0008 0.5519 0.0126 0.00852 -8.0085 -0.0048 0.6949

f1379 factor rotation

matrix § LLa@9 correlation
matrix 5e#31 factor 1 to NOTE: mﬂmmmsmumﬁ Oblique

Factorl Factor2 Factor3 Factor4 Factor5 Factoré Factor? Z
faCtor7 Factorl 9.9402 ©.0126 ©.3376 ©.8253 ©.0281 ©0.0144 ©.0168 rOtatlon ‘Viwuwm’]aq
Factor2 9.8114 ©.9470 -©.8972 ©.6854 ©.2936 -0.6030 -0.0107
Factor3 9.0095 -0.1257 -0.1837 ©.9822 ©.8853 ©.0362 -0.0069
Factor4 | -0.3356 ©.1062 ©.9263 ©.1188 -0.0577 ©.0230 -0.0100
Factors 9.8513 ©.2755 -0.0857 ©.1079 -0.9482 ©.0151 ©.0563
Factoré -9.0091 ©.0001 -©.0207 -0.8397 ©.0184 ©.9942 ©.0956
Factor? -8.6211 -0.0054 ©.0087 ©.0062 ©.8546 -0.0964 ©.9935

Factor rotation matrix




Rotation method: @738 Oblique

rotation

- ABiaguuipauuddn factor A
Tuliiudaseeniun

o LHNNZEIRSUANTILATIZAFNANTLEN
1AS98579 (Structural equation
modelling: SEM)

Factor analysis/correlation
Method- princinal factors

Rotation: oblique promax (Kaiser off)

Number of obs

Retained factors
| Number of params

MAEAE & MAB Training

Oblique rotation WAuwW@A& Rotate, promax

757
7
55

Factor Variance Proportion Rotated factors are correlated Luaqa.—] ﬂ fa CtO r m Od e I QJ ﬂ,gqll ﬂﬂJ‘W‘HSﬂu
Factorl 1.46331 ©.5493 z Z
(¥4 (¥4
Factor2 Lootos  0.3757 AsilazldaeyipumanuLlsiiuies
Factor3 0.78654 9.2952
Factorsd 8.73739 0.2768 NUN
Factor5 0.59978 9.2251
Factore 0.40796 9.1531
Factor? 0.18399 0.0691
LR test: independent vs. saturated: chi2(55) = 1235.60 Prob>chi2 = ©.0000
Rotated factor loadings (pattern matrix) and unique variances
Variable Factorl Factor2 Factor3 Factor4  Factor5 Factoré Factor7 Uniqueness
HEALT -8.0139 0.0170 9.0295 0.0033 0.5446 -0.0391 -8.08396 9.7219
BAEAUT -8.0432 0.0252 ©.0097 9.6032 9.8322 ©.1948 -8.0074 ©.5680
ANTIA 0.0490 -0.0288 -0.0066 0.5352 -08.8252 -0.1580 0.0021 ©.7156
LISTY 0.0173 -0.0112 9.0166 -0.0179 9.0272 0.0185 0.2190 9.9439
TREND ©.0020 -0.0009 -0.0064 9.1932 -0.0224 0.4635 0.0087 8.7194
FSAFE ©.0255 -8.0169 -8.0335 0.0207 0.5331 0.0144 0.0451 9.6922
POLIC 0.3160 9.0213 0.5247 0.8015 -8.0239 -0.0147 0.0152 9.5101
TRADI 0.2735 0.2312 ©.0009 0.0277 -0.0026 ©.0008 -8.0125 0.7788
AGRIC ©.7134 0.0631 ©.0003 -0.0017 6.0014 -0.0447 0.0242 9.4211
PRIND 0.7165 -0.0813 ©.0115 -0.0289 0.0182 ©.0890 -8.0312 ©.5296
COUIs -8.1197 -8.0205 9.5781 0.0065 0.0148 0.0084 -0.0076 9.6949
Factor rotation matrix
Factorl Factor2 Factor3 Factor4 Factor5 Factoré Factor7
Factorl 0.9632 0.7542 ©.5274 -0.0099 0.0456 0.1663 0.2017
Factor2 -8.0153 ©.1513 -0.0206 0.0051 -0.0387 0.0022 ©.8979
Factor3 ©.0112 -0.1381 -0.1014 -0.1534 9.9864 0.1642 ©.3300
Factor4d ©.0301 -0.2654 -0.1129 0.9369 9.0883 ©.4816 -0.0143
Factor5 -0.2642 -0.1622 ©.8333 0.1077 0.1040 -0.1149 ©.1995
Factoré 0.0185 9.4369 -0.0635 0.2947 ©.0688 -0.8356 0.0331
Factor? -8.0294 0.3188 ©.0063 -0.0118 9.0073 0.0450 -0.0549
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factor HEALT BAEAUT ANTIA LISTY TREND FSAFE POLIC TRADI AGRIC PRIND COUIS

rotate, promax
predict factorl factor2

Uszunsensan factorl was factor3 e
A5 Regression 91AidUaN15HY A5

promax
Variables TIXx
q\ Filter variables here
Name Label . predict factorl factor2
D D (option regression assumed; regression scoring)
HEALT HEALT Scoring coefficients (method = regression; based on promax(3) rotated factors)
BAEAUT BAEAUT
ANTIA ANTIA
LISTY LISTY Variable Factorl Factor2 Factor3 Factord Factors Factoreé Factor?7
TREND TREND HEALT 6.88391 -08.02579 6.011806 -6.01421 0.36361 0.000846 ©.87525
FSAFE FSAFE BAEAUT 0.00516 -0.11028 -0.00757 ©.45865 ©0.02083 0.19641 -0.00934
POLIC POLIC ANTIA -0.00394 0.04446 -0.00090 0.32701 -0.04414 -0.12803 -0.01277
TRADI TRADI LISTY | ©.00639 ©.01485 ©.82565 -0.01005 ©.85782 ©.62396 ©.19857
AGRIC AGRIC TREND 0.03742 -0.16137 -0.01392 9.11308 0.01528 0.38369 0.00994
FSAFE 0.00576 -0.05191 -0.01241 -0.600448 0.39330 0.06148 0.16075
PRIND PRIND POLIC 0.16451 ©.16784 ©.46225 -©.00508 -0.02123 -0.02424 ©.11326
Couls Couls TRADI ©.15238 9.19556 9.01123 ©.00984 -0.82199 -0.85735 0.02062
GENDER GENDER AGRIC | ©.44454 ©.40856 ©.03014 -0.01069 ©.00197 -0.02864 ©.08748
AGE AGE PRIND 0.31692 0.11674 0.00761 -6.01532 0.083591 0.22450 -0.04568
COUIS -0.03264 -0.062254 0.34921 0.68179 0.01878 -0.00665 9.05343
AGE 01 AGE_01
AGE 02 AGE 02
EDUC2 EDUC2
INCUIVIE

factor1
factor2

Scores for factor 1

Scores for factor 2




Principal Component analysis MAEAE & MAB Training

. factor HEALT BAEAUT ANTIA LISTY TREND FSAFE POLIC TRADI AGRIC PRIND COUIS, pcf
Command > {obecrs?)
Factor analysis/correlation Number of obs = 757
acca < Method: principal-component factors Retained factors = 5
Qs
IDNILAINSH Rotation: (unrotated) Number of params = 45
a vl & o ' Factor Eigenvalue Difference Proportion  Cumulative
°  WAaNIIILEINSHLUDNEIU @1
Eignevalue > 1 Factorl 2.16996 0.62586 0.1973 0.1973
, ° — ﬁ Factor2 1.54416 0.11877 8.1404 8.3376
*  UNURAIUIU Factor model 7 Factor3 1.42533 0.19954 0.1296 0.4672
1 QU
LRUNZEY LU 5 Factor4 1.22579 0.19904 8.1114 8.5787
Factors 1.02675 ©.03568 9.0933 0.6720
“LUI o Ve JIJALUT Ve LLOIT Ulo:ufd. s FOLL
Factor? ©.77468 0.19162 9.0704 9.8325
Factors 8.58386 8.89591 8.8530 8.8855
Factor9 0.48715 ©.06443 9.0443 9.9298
Factorl®e 0.42273 08.87334 9.8384 0.9682
Factorll ©.34939 . 9.0318 1.0000

LR test: independent vs. saturated: chi2(55) = 1235.60 Prob>chi2 = ©.0000

Factor loadings (pattern matrix) and unique variances

Variable Factorl Factor2 Factor3 Factor4 Factor5 Uniqueness
HEALT 0.0389 9.0536 0.7966 0.8547  -8.2395 9.30086
BAEAUT 0.0144 ©.8685 -0.0638 9.0839 -0.0466 9.2322
ANTIA -0.0136 9.6322 -0.1955 9.1271  -8.5500 9.2433
LISTY 0.1007 -0.0052 9.2210 0.1199 09.3836 ©.7795
TREND 0.0996 9.5898 0.0183 -0.0826 9.6665 9.1969
FSAFE 0.0428 ©.1383 ©.8295 -0.0166 -0.0447 ©.2887
POLIC 90.7164 -0.0820 -0.0644 0.4703  -0.0001 09.2548
TRADI 0.5834 -0.0456 -0.0764  -0.2348 -0.2203 ©.5481
AGRIC 0.8228 -0.8267 -0.0202 -0.2584 -0.0840 9.2480
PRIND 0.7471 ©.0732 9.0241  -0.2695 0.1110 ©.351e
CouIs 9.2397 -0.6731 -0.0125 0.8732 09.0593 9.1711




PCA, rotated by varimax

Factor analysis/correlation
Method: principal-component factors
Rotation: orthogonal varimax (Kaiser off)

Number of obs
Retained factors
Number of params

757

45

Factor Variance Difference Proportion  Cumulative
Factorl 2.04013 9.62275 @.1855 ©.1855
Factor2 1.41738 0.04479 0.1289 ©.3143
Factor3 1.37259 9.02437 0.1248 9.4391
Factord 1.34822 9.13461 0.1226 9.5617
Factor5 1.21361 . @.1103 0.6720

LR test: independent vs. saturated:

Rotated factor loadings (pattern matrix) and unique variances

chi2(55) = 1235.60 Prob>chi2 = ©.6000

MAEAE & MAB Training

Cumulative LLaaefieAIAMNLLYSUTINaZTU
MAAIANNLLUTUIUTINYNHUA (total
variance)

(k-2

o Y151 @1 Cumulative azauyay factorl —

factor 5 winnvu 0.6720

*  \UIYAUIN factor ¥4 5 §1u15085U1Y

ANULUTUTINDDDYaseAuld 67.20%

Variable Factorl Factor2 Factor3 Factor4 Factors Uniqueness
HEALT 0.0072 9.8279 9.0309 ©.0240 -9.1112 9.3006
BAEAUT -0.0192 9.0494 9.7402 9.0061 0.4659 0.2322
ANTIA -0.0038 -0.0249 0.8648 9.0166 -0.0889 @.2433
LISTY @.0053 0.1611 -0.2474 ©.1752 ©.3203 @.7795
TREND ©.0500 -0.0203 9.0817 -0.08356 ©.8935 9.1909
FSAFE 0.0149 9.8362 -0.0260 -9.0322 9.1005 0.2887
POLIC 0.5033 -8.0298 -0.0016 8.70085 -0.0199 0.2548
TRADI 0.6501 -0.0289 9.0671 -8.08211 -8.1533 @.5481
AGRIC 0.8654 0.0147 -0.0102 ©.8515 -0.0101 @.2480
PRIND 0.7771 0.0348 -0.0490 9.0211 ©.2025 @.3510
COUIS -9.0901 9.0065 9.0168 ©.9056 -9.0185 2.1711
Factor rotation matrix
Factorl Factor2 Factor3 Factord4 FactorS
Factorl ©.9295 ©.0391 -0.0096 ©.3586 ©.0756
Factor2 -9.0115 09.1164 ©.7964 -0.0854 ©.5872
Factor3 -0.0404 0.9786 -0.1913 -0.0200 ©.0616
Factord -0.3534 0.0315 9.1237 ©.9256 -0.0464
Factors -0.8965 -0.1623 -0.5602 ©.0838 0.8022




Maximum-likelihood
factor analysis

. factor HEALT BAEAUT ANTIA LISTY TREND FSAFE POLIC TRADI AGRIC PRIND COUIS, ml

(obs=757)
number of
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration
Iteration

factors
©: Log
1: Log
2: Log
3: Log
4: Log
5: Log
6: Log
7: Log
8: Log
9: Log
10: Log
11: Log
12: Log
13: Log
14: Log
15: Log

adjusted to 6

likelihood = -148.95172
likelihood = -120.99582
likelihood = -81.819606
likelihood = -57.163546
likelihood = -54.597485
likelihood = -27.462889
likelihood = -28.96795
likelihood = -17.697479
likelihood = -14.698728
likelihood = -11.558032
likelihood = -9.7977926
likelihood = -6.08614349
likelihood = -2.2917898
likelihood = -2.2916691
likelihood = -2.2916675
likelihood = -2.2916675

NANSILATIZHALT DAY
A1 Eignevalue > 1 in factor 1 to factor 4

MAEAE & MAB Training

Factor analysis/correlation

Method:

maximum likelihood

Rotation: (unrotated)

Log likelihood = -2.291667

Warning: Solution is a Heywood case; that is, invalid or boundary

Number of obs
Retained factors
Number of params
Schwarz's BIC

(Akaike's) AIC =

757

6

51
342.681
106.583

values of uniqueness.

Factor Eigenvalue Difference Proportion  Cumulative
=) Factorl 1.66066 9.53104 9.2523 9.2523
Factor2 1.12962 -8.00451 0.1716 9.4239
Factor3 1.13413 -8.13426 9.1723 9.5963
Factor4 1.26839 9.41977 9.1927 9.7890
Factor5 0.84862 9.30826 9.1289 9.9179
Factoré ©.54036 0.0821 1.0000
LR test: independent vs. saturated: chi2(55) = 1235.60 Prob>chi2 = ©.0000
LR test: 6 factors vs. saturated: chi2(4) = 4,53 Prob>chi2 = @.3388
(tests formally not valid because a Heywood case was encountered)
Factor loadings (pattern matrix) and unique variances
Variable Factorl Factor2 Factor3 Factor4 Factor5 Factoreé Uniqueness
HEALT 0.0122 0.0982 9.3855 -9.0638 0.0087 -0.0422 9.8356
BAEAUT -9.0054 0.1e33 9.0927 9.6564 0.7416 -0.0000 9.0000
ANTIA -9.0078 0.0023 -0.0157 9.1565 0.4103 -8.0203 9.8064
LISTY 0.8665 -8.0895 9.1216 0.0102 -8.8527 8.07e6 1.60000
TREND 0.0240 9.3551 0.0097 0.8689 -0.3440 0.0000 0.6000
FSAFE -9.0343 0.2896 0.9525 -0.0864 -8.0151 -0.0000 0.0000
POLIC 9.9867 -0.1544 0.0448 9.0245 -8.0856 -0.00008 0.0000
TRADI 9.2690 0.8974 -0.08513 -9.0404 0.0267 0.3880 9.7627
AGRIC 9.4742 0.3648 -8.8728 -8.1361 0.e770 8.597e 0.2559
PRIND 9.4943 0.8321 -8.1971 -8.1512 0.0386 -0.0000 0.6000
COUIS 0.3730 -0.2010 0.8755 0.08541 -8.0286 -8.1619 0.7848




factor HEALT BAEAUT ANTIA LISTY TREND FSAFE POLIC TRADI AGRIC PRIND COUIS, ml

Factor analysis/correlation
Method: maximum likelihood
Rotation: (unrotated)

Log likelihood = -2.291667

Number of obs
Retained factors
Number of params
Schwarz's BIC

(Akaike's) AIC

Warning: Solution is a Heywood case; that is, invalid or boundary

757
6
51

342.681
106.583

Factor Eigenvalue Difference Proportion  Cumulative
Factorl 1.66066 ©.531e4 9.2523 9.2523
Factor2 1.12962 -9.00451 0.1716 9.4239
Factor3 1.13413 -9.13426 9.1723 9.5963
Factor4 1.26839 9.41977 9.1927 9.7890
Factors ©.84862 ©.30826 0.1289 0.9179
Factoreé ©.54036 0.0821 1.0000

[ LR test: 6 factors vs.

values of uniqueness.

saturated: chi2(4) = 4,53 Prob>chi2 = ©.3388
(tests formally not wvalid because a Heywood case was encountered)
Factor loadings (pattern matrix) and unique variances

Variable Factorl Factor2 Factor3 Factor4 Factor5 Factoré Unigueness
HEALT 0.0122 0.0982 0.3855 -0.0638 0.0087 -0.0422 0.8356
BAEAUT -0.0854 9.1033 0.0927 0.6564 0.7416 -0.0000 0.0000
ANTIA -8.0078 9.8023 -8.0157 8.1565 ©.4103 -8.0203 0.8064

LISTY ©.0665 -0.0095 0.1216 0.0102 -0.0527 0.0706 1.0000

TREND 0.0240 9.3551 0.0097 0.8689 -0.3440 0.0000 0.0000

FSAFE -0.8343 ©.2896 8.9525 -0.0864 -8.0151 -0.0000 0.0000

POLIC 0.9867 -9.1544 0.0448 9.0245 -9.0056 -8.0000 0.0000

TRADI 0.2690 0.0974 -0.0513 -0.0404 0.0267 0.3880 0.7627

AGRIC 0.4742 9.3648 -0.0728 -0.1361 0.0770 @.5970 0.2559

PRIND 9.4943 9.8321 -8.1971 -8.1512 ©.8386 -8.0000 0.0000

COUIs 0.3730 -9.2010 0.0755 9.0541 -0.0286 -8.1619 0.7848

MAEAE & MAB Training

factor HEALT BAEAUT ANTIA LISTY TREND FSAFE POLIC TRADI AGRIC PRIND COUIS, ml factor(4)

Factor analysis/correlation
Method: maximum likelihood
Rotation: (unrotated)

Log likelihood = -38.24885

Warning: Solution is a Heywood case; that is, invalid or boundar

Number of obs
Retained fact
Number of par
Schwarz's BIC
(Akaike's) AI

= 757
ors = 4
ams = 38
= 328.398
C 152.482

alues of uniqueness.

Factor Eigenvalue Difference "’—FFUEE?;;:n Cumulative
Factorl 1.18638 -0.32786 0.2309 0.2309
Factorz2 1.51425 9.2275 9.2947 9.5255
Factor3 1.28673 0.13569 0.2504 9.7759
Factord 1.15134 0.2241 1.0000

IR test: ind

LR test: 4 factors vs. saturate

df chi2(17) = 75.76 Pr

ob>chi2 = ©.0000

(tests formally not valid because

Factor loadings (pattern matrix) and

Heywood case was encountered)

nique variances

Variable Factorl Factor2 Factor3 Factor4 Uniqueness
HEALT 0.3972 9.0581 -0.0156 -0.0336 9.8375
BAEAUT 0.0650 0.0009 9.9979 0.0000 0.0000
ANTIA -0.0271 -0.0109 0.4085 0.0014 9.8323
LISTY 0.1041 9.0855 -0.0293 9.0246 9.9804
TREND 0.0468 -0.0027 9.35e4 0.0183 0.8747
FSAFE 0.9970 0.0760 -0.0144 -0.0000 0.0000
POLIC -0.,1137 9.9935 9.0013 -0.0000 ©.0000
TRADI -0.0455 9.2433  -0.0001 0.3586 8.8101
AGRIC -0.0004 0.4071 -0.0042 0.8469 9.1169
PRIND 0.0220 9.3513 -0.0074 9.51e5 9.6154
CouIs -0.0340 0.4027 9.06004 -0.2069 9.7939
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° case NANNANITDUANALAZUAN
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Methods

W UIUADH

Hierarchical procedure

Hierarchical cluster

is the most common method. It generates a
series of models with cluster solutions

from 1 (all cases in one cluster) to n (each
case is an individual cluster).

Hierarchical cluster also works with variables
as opposed to cases; it can cluster variables
together in a manner somewhat similar to
factor analysis. In addition, hierarchical
cluster analysis can handle nominal, ordinal,
and scale data; however, it is not
recommended to mix different levels of
measurement.

MAEAE & MAB Training

E W NIUADY }

E Non - hierarchical procedure ]

!

K-means cluster

is a method to quickly
cluster large data set. The
researcher define the
number of clusters in
advance. This is useful to
test different models with a
different assumed number
of clusters

}

Two-step cluster

analysis identifies groupings by
running pre-clustering first and
then by running hierarchical
methods. Because it uses a quick
cluster algorithm upfront, it can
handle large data sets that would
take a long time to compute with
hierarchical cluster methods. In
this respect, it is a combination of
the previous two

approaches. Two-step clustering
can handle scale and ordinal data
in the same model, and it
automatically selects the number
of clusters.
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Hierarchical vs Non hierarchical methods

Hierarchical clustering Non hierarchical clustering
« No decision about the number of « Faster, more reliable

clusters - Need to specify the number of clusters
« Problems when data contain a high level (arbitrary)

of error - Need to set the initial seeds (arbitrary)

- Can be very slow

« |nitial decision are more influential (one-
step only)

Suggested approach
1. First perform a hierarchical method to define the number of clusters

2. Then use the k-means procedure to form the clusters
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v
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AU INAITILATIERAITIAN A

H

LADNIDIASEYERIN (Distance measure)

N

LlAan3bnsanngy (Clustering
algorithm)

3. szuauINnau (Determine the number
of clusters)

4. @SINFDUANMURUICTUYDINANISILATIZRA
(Validate the analysis)
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Hierarchical cluster analysis: HCA

A153 mema@ﬂammm@wu Lﬂumia@ﬂawuamiﬁ
wienau Case ‘ViSBﬂﬂﬁJGl’JLL‘US Tauidanly gl

1L AR UTRYaTHIALEN (311U < 200 LA/
ALLUs)

«  @79819 => uyengu (Classify cases)

o G => NAFDUANMUTUNUSTEHINA LS

. 2. [landudpansuduIunguuInau

o 3. Gifdudawmsmuidiudslaniairalaagnguln
S § 4 1 2 5 ﬂIB‘LJ,

4. yieenUshrunzau@a nominal, ordinal, and
scale data wazlumsHansiaupIAILUS
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HCA: inaurilun1s9nna

LLEJﬂLLGlauGI’JBEJ'NZ‘UENﬂaN Aap5EEENe (Distance) Lﬁmmuimﬂ
LusLyn 2 ﬂammmauﬂumﬂwamimsaﬂ 6] IUATUVARIDEINY

Cluster Dendrngram
fumauueameiia Hierarchical cluster analysis
ANRIUNTUUINGULAH
1 Bandsndedadufiannindisnswadivia
10- WHaasneiy dadsazyinlFaiunse
SN IR (ot {aY oY

2. Lﬂ@ﬂ’)ﬁﬂ’]i’)@iuﬂw‘ﬁ’]ﬁiw‘ﬁﬁﬂ\‘iL@ETLLG] ael
“IDLADAIDANTAIUIULNDIAAT AN

et
=
2
b
I 5‘ % | o |
AANLUDILAF LA RSE
I = o’Gt | P="]
3. @AM INAITTINNYUNIDTIN Cluster
o- MMM Eﬁfﬁ || rliui||_;_r’ﬁﬂ“
S0 QOCEgeESNET PO SI PSSR ENOTES
E5D2SaS58SE 808 SELS28r 583955886535
BegeRaR-=z20508 SSPeE825¢2 2555288 =T
= T ] i R s D EOS~ =™ 7




HCA: tneuilun1s9angu

1. Between - group linkage (or average linkage

between group)

Within-group Iinkage (or average Iinkage within
groups method) - 35#a¥54 cluster AU
3”8‘”3’1’1\‘1@885""1’13’1\‘1‘1’]?\@321& cluster ‘L!‘L!G] mmuama@

Centroid clustering - 594 2 cluster {63951 lag
ﬁmimwmﬂszma}hwmwﬂmaﬂa\‘i cluster 2 cluster

Ward’s method - Wa15841@1 sum of the squared
within-cluster distance lagaz571 cluster ‘Vlwﬂ%m
sum of the squared within-cluster distance LN3{Tu
Upe¥ige lasA1 square within-cluster distance Ap@n
square Euclidean distance ypaileiazladgny cluster
mean

MAEAE & MAB Training

Between - group linkage

Centroid

Cluster 71 i Cluster 7 |

Centroid clustering
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Table 1: [tems used to measure consumers attitudes towards shopping.

NOR

. FUN

. BUDGET

. EATINGOUT
. BESTBUYS

. NO_CARE
PRICE

. GENDER

. EDUCATION
10. INCOME

O 00 ~N O O » W N B

Number of respondent

Shopping is fun

Shopping is bud for your budget

| combine shopping with eating out

| try to get the best buys when shopping
| don’t care about shopping

You can save a lot of money by comparing prices

Scale
Scale
Scale
Scale
Scale
Scale
Scale
Nominal
Ordinal

Scale



@ Data for cluster analysis - Attitudes_Shopping.sav [DataSet2] - IBM SPS5 Statistics Data Editor

File Edit View Data Transform  Analyze  Graphs  Ulilities Extensions  Window  Help
SEEM e | 100
£ = Descriptive Statistics 3 ad
| | Bayesian Statistics 3
& NOR & FUN Tables 3 NO_CAR & PRICE &> GENDER il EDL
Compare Means 3 E {
L L & General Linear Model 3 2 3 1 1
2 2 ? Generalized Linear Models 3 5 4 0 0
3 3 7 ) 1 3 1 1
1 4 Mixed Models 3 3 6 0 0
5 1 Correlate » 6 4 1 0
Regression 3
s | s : e ] s ‘ 1 1
7 7 5 Loglinear 3 4 1 1
g 3 7 Meural Metworks 3 1 4 1 0
9 9 2 Classity P | B TwoStep Cluster... 1 0
10 10 3 Dimension Reduction 3 0 0
3
1 " 1 TEE [i7l Hierarchical Cluster... 0 0
= 12 5 S ' Cluster Silhouettes 1 1
13 13 2 Forecasting 3 ET 0 0
ree..
14 14 4 Survival r S 0 1
15 15 6 Multiple Response 2 M Discriminant . 1 1
16 16 3 B2 Missing Value Analysis... [ earest Neighbor... 0 0
v 4 Multiple Imputation ROC Curve... 0 0
18 3 Complex Samples ¢ | ROC Analysis.. 0 0
19 4 % Simulation... z r 0 0
20 20 2 Quality Control 3 7 2 1 0
£ Spatial and Temporal Modeling... 3
22
— Direct Marketing 3

MAEAE & MAB Training

Analyze > Classify > Hierarchical cluster...

& NOR

& FUN

& BUDGET
& EATINGOUT
& BESTBUYS
&2 NO_CARE

& PRICE

&5 GENDER
Jil EDUCATION
& INCOME

' @ Hierarchical Cluster Analysis

Wariables(s):

Label Cases by:

- Cluster
@ Cases © Variables

r Display
[« Statistics & Plots

Paste Reset || Cancel | w




HCA: Statistics

1

1 . RTaRRRN]

@ Hierarchica @ Hierarchical Cluster Analysis: Statistics

& NOR

Jll EDucaT
& INCOME

Pt

r Cluster Membership

@ None
(@ Single solution
Mumper of clusters:

@ Range of solutions
Minimum number of clusters:

Maximum number of clusters:

mp (Gomue) Ccanca)) Lien )

o4

.
[aros._
Cose

MAEAE & MAB Training

| #8 Hierarchical Cluster Analysis: Method >
Cluster Method: | Between-groups linkage L
- Between-groups linkage
Within-groups linkage
® Interval: ||Nearest neighbor
FFunhestneighbnr
Centroid clustering
@ Counts:  |Median clustering
Ward's method -
iZ) Binary: Squared Euclidean distance -
Present. |4 Absent: |p
r Transform Values Transform Measure
Standardize: |None b | [] Absolute values
@ By variable ["] Change sign
@ By case: [] Rescale to 0-1 range

| (gontnue } | Cancel J[_elp |
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Agglomerative clustering method

Linkage methods

. . . . . ,
« Single linkage (minimum distance) Ward’s method
. ) . . . .
Completg linkage (maximum distance) 1. Compute sum of squared distances within
* Average linkage clusters
Centroid method
« The distance between two clusters is defined as the 2. Aggregate clusters with the minimum increase in
difference between the centroids (cluster averages) the overall sum of squares
| ®& Hierarchical Cluster Analysis: Method X ‘@ I-Iierarchical CIusEr Analyss Me-thod : : X
Cluster Method: |Between-groups linkage - ! | ClusterMethnd:|wam'5 s v|
N Between-groups linkage
I
FasHrE Within-groups linkage [ Measure
@ Interval: [Nearest neighbor @ Interval: |Squa.redEudjdea.r: distance > |
Furthest neighbar Power B - —
Centroid clustering R . e e
© Counts:  |Median clustering @ Counts: |Chi-squared measure -
Ward’ thod
© Binary: :::iﬁra,-,:,S,:rréfl::ﬁjeﬁgtance = © Binary.  |Squared Euclidean distance v
Present |1 Absent [p Present. |1 Absent |p
r Transform Yalues Transform Measure
r Transform Values Transform Measure
Standardize: |None A | [7] Absolute values
Standardize: |None - | [7] Absolute values @ By variable ] Change sign
@ By variable [C] Change sign (@) E ;3;.;; [] Rescale to 0-1 range
@® By case: [] Rescale to 0-1 range
1 |C{:m‘nue| Cancel He_i.E
|Cnnﬁnue| Cancel HE-I.E E
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Proximity Matrix: Square Euclidean Distance

Proximity Matrix

Squared Euclidean Distance

Case 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1 .00o G4.000 5.000 31.000 69.000 3.000 5.000 5.000 43.000 43.000 60.000 7.000 65.000 46.000 13.000 48.000 9.000 56.000 56.000 69.000
2 G4.000 000 68.000 31.000 7.000 47.000 39.000 77.000 8.000 18.000 4.000 35.000 3.000 36.000 49.000 28.000 55.000 24.000 44.000 g.000
3 8.000 68.000 000 43.000 53.000 11.000 11.000 3.000 64.000 56.000 70.000 11.000 61.000 58.000 19.000 58.000 23.000 70.000 60.000 79.000
4 31.000 31.000 43.000 000 44.000 20.000 22.000 36.000 31.000 5.000 39.000 12.000 34.000 3.000 22.000 5.000 24.000 17.000 7.000 50.000
4 69.000 7.000 B3.000 44.000 000 52.000 42.000 90.000 5.000 33.000 3.000 46.000 16.000 51.000 58.000 41.000 52.000 41.000 £9.000 10.000
G 3.000 47.000 11.000 20.000 52.000 .0o0 2.000 8.000 35.000 33.000 47.000 4.000 50.000 31.000 10.000 33.000 5.000 45.000 43.000 54.000
[ 5.000 39.000 11.000 22.000 42.000 2.000 .0oo 10.000 29.000 31.000 37.000 4.000 40.000 33.000 14.000 31.000 6.000 47.000 45000 46.000
8 5.000 77.000 3.000 36.000 90.000 8.000 10.000 .00o 69.000 53.000 79.000 10.000 72.000 49.000 18.000 51.000 16.000 71.000 53.000 §0.000
9 43.000 8.000 64.000 31.000 5.000 35.000 29.000 69.000 .000 24.000 4.000 31.000 17.000 38.000 45000 32.000 41.000 24.000 56.000 5.000
10 43.000 18.000 56.000 5.000 33.000 33.000 31.000 53.000 24.000 000 28.000 21.000 19.000 4.000 39.000 2.000 39.000 14.000 8.000 35.000
11 60.000 4.000 70.000 39.000 3.000 47.000 37.000 79.000 4.000 28.000 000 37.000 5.000 43.000 51.000 38.000 49.000 30.000 60.000 7.0oo
12 7.0oo 35.000 11.000 12.000 46.000 4.000 4.000 10.000 31.000 21.000 37.000 .0oo 34.000 23.000 8.000 23.000 10.000 31.000 27.000 48.000
13 65.000 3.000 61.000 34.000 16.000 50.000 40.000 72.000 17.000 19.000 9.000 34.000 .0oo 30.000 52.000 29.000 58.000 29.000 41.000 16.000
14 46.000 36.000 58.000 3.000 51.000 31.000 33.000 49.000 38.000 4.000 48.000 23.000 39.000 .00o 39.000 2.000 37.000 22.000 6.000 55.000
15 13.000 49.000 19.000 22.000 58.000 10.000 14.000 158.000 45.000 39.000 51.000 8.000 52.000 39.000 000 43.000 16.000 43.000 41.000 65.000
16 43.000 28.000 58.000 5.000 41.000 33.000 31.000 51.000 32.000 2.000 38.000 23.000 29.000 2.000 43.000 000 35.000 24.000 5.000 47.000
17 g.000 55.000 23.000 24.000 52.000 8.000 6.000 16.000 41.000 39.000 49.000 10.000 58.000 3r.000 16.000 35.000 000 59.000 49.000 68.000
18 56.000 24.000 70.000 17.000 41.000 45.000 47.000 71.000 24.000 14.000 30.000 31.000 29.000 22.000 43.000 24.000 59.000 000 24.000 31.000
19 56.000 44.000 60.000 7.000 69.000 43.000 45.000 53.000 56.000 5.000 60.000 27.000 41.000 6.000 41.000 5.000 49.000 24.000 .0oo 73.000
20 69.000 5.000 79.000 50.000 10.000 54.000 46.000 90.000 5.000 35.000 7.000 48.000 16.000 55.000 68.000 47.000 68.000 31.000 73.000 .0oo

This is a dissimilarity matrix
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Ward’s Linkage

Agglomeration Schedule

Cluster Combined

Stage Cluster First Appears

<

Stage  Cluster1  Cluster2  Coefficients Cluster 1 Cluster 2 [Mext Stage
1 14 16 1.000 0 0 &
2 i 7 2.000 0 0 7
3 2 13 3.500 0 0 15
4 ] 11 5.000 0 0 i
E 3 B 6.500 0 0 16
i 10 14 B.167 0 1 g
7 i 12 10.500 2 0 10
g ] 20 13.000 1] 0 11
8 4 10 15.583 0 & 12
10 1 i 18.500 0 ¥ 13
11 ] g 23.000 4 8 15
12 4 19 27.750 ] 0 17
13 1 17 33100 10 0 14
14 1 15 41.333 13 0 16
15 2 5 51.833 3 1 18
16 1 3 G4.500 14 & 149
17 4 18 79667 12 0 18
18 2 4 172.667 15 17 19
19 1 2 328.600 16 18 0

MAEAE & MAB Training

Dendrogram using Ward Linkage
Rescaled Distance Cluster Combine

| |
| |
(1) I
¢/ /AR
| W/
M |
/ |
|
3 clusters I 2 clusters

-
- .}___
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Save membership

€2 *Data for duster analysis - Attitudes_Shopping.sav [DataSet?] - IBM SPSS Statistics Data Editor

Eile  Edit View Data Transform  Analyze  Graphs  Utilities  Extensions Window |

. EHe B BLIR A B

@@ Hierarchical Cluster Analysis X MName Type Width | Decimals Label Values
1 MNOR Mumeric 8 0 Mumber of resp... Mone
& NOR J Ui Hierarchical Cluster Analysis: Save X FLMN Mumeric B 0 Shopping is fun {1, Exdremel. .
e er= Y T —— [ Piots..._| BUDGET  Numeric 8 0 Shopping is bu_. {1, Extremel._.
B b
all EDUCATIC | | uethod. | EATINGOUT  Numeric 8 0 | combine shop... {1, Extremel._.
ﬁ ::’E:;Mf © Singie sowution Save.. BESTBUYS Numeric 8 0 I'try to get the ... {1, Extremel...
& DLU3_1 Mumber of clusters: III MO CARE Mumeric 8 0 | don't care abo... {1, Extremel._.
& CLU2:1 @®: Range of solutions! FRICE MNumeric G 0 You can save a.__ {1, Extremel__.
% CLU4_2 Minimum number of clusters: ] GEMDER Mumeric G ] Gender Mone
% gtﬂ;—i Magimum number of clusters: ICI III EDUCATION  Numeric 8 0 Education None
3 10 Mumeric 8 0 Met monthly inc... Mone
|Cmt|.|:me| Cancel Help MNumeric 8 0 Ward Method Mone
: J Mumeric B 0 Ward Method Mone
(o) s ) ost) o) S R I T

AaulsNInnaNe g

2.4 nauazUsIgin
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K-means cluster analysis: KCA

KCA is a method to quickly cluster large data

sets. The researcher define the number of Cluster 3
clusters in advance. This is useful to test different  Saving

models with a different assumed number of

clusters.

o MARANHIUNGH (K) YIFABIN15ADN LA
FpEaLIINGH
Cluster 1

- Miuifayavunalne) (> 200) Cluster 2
. WmIzAUEILUsAeD L (Scale)

- MAndniindn Case ihagu K

« NAUANNANLBY NJUFAIIANIN

.« WI5r819698735 Euclidean distance

Income

Clusters based on income and saving

Note: ¥nadisadsniinisianuae(dund Hyinaisudaatiu
ANHIASTINADHU (Z-Score)
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KCA: Analyze > Classify > K-means Cluster...

@ *Data for cluster analysis - Attitudes_Shopping.sav [DataSet2] - IBM SPSS Statistics Data Editor

File  Edit View Data Transform  Analyze  Graphs  Utilities  Extensions  Window  Help

= - = 1 ﬁ . 1
) Reports r [A] K-Means Cluster Analysis
= ﬁ = g k= 3 =E @
3 H = Descriptive Statistics p L) [ _
1 | Bayesian Statistics » [ Lilol =2
FNOR | & FUN Tables } LNO CAR ¢ PRICE |& GENDEI | NoR & FUN
£ & GENDER & BUDCET
Compare Means 3 |
1 1 6 Cenora Linear gl X 9 3 1 4l EDUCATION & EATINGOUT
T2 | 2 2 =enereHneartioce e n 0 & INCOME & BESTBUYS
II . ; Generalized Linear Models : ; 3 ; & CLU4_ 1 & NO_CARE
Mixed Models
T e i i et : ] 5 0 % CLU3_1 & PRICE
Correlate CLUZ 1
II 5 ! Regression b 6 4 ! Label Cazes by
6 6 6 - . 3 4 1 | |
Loglinear
T 7 5 3 4 1
8 8 7 Ne”'a_' Networks ' 1 4 1 Mumber of Clusters: Method
g g 2 e " | B Twostep Cluster... 1 (@ lterate and classify © Classify only
10 10 3 Dimension Reduction Y K-Means Cluster... 0
II 11 1 Scale » il i : 0 r Cluster Centers o
1l Hierarchical Cluster... swuar]ugu ClUSter
12 12 5 Monparametric Tests X Cluster Silhouettes 1 [] Read initial: Qi
Fi 1i ™ Nnen datace
13 13 2 ore.cas_mg B Tree.. 0 @ Open dataset NADININS
_u 14 4 SR ' Bl 0 @ External datafile | Fjje
15 15 6 Multiple Response 3 Zisenminant... 1 - i
16 16 3 Missing Value Analysis.. E Mearest Meighbar... 0 [] Wirite final:
17 17 4 Multiple Imputation 3 ROC Curye... 0 @ New dataset
18 18 3 Complex Samples v |IE ROC Analysis... 0 @ Data file File..
II 19 4 % Simulation... z 0 |
%I 2 2 Quality Control k 7 2 1 | 0K Paste Reset || Cancel HE!E
= Spatial and Temporal Modeling... k
Direct Marketing r
23

i
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KCA: Output

Initial Cluster Centers

Cluster Membership

Case Mumber Cluster Distance

Cluster

1 3 1.414
1 : ? 2 2 1.323
e T 4 5 7 : Number of Cases in
— 3 3 2550
Shopping is bud for your g 3 2 each Cluster
budget 4 1 1.404
| combine shopping with 3 2 B 5 2 1.848 Cluster 1 G.000
eating out 6 3 1295
[ try to get the best buys 7 4 4 - 3 1.5[][] - 6.000
when shopping : 3 8.000
[ dont care about 2 7 1 a 3 2121 _
shapping g 2 1 756 Valid 20.000
You can save a lot of 7 2 3 St
money by comparing 10 1 1.143 MISSIT‘IQ .00d
prices 11 2 1.041
Distances between Final Cluster 12 3 1581 LEANINUINAIDLINYDILAATN N
cEnters 13 2 2.5498
14 1 1.404
Cluster 1 2 3
15 3 2.828
1 5568 5698 16 1 1 624
2 5 RER B A28 17 3 7 548
3 5.698 G.928 18 1 3.555
19 1 2154

20 2 2102
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ANOVA table
- lFBTadndndslefinaunnfigadanisiinunnguiifiinua (3

KCA: Options

@ K-Means Cluster Analysis

- Y P [ [~ Y Q:CZ % 1 | ‘E Y]
< e enkdsnden F-stat §9ga Laa9dua s iyiuengal te
= =]
Variables: PN
q
& NOR & FUN
&> GENDER &’ BUDGET ANOVA
ol EDUCATION (| | & EaTnGouT
ig‘&aﬁnf @ k-Means Cluster Analysis: Opti... X Cluster Error
ry DLU3_1 Mean Sguare df Mean Sguare df F Sig.
& CLUZ 1 [ Statisfics Shopping is fun 29.108 608 17|  47.888 000
- [&/] Initial cluster centers —
Shopping is bud for yaur 13.546 630 17 21.505 000
[+ AMOVA table budget
Number of Clusters: [+ iCluster information for each case | combine shopping with 31,392 833 17 37670 oon
i eating out
r Missing Values Bty only
o [ try to getthe hest buys 15,713 728 17 21.584 .00o
[] Read nitial: Exclude cases pairwise | don' care about 22537 816 17| 27.614 000
@& Open dataset |— shopping
@ Exte E wmm You can save a lot of 12171 1.071 17 11.363 .001
£ wrte fnat : L BT
® New dataset The F tests should be used only for descriptive purposes because the clusters have been chosen to
@ Data file File maximize the differences among cases in different clusters. The observed significance levels are not
-~ corrected for this and thus cannot be interpreted as tests ofthe hypothesis that the cluster means are equal.
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KCA: Save

| @ K-Means Cluster Analysis

[Aduds 262
+  QCLI dudsiirnuainlasagngulag
e QCL2 ¢uUsUnnseysnINeEILEaSLAFNNARFLHDST

*

Variables: - - I e
ﬁ NOR ? FUN sing.sav [DataSet?] - IBM SPSS Statistics Data Editor
GENDER BUDGET S
gEDUCATlUN ?B‘WWGDUT w 'Analyze  Graphs  Utilities  Extensions  Window  Help
INCOME BESTBUYS | —
& cLU4_1 & NO_CARE 4 E ﬂﬂ e B S f\@
& CLU3_1 & PRICE _ e e 4 @
&5 CcLuz_1
8 K-Means Cluster: Save New... X Width | Decimals Label Values Missing Columns || Align || Measure || Fole
. | |8 0 Mumber of resp... Mone Mone g = Center & Scale *w Input
- . Clust bershi _
A :_us ey : . 8 0 Shopping is fun {1, Extremel .. None 8 = Center & Scale “ Input
[« :Distance from cluster center assify only I S -
|8 0 Shopping is bu._. {1, Extremel... None g = Center & Scale “ Input
- _%L'S;rg?n_t:rf | Eﬂ"“"“e” Cancel || Help | |8 0 | combine shop._. {1, Extremel___ None g = Center & Scale *w Input
ead intal \ J
® Open dataset = |8 0 | try to get the ... {1, Extremel... None g = Center & Scale *w Input
@ Exte = B 0 | don't care abo._. {1, Extremel... None g = Center & Scale N Input
[] write final: |8 0 You can save a_.. {1, Extremel__. Mone g = Center & Scale “ Input
® New gatase Ik 0 Gender None None 8 = Center &5 Mominal *w Input
R File .. '8 0 Education Mone Mone g = Center o Ordinal *w Input
[ ok ]Easte ]E%e‘ ) (cancel | Heip | :B 0 Met monthly inc_.. Mone Mone 8 = Center & Scale “ Input
= —— PRI 8 0 Ward Method None None 10 = Right &5 Mominal “ Input
CLU3_1 Numeric 8 0 Ward Method ~ MNone None 10 = Right &> MNominal “ Input
13 cLUZ 1 Mumeric 8 0 Ward Method None None 10 = Right &5 Mominal *w Input
14 QcL 1 Mumeric 8 0 Cluster Number... Mone Mone 10 = Rught &5 Mominal *w Input
QcL 2 Mumeric 20 5 Distance of Ca._. MNone MNaone 22 = Right & Scale “ Input
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Two-step cluster analysis

- analysis identifies groupings by running pre-clustering first and then by running hierarchical
methods. Because it uses a quick cluster algorithm upfront, it can handle large data sets that would
take a long time to compute with hierarchical cluster methods. In this respect, it is a combination of
the previous two approaches. Two-step clustering can handle scale and ordinal data in the same

model, and it automatically selects the number of clusters.



Two-step output

@ TwoStep Cluster Analysis

& NOR

&5 GENDER
4l EDUCATION
& INCOME

&b CLu4_1

&5 CcLua_1

&b CLuz2_1
$hacL 1

& acl 2

r Distance Measure
@ Log-likelihood
@ Euclidean

r Number of Clusters
@ Determine automatically
i . ]

©) Specify fixed

e _ e
Mumber: 5 -

Categorical Variables:

MAEAE & MAB Training

Model Summary

Continuous Variables:

Algorithm TwoStep

£ FUN

&’ BUDGET
& EATINGOUT
E 4 BESTBUYS

& NO_CARE

|&” PRICE

r Count of Continuous Variables
To be Standardized: ]

Assumed Standardized: 0

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

(Lo J{gaste J| Reset | cancel || e |

Silhouette measure of cohesion and separation

Inputs B
Clusters 3
Cluster Quality
Poor Fair Good
T T T
0.5 0.0 05 1.0



Create cluster membership variable

| ﬁ TwoStep Cluster Analysis

x
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Data view

$5 Twostep Cluster: Output x @ &> CLU4 1 &5 CLU3 1 &> CLUZ 1 &> QCL 1 £ acL 2 | &Tsc 2086
[ Output 1 1 1 3 141421 3
D Pivot tables 2 2 2 2 1.32288 1
[+| Charts and tables in Model Viewer 1 1 1 3 2.54951 3
Variables specified as evaluation fields can be optionally displayed in the 3 3 2 1 1.40436 2
Model Viewer as cluster descriptors. 2 2 2 2 1.84842 1
Variables: Evaluation Fields: 1 1 1 3 1.22474 3
& NOR = 1 1 1 3 1.50000 3
&5 GENDER 1 1 1 3 212132 3
g EDCUDCMA;— on 2 2 2 2 1.75594 1
& cLU4 1 @ *Data for cluster analysis - Attitudes_Shopping.sav [DataSet2] - [BM SPSS Statisth 3 3 2 1 1.14261 2 —
Lo 4 s File Edit Yiew Data Transform Analyze Graphs  Utilities Ex 2 2 2 2 1.04083 1
—
—Working Data File ﬁ H ﬁ - b~ E & % ﬁﬂ ﬂﬂ @ ‘
¥/ Create cluster membership variable | Name " Type " Width || Decimals " || Values || Missing || Columns || Align || Measure || Rale
TS 1 NOR Mumeric 3 0 Mumber of respondent MNone None 8 = Center & Scale N Input
2 FUN Numeric 8 0 Shopping is fun {1, Extremel... None 8 Center & Scale “w Input
L2 =i 3 BUDGET MNumeric 8 0 Shopping is bud for your budget {1, Extremel... None 8 Center & Scale “ Input
Name: Brow 4 EATINGOUT  Numeric 8 0 | combine shopping with eating out {1, Extremel... None 8 Center & Scale * Input
[C] Export CF tree 5 BESTBUYS  Numeric & 0 I try to get the best buys when shopping {1, Extremel... None 8 Center & Scale “ Input
Mame: e 3] NO_CARE Numeric 8 0 | don't care about shopping {1, Extremel... None 8 Center & Scale “ Input
- T PRICE Numeric 8 0 You can save a lot of money by comparing prices {1, Extremel... None 8 Center & Scale “ Input
- 8 GEMDER Mumeric ] 0 Gender MNone MNone 8 Center &5 Nominal “ Input
LM M M 9 EDUCATIOMN  Numeric 8 0 Education MNone None i Center 4l Ordinal “w Input
m - INCOME MNumeric 8 0 MNet monthly income None None 8 Center & Scale “ Input
11 CLU4_1 Numeric 8 0 Ward Method None None 10 Right &5 Nominal “ Input
CLU3 1 Mumeric 8 0 Ward Methad Mone None 10 Right &b Nominal N Input
13 CLU2_1 MNumeric 8 0 Ward Method MNone None 10 Right &> Nominal “w Input
14 jacLA MNumeric 8 0 Cluster Number of Case None MNone 10 = Right &5 Nominal “ Input
Llumeric 20 L Distance of Case from its Classification Cluster Center Mogs Llooe 10 = Right é Scals Sy Input
Va rl a b | e VI eW | TSC 2086 MNumeric 10 0 TwoStep Cluster Number {-1, Qutlier ... None 8 = Right &5 Nominal P Input
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Two-step output L laALLUTTINAY

8 TwoStep Cluster Analysis *
Categorical Variables:
4 NOR & GENDER
& CLU4.1 dfl EDUCATION (ouput. Model Summary
&5 CLu3 1
&5 cLUz_1 E
&5 QCL_1
& acL_2 Algorithm TwoStep
&b TSC_2086
Continuous Variables:
& Ton = Inputs 9
& BUDGET P
& EATINGOUT
E & BESTBUYS Clusters 3
& NO_CARE
& PRICE
& INCOME ~
r Distance Measure ——————  Count of Continuous Variables CIUSter Qua"ty
@ Log-likelihood To be Standardized: T
@ Euclidean Assumed Standardized: 0
r Number of Clusters —————— 1 Clustering Criterion Poar Fair Good
© Determine automatically @ Schwarzs Bayesian Criterion (BIC) _1' q -UI < D'D DIS 10
NP _ - R e, : N : : B : B :
Magimum: |15 = @ Akaike's Information Criterion (AIC) Silhouette measure of cohesion and separation
@ Specify fixed
- [ ]
wmer. ;4

0K ] paste J{ Reset J[Cancel][ Help |
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A15IANANILUANMULANA1ANLHD ALY TE19 Y

PRICE | &5 GENDER dEnumﬂ & INCOME | &b CLU4_1 &> CLU3 1 &> CLU2 1 &> QCL_1 & QcL 2 &> TSC_2086 &> TSC_2705
ON

1|3 1 1 3000 1 1 1 3 1.41421 3 1
4 0 0 2000 2 2 2 2 132288 1 2
3 1 1 3500 1 1 1 3 2 54951 3 1
5 0 0 1500 3 3 2 1 140436 2 3
4 1 0 2300 2 2 2 2 1.84842 1 2
6 |4 1 1 4000 1 1 1 3 122474 3 1
4 1 1 3800 1 1 1 3 1.50000 3 1
4 1 0 4500 1 1 1 3 212132 3 1
33 1 0 2600 2 2 2 2 1.75594 1 2
5 0 0 1600 3 3 2 1 1.14261 2 3
3 0 0 2200 2 2 2 2 1.04083 1 2
4 1 1 3600 1 1 1 3 1.58114 3 1
4 0 0 2400 2 2 2 2 259808 1 2
7 0 1 1800 3 3 2 1 1.40436 2 3
4 1 1 5000 1 1 1 3 282843 3 1
7 0 0 1650 3 3 2 1 1.62447 2 3
5 0 0 2100 1 1 1 3 259808 3 3
3 0 0 1400 4 3 2 1 3.55612 2 3
7 0 0 1600 3 3 2 1 215381 2 3
2 1 0 2500 2 2 2 2 210159 1 2
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Cluster analysis via STATA

Suwanna Sayruamyat
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ASLATLUTDUALLAZAITHAAIATH

1. wihdaya:
- A1sHuNYBYAADENN (*.dta, *.csv)
2. INANNFLDAIDYA:

+  AN59ANNSTBYAFUNY (Missing values) wazanidadnd (Outliers)
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A159LAS12RLLUY Hierarchical Clustering

AdelAIanguLuy Ward’s linkage sredadaudsing

N AN

Syntax: cluster wardslinkage varl var2 var3 , name(my_cluster)

aanysnlglunsiang

Linkage options in Stata

linkage Description

singlelinkage single-linkage cluster analysis
averagelinkage average-linkage cluster analysis
completelinkage complete-linkage cluster analysis
waveragelinkage weighted-average linkage cluster analysis
medianlinkage median-linkage cluster analysis
centroidlinkage centroid-linkage cluster analysis

wardslinkage Ward’s linkage cluster analysis
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A153LAS12%LLUY Hierarchical Clustering using Menu

Using Menu for cluster wardslinkage

Statistics > Multivariate analysis > Cluster analysis > Cluster data > Ward’s linkage

cluster wardslinkage - Ward's linkage clustering — X

! Main if/in Advanced

~ e o Variables: (leave empty for all)
1. WUNYEDAN LL‘]_]S FUN BUDGET EATINGOUT BESTBUYS NO_CARE PRICE v

(Dis)similarity measure
© Continuous O Binary () Mixed

L2 or Euclidean

L2squared or squared Euclidean I

L1 or absolute value
Linfinity or maximum value

2. @90 L2 squared or ||
squared euclidean :‘|>

2 # for L(#) or Lpower(#)

. o Name this cluster analysis: (leave empty for default name)

3. NUWBaMLUsHLUNED9AS :> customer

?21C B 4. CIiCk OK Cancel Submit
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A159LAS12RLLUY Hierarchical Clustering
ﬁﬁgﬁ: » cluster wardslinkage FUN BUDGET EATINGOUT BESTBUYS NO_CARE PRICE, name(group)

» cluster dendrogram

» cluster generate customer_g = group(3) - a19dauustny To customer_g aMndauls group $1u9% 3 B

pendrogram for group cluster analysis ﬁ IUIUA[U 2 nga | Pcluster generate customer_g = group(2)

300
: - w—
g
:,? 200
: ﬁ IMUIUNFU 3 naU
S5 N 7 o ) )
3 AW g W
T 100 3 ) '
: F51982LUs

\ 4
ﬂ:‘:‘\;l:\
N 1 = = cluster generate customer_g = group(3)

1 6 7 12 17 15 3 8 2 13 5 11 9 20 4 14 10 16 19 18
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A15LAT1LRLLUY K-means Clustering

A isanguuLuy Kmeans idanguaaataasidn n ngu
Syntax: cluster kmeans varl var2 var3 , name(my_cluster)
FausAlilunsdanga AelinAansina

Using Menu
cluster kmeans

Statistics > Multivariate analysis > Cluster analysis > Cluster data > Kmeans
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A153LA51EHLLUY K-means Clustering using Menu

1_ ﬁuﬁga gff.] LUJ5 f cluster kmeans - Kmeans cluster analysis — X

Main  if/in Options Advanced

! Variables: (leave empty for all)

) S e FUN BUDGET EATINGOUT BESTBUYS NO_CARE PRICE
2. FTYIMUINAYUNADINNT |

| ] 2 : K (the number of groups)

= ‘]_] o o I\;Dis}similarineasure
3. \@pnuseiAn measurement UHIH? — O Coninuows O ginary O Mied
w5 upenunauY 1

L2 or Euclidean

[T | | 4. \§9n L2 squared or

L1 or absolute value

Linfinity or maximum value Squared eUC“dean

2 # for L(#) or Lpower(#)

. Name this cluster analysis: (leave empty for default name)

5. NUNTDAILUS IHUN

. I\> custom_g
E1NANT9 ‘

?2/C E@ y OK Cancel Submit

6. Click OK
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AstSaunaunau: Iy tabstat

U
74

[FAna tabstat %59 oneway WWDLUTHULNYUANWEILYDILLEAREAGH

tab FUN custom_g

Cluster ID

FUN 1 2 Total

1 0 2 2

2 2 2 4

3 3 %] 3

4 3 1 4

5 (%] 2 2

6 (%] 3 3

7 0 2 2
Total 8 12 20
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A15LUSaUNBUngN: One-way ANOVA

oneway FUN customer_group, tabulate

customer_gr Summary of FUN
oup Mean  Std. dev. Freq.
1 5.75 1.0350983 8
2 1.6666667 .51639778 6
3 3.5 .54772256 6
Total 3.85 1.8994459 20
Analysis of variance
Source SS df MS F Prob > F
Between groups 58.2166667 2 29.1083333 47 .89 0.0000
Within groups 10.3333333 17 .607843137
Total 68.55 19 3.60789474

Bartlett's equal-variances test: chi2(2) = 3.4075 Prob>chi2 = 0.182
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Post hoc testing of One-way ANOVA

Fausany 2R IST LAY — , , ,
(dependent variable) (independent variable) Pairwise comparisons of means with equal variances

s N -

pwmean|FUN|, over(customer_group)|mcompare(tukey) effects

Tukey Tukey
FUN Contrast Std. err. t P>|t] [95% conf. interval]
customer_group
2 vs 1l -4.083333 .4210553 -9.70 0.000 -5.163491 -3.003176
3vsl -2.25 .4210553 -5.34 0.000 -3.330157 -1.169843
3 vs 2 1.833333 .4501271 4.07 0.002 .6785967 2.98807

7 I N\
vSaULNUA9LLs FUN 591919

AN 2 vs AR 1
nau 3 vs nqu 1
3 3
AU 3 vs Agu 1

A1 P-value &g LaagAiin1ULaAncg
AupgidyadAsunIeaann 0.01
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Assignment

 Using file: Data for practice (Download: https://www.eatecon.com/courses/business-

plan-workshop/)

1. lfeyafiinualiiiasiest Factor analysis Tagidnndaudslunmsiiaseiliiosndt 12 dauys

2. Ufioyafidmualifiasies Cluster analysis Tauidnnadauistunisiiasisisiuaungneios 6 daus
3. pBunswansiasznlinlalagesiesisisinlusunsu SPSS #3p Stata Ale
4

\Bausigatsiia lagauisatdaniu iPad (6 laasiudulnai@iaes wda save in pdf file sua IWa (itAn
100MB

o1

Submission Link: https://forms.gle/ndh1fNjiZKu4tLH66

6.  AMNUAEY 30 F9W1AN 2568 1781 20.00 .
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