Scale Construction

Multiple methods, multiple problem
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Types ofValidity: What are we measuring
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Techniques of Data Reduction:
Factors and Components
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Methods of Scale Constructio

¥ Empirical
b MMPI, Strong

¥ Rational
P CPI

¥ Theoretical
P NAch

¥ Homogeneous
| EPI, 16PENEO




Empirical Keying

¥ Ask items that discriminate known groups
b People in general versus specibc group

b Choose items that are maximally independent and t
have highest validities

¥ Example:
b MMPI
b Strong-Campbell
b sex and ethnic dérences in personality and music

¥ Problem:
b What is the meaning of the scale?
b Need to develop new scale for every new group




Sex diferences at item level

ltem! ! ' l

Get overwhelmed by emotiohs.
Sympathize with others' feellngs
Worry about things. !

Feel others' emotiornis.
Get stressed out easlly
Have a soft heart.!
Panic easily !
Inquire about others' well- belng

efect size
0.59
0.45
0.43
0.39
0.51
0.38
0.50
0.41

Get upset by unpleasant thoughts that come into my mind. 0.38

Get upset easily ! ! !
Am indifferent to the feelings of others.!

Am not interested in other people's probléms.

Feel little concern for others.! !
Am not easily bothered by things !
Love to help others. ! l
Am not really interested in others.!
Think of others prdit. ! !
Take ofense easily ! !
Take time out for others. ! !

0.37
-0.33
-0.33
-0.35
-0.35
0.34
-0.32
0.30
0.29
0.33




Gender diferences In music preference

effect size | Item

0.9 Broadway Musicals (e.g. Rent, Cats, Phantom of the Opera)

0.68 Top 40/Popvocal Music (e.g. Kelly Clarkson, Madonnidye Black Eyed Peas)
0.65 Broadway Movie andTV Soundtrack Music in General

0.59 Contemporary Rhythm and Blues (eVghitney Houston, UsheAlicia Keys)
0.59 Modern Country Music (e.g. Garth Brooks, Dixie Chickisn McGraw)
0.37 Country Music in General

0.37 Movie Soundtracks (e.g. Starwars, GMIl Hunting, Garden State)

0.36 Top 40 Music/Pop in General

0.32 Pop Rock (e.g. Maroon 5, Counting Crows, John Mayer)

0.31 Modern Religious Music (e.g. 4Him, Casting Crowns)

0.3 Soul Rock (e.g. Stevid/onder EarthWind and Fire)

-0.3 Acid Rock (e.g. Pink FloydlThe Doors, JéérsonAirplane)

-04 Heavy Metal (e.g. Metallica, Marilyn Manson, System of a Down),




Ethnic diferences in music preferen

effect ltem

1.26 Acid Rock (e.g. Pink FloydThe Doors, JéérsonAirplane)

1 Alternative (e.g. Pearl Jam, Incubus, Radiohead)

0.97 Electronic Music in General

0.91 Rock Music In General

0.87 Jam Bands (e.g.he Grateful Dead, Phish, String Cheese Incident)

0.87 Classic Rock (e.gr'he BeatlesThe Rolling Stones, Led Zeppelin)

0.85 Country Rock (e.gTheAllman Brothers, knyrd Skynyrd)

0.61 Electronic Dance Music (e.g. Odesto, PauVan Dyk, Keoki)

0.59 Folk Music in General (e.g. Bob Dylan, Iron anihe, Simon and Garfunkel)
0.57 Pop Rock (e.g. Maroon 5, Counting Crows, John Mayer)

0.56 Country Music in General

0.51 Bluegrass (e.qilison Krauss, Lester Flatt, Nickel Creek)

-0.56 Contemporary Rhythm and Blues (eVhitney Houston, UsheAlicia Keys)
-0.6 Blues in General (e.g. Ray Charles, Stevie Rayghn, B.B. King)

-0.63 Instrumental Hip-Hop (e.g. DJ Hiek, RJD2, Prefuse 73)

-0.64 Gospel Soul (e.cAretha Franklin, Solomon Burke)

-0.67 Soul in General (e.g. Otis Redding, Marvin Gaye)

-0.84 Religious Music in General

-1.04 Soul Rock (e.g. Stevid/onder Earthwind and Fire)

-1.11 Rhythm and Blues in General o
-1.43 Religious Gospel (e.g\ndre Crouch, Gospel Quartet) 7




Rational Keying

¥ Ask items with direct content relevance
¥ Example: California Psychological Inventol

¥ Problems
D Not all items predict in obvious way
P Need evidence for validity
b Easy to fake




Theoretical Keying

¥ Ask items with theoretical relevance

¥ Example: Jackson Personality Research
Form

¥ Problems:
P Theoretical circularity
P Need evidence for validity




Homogeneous Keying

¥ Select items to represent single domain
b Exclude items based upon internal consister
¥ Examples:
b 16PFK EPI/EPQ, NEO
¥ Problems

b Garbage In, Garbge Out
P Need evidence for validity




Methods of Homogeneous Keyir

¥ FactorAnalysis
¥ Principal Component®&nalysis
¥ ClusterAnalysis




Scale Construction

Pragmatics




Comparison of techniques

¥ Empirical

¥ Rational

¥ Theoretical

¥ Homogeneous

¥ Does it make a dérence?
b Hase and Goldbgr No
b Goldbep, Yes.




Cross validated r

Average Cross validated validi

Homogeneous/rational

Empirical

DifPculty of predicting criteria ->




Advantages and disadvantagge

¥ Empirical

b
b
b

Harder to fake
Harder to interpret

Requires new scale validation for every criteriol

¥ Rational/Homogeneous
P More transparent
P Homogeneity of measure suggests single cons




3 stages of scale construction: |: Des

1. Review theory of attribute to be measured
1. Convergent measures
2. Discriminant measures

2. Write items based upon theory
1. items drawn from dilerent facets of theory
2. Items balanced for response styles

3. Screen items for readabillity, bias,
understandability

4. Include "hyperplane stu!O
1. possible related constructs
2. theoretically important alternatives

5. DebPne target population
1. Who is to be measured




3 stages of scale construction: Il: D

1. Administer items and record responses
1. (1) Monitor for serious, engaged test taking
2. (2) Double check for data entry errors

2. Examine the distribution and search for
outliers
1. data entry errors
2. uncooperative subjects

3. Form proximity (correlation) matrix

4. Extract optimal number of factors or clusters
1. statistically (chi square and maximum likelihood)
2. psychometrically (maximize alpha, beta, VSS)
3. for interpretation (to maximize understanding)




1. Form scales based upon these factors/ clusters

2. Purify scales -- item analysis

3.

1.
2.

1.
2.
3.
4.

Validate against other measures of same and
dilerent constructs
1.
2.

3 stages of scale construction: IlI:
Application

score salient items
drop non salients

high correlation with scale

low correlations with other scales

low correlations with measures of response styles
moderate levels of endorsement

Assess reliability (internal consistency &stability)

Demonstrate convergent, discriminant and
Incremental validity




Scale ConstructiorAn example

¥ 4 sets of items were constructed to
represent 4 psychological domains

b Sociability Impulsivity, NeedAchievement,
Anxiety

¥ Surveys were given to friends of
experimenters who also peer rated their
friends




Scale Construction: Example (

¥ Items were entered Into a spreadsheet and
checked for incorrect entries

b Missing values were replaced with a missing value
code (NA)

¥ Basic item statistics were examined

¥ Scales were constructed based upon original
scoring keys -- item whole correlations allowed
for some trimming of items

¥ Alphas were calculated for each scale




Scales were also constructed using a hierarcl
cluster algorithm for items (ICLUST)

¥ 1) Find similarity (correlation) matrix

¥ 2) Combine most similar pair of items to
form a new variable (cluster)

¥ 3) Find similarity of this cluster to all othe
items/clusters

¥ 4) Repeat steps 2 and 3 until some criter
(e.g., alpha or beta) fails to increase

23




ltem Analysis
What items load on scales?
Scale 1Alpha = .90

0.81 0.31 0.11 -0.24 1 would call myself a sociable person
0.81 0.36 -0.01 -0.22 Ata part, I like to mingle and meet as many new people as I can
0.77 0.4 -0.1 -0.29 Other people consider me a social butterfly
0.76 0.23 0.12 -0.23 TIam apeople person
0.74 0.37 -0.06 -0.35 Ina group of people, I am likely to initiate conversations
0.72 0.34 -0.05 -0.13 I am a terrific conversationalist
0.7 0.35 -0.08 -0.3 I enjoy talking to strangers
0.7 0.36 -0.08 -0.33 [Ican easily let myself go and enjoy a lively party
0.69 0.3 0.09 -0.22 I think of of myself as very lively.
0.64 0.24 -0.03 -0.26 I can always think of something to say
-0.64 -0.28 0.23 0.44 1 feel uncomfortable in large groups
-0.58 -0.22 0.18 0.54 I generally become anxious when I meet new people

0.5 0.25 0.11 -0.04 I would rather attend a party than study




0.3
0.24
-0.42
0.1
0.11
0.23
0.14
0.09
-0.13
0.38
-0.02
0.37

Scale 2: alpha = .64

0.66 -0.05 0.09 I often act without thinking.
0.62 -0.19 -0.14 I often say things before thinking about how they'll make others feel.
-0.54 0.11 0.2 Ispend a lot of time thinking about what I want to say before I say it.
0.53 0.06 0.22 T have trouble concentrating on things for a long period of time.
0.52 -0.04 -0.19 Idon'tlike to stick to a strict schedule.
0.5 -0.01 -0.13 When I want something, I'll stop what I'm doing to get it.
0.5 -0.23 0.14 I spend my paycheck right after I receive it.
0.5 0.12  0.26 Iam easily distracted.
-0.48 -0.15 -0.2 T am not easily distracted from tasks.
0.47 O 0.07 I often interrupt others when I have something I want to say.
-0.47 0.3 0.16 I prefer to have a regular schedule.

0.44 0.18 -0.3 Ienjoy the unexpected.




0.02
0.05
0.02
-0.04
0.07
0.01
-0.17
0.22
-0.1
-0.04
-0.22
0.02
0.03
-0.27
-0.03
0.18
-0.12
-0.17
0.06

-0.09
-0.1
0.1
-0.06
0.08
-0.01
-0.27
0.04
-0.06
-0.18
-0.31
-0.27
-0.32
-0.44
-0.3
0.05

-0.2
0.28

Scale 3Alpha = .79

0.8
0.71
-0.71
0.68
0.67
0.66
0.63
0.62
0.61
0.58
0.57
0.57
0.53
0.52
0.49
0.49
0.47
0.44
-0.43

0.17 Itis important for me to do well.
0.13 | set high standards for myself.
-0.3 It does not bother me when others think that I'm a failure
0.23 | judge myself by the way | perform.
0.15 Success after a lot of hard work is rewarding.
0.42 | am upset when | do poorly.
0.46 When attempting a task, | often think about the consequences of
0.33 Being recognized for doing something well is important to me.
0.27 1 would rather pull an Oall-nighterO than feel unprepared for an e
0.43 | prefer tasks | know | will succeed at.
0.22 1 often find myself planning for the future.
-0.03 | do everything to the absolute best of my ability.
-0.07 | feel that | must complete a task once | begin.
0.17 1think about the consequences of my actions.
-0.02 1 often do more than is required on a task.
-0.06 | tend to do better in tasks that will be evaluated.
0.51 Ifind it hard to recover when someone criticizes me
0.61 1 worry about things that have already happened
-0.07 I rarely do work beyond the minimum.




0.27
-0.24
-0.2
-0.32
-0.11
-0.11
-0.06
-0.19
0.28
-0.13
-0.32
-0.17
-0.31

0.09
-0.19
-0.16
-0.11
-0.36
-0.04

0.04

0.07

0.2
-0.05
-0.18
-0.35

0

Scale 4: alpha = .67

-0.29
0.34
0.37

0.4
0.25
0.03
0.14
0.42

-0.32
0.26
0.06

0.4

-0.31

-0.7
0.69
0.64

| am nearly always relaxed
| often worry about things that others find trivial
| often feel stressed

0.6 A number of upcoming events currently have me feeling stressed

0.55
0.53
0.52

Change stresses me
| often can't go to sleep at night because I've got a lot on my minc
Sometimes | feel like things are out of my control

0.51 When doing a task, | often think about the consequences of failin

-0.48
0.44
0.44
0.42
0.39

| don't worry about things | can't control

| have a pessimistic attitude regarding my abilities
| assume the worst going into a situation

It takes me a while to make a decision.

| am nervous right now




Structure of Class Scales
(alphas on diagonal)

Soc Imp Nach Anx
Soc 0.90 0.46 0.00 -0.33
Imp 0.46 0.64 -0.16 -0.15
Nach 0.00 -0.16  0.79 0.33
ANX -0.33 -0.15 0.33 0.67




Structure of Self Report Scale
Class scales vs. Big 5 scales
(alphas on diagonal)

SocC Imp Nach Anx Extra Con  Open Stab Agree
Soc 0.90 0.46 0.00 -0.33] 0.72 -0.05 0.20 0.23 0.54
Imp 0.46 0.64 -0.16 -0.15] 0.24 -0.43 0.00 -0.04 0.22
Nach 0.00 -0.16 0.79 0.33] 0.21 0.58 0.48 -0.26 0.26
Anx -0.33 -0.15 0.33 0.67] -0.28 0.15 -0.05 -0.64 -0.04
Extra 0.72 0.24 0.21 -0.28| 0.79 0.15 0.47 0.26 0.64
Con -0.05 -0.43 0.58 0.15| 0.15 0.81 0.45 -0.01 0.25
Open 0.20 0.00 0.48 -0.05| 0.47 0.45 0.70 0.04 0.44
Stab 0.23 -0.04 -0.26 -0.64| 0.26 -0.01 0.04 0.82 0.15
Agree 0.54 0.22 0.26 -0.04] 0.64 0.25 0.44 0.15 0.60




Scatter Plot Matrix of Peer Ratin
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Scatter Plot Matrix of Self Repc
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How do we validate scales?
Multi-Method-Multl Trait Matrix

¥ Structure of scales and structure of peer
ratings do not imply validity for either

¥ We need to compare
P Mono Trait - Mono Method (reliability)
b Mono Trait - Hetero Method (convgent)
b HeteroTrait - Mono Method (discriminant)
P HeteroTrait Hetero Method (discriminant)




Soc
Imp
Nach
Anx
Extra
Con
Open
Stab

Agree

S
I

N
A

MultiT rait-Multi Method

Self report with class items Self report Big 5 items Peer ratings
Soc Imp Nach Anx Extra Con Open Stab Agree S I N A
0.90 0.46 0.00 -0.33 0.72 -0.05 0.20 0.23 0.54 0.59 0.28 -0.21 -0.47
0.46 0.64 -0.16 -0.15f 0.24 -0.43 0.00 -0.04 0.22 0.25 0.40 -0.32 -0.25
0.00 -0.16 0.79 0.33 0.21 0.58 0.48 -0.26 0.26 -0.02 -0.19 0.39 0.17
-0.33 -0.15 0.33 0.67f -0.28 0.15 -0.05 -0.64 -0.04 -0.12 -0.02 0.11 0.30
0.72 0.24 0.21 -0.28[ 0.79 0.15 0.47 0.26 0.64( 0.44 0.03 0.06 -0.41
-0.05 -0.43 0.58 0.15( 0.15 0.81 0.45 -0.01 0.25| 0.05 -0.17 0.50 0.22
0.20 0.00 0.48 -0.05| 0.47 0.45 0.70 0.04 0.44( 0.17 -0.10 0.26 0.06
0.23 -0.04 -0.26 -0.64| 0.26 -0.01 0.04 0.82 0.15[ 0.10 -0.09 -0.13 -0.25
0.54 0.22 0.26 -0.04| 0.64 0.25 0.44 0.15 0.60f 0.38 0.04 0.05 -0.19
0.59 0.25 -0.02 -0.12 0.44 0.05 0.17 0.10 0.38| 1.00 0.30 0.04 -0.31
0.28 0.40 -0.19 -0.02 0.03 -0.17 -0.10 -0.09 0.04( 0.30 1.00 -0.25 -0.18
-0.21  -0.32 0.39 0.11 0.06 0.50 0.26 -0.13 0.05| 0.04 -0.25 1.00 0.37
-0.47  -0.25 0.17 0.30 -0.41 0.22 0.06 -0.25 -0.19( -0.31 -0.18 0.37 1.00

A multi-Trait, Multi-Method Matrix (alphas on the diagonal)




FPersonality-iviusic-1Q
alphas on diagonal, unattenuated ab¢

A C E o N P R H FC g math matrix iq?
A 0.90| 0.35| 0.44| 0.27| -0.09| 0O.46| 0.08( 035 0.17| 0.08| 0.07f -0.03| 0.16
C 031 0.89( 0.21( o1 | -0.16| 0.23| -0.15( 0.13| 0.03| 0.00| 0.02| -0.06| 0.04
E 0.39| 0.19( 0.91( 0.27| -0.27| 0.30| ©0.12( 0.27( 0.13| -0.11| -0.09( -0.13| -0.06
0 0.24| 0.09( 0.24( 0.86| -0.07| -0.01| 0.27( 0.07| 042| 0.36| 0.36| 0.16|( 0.36
N -0.09| -0.14| -0.24| -0.06| 0.92( -0.01| 0.03| -0.13| -0.12| -0.04| -0.06| -0.04| 0.00
Pop 039( 020 026 -0.01| -0.01| 082 0.21| 0.43| 0.38( 0.01| -0.02| 0.01| 0.04
Rock 0.06| -0.12( 0.10( 0.22 0.02| 0.17| 0O.76f 0.18| 0.38 0.13| 0.15| 0.04| 0.13
HipHop 0.28 | 0.10| 0.22 0.06( -0.11| 0.34| 0.14| O0.75( 0.48| -0.07| -0.07| -0.01| -0.09
Folk.clas 0.14| 0.02| om1m| 034 )| -0.10| 0.31| 0.29( 037 0.78| 0.25| 0.28| 0.21| 0.12
g 0.08| 0.00| -0.10|f 0.32 | -0.04| 0.01| 0O01m| -0.06f 0.212| 0.89| 1.05| 0.76| 0.97
math 0.06| 0.02| -0.07| 030| -0.05| -0.02| 011 | -0.06f 0.22| 0.88| 0.80| 0.47| 0.81
iq.matrix -0.03| -0.05( -0.11| 0.14| -0.04( 0.01| 0.03| -0.01y 0.17| O.67|( 0.38| 0.85| 0.32
iq3 0.14| 0.03| -0.05( 0.30 0.00| 0.03| 0.10f -0.07f 0©0.10( 0.81| 0.64| 0.26| 0.79




Personality-Music
Regression models

Pop Rock HipHop Folk.classic
Agreeable 0.34 0.04 0.24 0.07
Conscientious 0.08 -0.16 0.00 -0.04
Extraversion 0.16 0.08 0.12 -0.01
Open -0.13 0.21 -0.03 0.33
Neuroticism 0.06 0.03 -0.06 -0.08
R2 0.19 0.08 0.10 0.13

35




Personality + Demographics = Mu:

Pop Rock HipHop Folk.classic
Agreeable 0.28 0.09 0.21 0.06
Conscientious 0.06 -0.13 -0.02 -0.06
Extraversion 0.15 0.07 0.12 0.02
Open -0.10 0.18 0.01 0.30
Neuroticism 0.02 0.05 -0.06 -0.07
sex 0.19 -0.09 0.04 -0.01
bw 0.00 0.29 -0.28 0.00
age 0.07 -0.09 -0.02 0.23
$R2 0.23 0.17 0.18 0.18




What Is a cluster?

S
SE—
S
L @
-




Clustering rules

¥ Distance:
P Nearest neighbor

b Farthest neighbor
P Centroid distance

¥ Methods

P Hierarchical

¥ Agglomerative
¥ Divisive
P non-hierarchical

38




Hierarchical Clustering

Cluster Dendrogram
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Height

40 60 80 100

20

More clustering

Original Tree

il

dist(USArrests)
hclust (*, "centroid™)

Height

40 60 80 100

20

Re-start from 10 clusters

dist(cent)
hclust (*, "centroid™)




Clusters of voting behavior

TRUE)

votes.repub, metric = "manhattan”, stand

Dendrogram of diana(x
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Clustering Issues

¥ Cluster Objects/people

P similarities or distances?
¥ what distance metric

P can objects be reversed? (not usually)

¥ Cluster items (unusual, but see ICLUST)
Pitems can be reversed (-happy)
Presults are similar to factor analysis

¥ Stopping rules for cluster
B number of cluster problem 2




Scores

Measuring similarity

Profile Similarity

14
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Similarity and distance

Questions:

Given a set of scores on multiple tests Gubjectprofile), how
should we measure the anilarity betweendifferent profiles? What does
It mean to have a similar profile?

What metric to use?

;
Minkowski Distances= \/!(X i-Yi)f

r=1 city block metric ==> all distances equally important
(no diagonals)

r=2 Euclidean metric ==> diagonals are shorter tharsums

>2 non-Euclidean ==>emphasizes biggest differences

r=" non-Euclidean = ==> distance = biggest difference




Consider diferent metrics

Min

B

oO|l0O| ®™| >

A B X Y
Alll7/
C B 7|7
C2|4
D D 5|1
Euclidean City block
A (B |C |D A B |C |D
A A
B |6 B |6
C |3.2(58 C |4 8
D |7.2]16.3|4.2 D |10 | 8 6

O|lO| ®| >




A comparison of metrics
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Similarity and correlation

D =/I(X i-Yi)?
let Mx=mean X My=mean Y L=M x-My
X=X-Mx y=Y-My
D=AIX i-Yi)2 = \HX i"Mx)"-"(Yi~"My)"+'Lp

D =AI(x-y+L) 2 ==>D =+/Varx"+"Vary"2Cowy"+"L2

Distance is a function ofdifferencesof Level, Satter, and Pattern
Level ==> differences of means L2=(Mx-M y)2

Scatter==> Variances Varx + Vary

Pattern ==> Covariance 2Cowy

If variables are standardized(meanssetto zero and variancesto 1) then
distanceis afunction of the correlation between the tvo profiles.
D2=2 (1- rxy)
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City blocks vs.

MATRIX OF CITY BLOCK DISTANCES

S N < X

0.000

(W and Z are

X Y
0.000

3.778 0.000
5.000 5.000
5.000 5.000

most similar, followed

Euclid

0.000
1.000

by X and Y)

MATRIX OF NORMALIZED EUCLIDEAN DISTANCES

S N<X

0.000

(W and Z are

X Y
0.000
4.028 0.000
5.000 6.420
5.115 5.855
most similar, followed

Z

0.000
1.080

by X and Y)




Covariance and Correlation

COVARIANCE MATRIX

X Y Z W
X 5.250
Y -3.875 5.250
V4 5.250 -3.875 5.250
W 2.625 -1.938 2.625 1.313

(X and W are most similar, X 1is negatively related to Y)

PEARSON CORRELATION MATRIX

X Y Z W
X 1.000
Y -0.738 1.000
Z 1.000 -0.738 1.000
W 1.000 -0.738 1.000 1.000

(X 1is 1identical to W and Z, negatively related to Y)




Similarity of Probles: Level,
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Sources of Data

Self Report

" Direct subjective
empirical scales: MMPI/Strong-Campbell
factorial scales: EPI/16PF/NEOPI-R
rational scales: PRF

Indirect/projective (access to subconscious?)
TAT
Rorschach

Indirect/objective
Cattell objective test battery
Implicit Attitudes Test (RT measures)
Emotional OStroopO

Indirect/other
a) Kelly Construct Repetory Grid
a) Carroll INDSCAL




Geoge Kelly and the theory of Personal Constrt

¥Man as scientist:
P'each man contemplates in his own personal
way the stream of events upon which he
finds himself so swiftly borne"

P'Man looks at his world through transparent
patterns or templates which he creates and
then attempts to fit over the realities of
which the world is composed. The fitis
not always very good. Yet without such
patterns the!world appears to be such an
undifferentiated homogeneity that man is
unable to make any sense out of it. Even a
poor fit is more helpful to him than
nothing at all.
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Geoge Ke

Y-undamenta

ly anc

postu

the theory of Personal Constrt

ate:

B'A person's processes are psychological
channelized by the ways in which he anticipates

events."

¥Measurement
Prhe role construct repertory test (REP test).

YAnalysis

PWhat are the fundamental constructs with which
one views the world? This can be the entire set
of constructs elicited by the REP test, or some
clustering or grouping of these constructs.
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Kelly RepTest

self

O

O

lover

O

mother

father

sib

teacher

Best friend

Boss

coworker

construct




REPtest: complications

¥Completely idiosyncratic.There is no concern wit|
any fundamental dimensions. Howewers
possible to apply same group space and still det
Individual construct dimensions

¥But consider a similar model: individuals as havi
unique distortions of shared spadéie INDSCAL
andALSCAL algorithms are available to solve fol
joint and individual spaces.
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INDSCAL

¥ Consider a set of points Xith a
corresponding set of distances in K
dimensional space:

b Dj =("(X ik-Xxik)9)> (k=1 .. K)
¥ Consider individuals 1 .. n who tBf in the

relative importance (weight) they place ol
the dimensions w

¥ Then, the distances for individuale
DDij| :("{W |k*(Xik'Xjk)}2)'5 (k:]_ ‘- K) >




Carroll IndScal model
Individual Differences in MDS

Anxious
Group Space Individual Spaces as
Sad T . .
= Distortions of group space
Anxious
Sad Tense SleepyAlert
Sleepy Alert Happy
Happy Relaxed
Relaxed
Sad Anxious
Sleepy Tens&lert

Relaxed Happy




Representation of Countries al
attitudes toward¥ietnam

Weight space
Cuba  ysERr hawks
Cuba USSR
doves
Haiti USA
Haiti USA
Cuba USSR
Haiti USA




INDSCAL- Wish data of countrie
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Weight space Wish data
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Fig. 3. The one-two plane of the subject space for the Wish nation data.

0 W and M stand for "dove,” "hawk.” and "moderate” (as
datermined by subjects’ self-report) vis -a-vis attitudes on ¥Vieinam
War. Forty-five<degree line divides "dowves" from "hawks,"” with
"moderates” on both sides.
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Sources of Data

Structured interviews (e.g., SCID)

Other ratings
Peer ratings
supervisory ratings
subordinate ratings
archival/unobtrusive measures
unobtrusive measures
historical record
" GPA
Publications
Citations

Neuropsychological
a) neurometrics
b) "lie detectionO




Sources of Data

Performance tests

" 0SS stress tests

New faculty job talks

Clinical graduate applicant interviews
Internships

Probationary Periods

Web based instrumentation

" self report

" Indirect (IAT)




The data box: measurement across time,

Pl
P2
P3
P4

Pi

Pn

situations, items, and people

AN

Tn

T2

T
X1 X2 ... Xi Xj .. Xn




Cattell’s data box

Integrating People,Variables, and Occasions

® Person x Variables
® Variables over People, fixed Occasion (R)
® People over Variables, fixed Occasion (Q)
® Person x Occasions
® Occasions over People, fixed Variable (T)
® People over Occasions, fixed Variable (S)
® Variables x Occasions
® Variables over Occasions, fixed People (P)

® Occasions over Variables, fixed People (O)

Cattell, R.B. (1966), Handbook of Multivariate Experimental Psychology. p 69-70.
but see Cattell, R.B (1978) The scientific use of factor analysis. p 323 where P is swapped with O and T with S.




Traditional measures

¥ Individuals across items

b correlations of items taken over people to
identify dimensions of items which are in turl
used to describe dimensions of individual
differences

¥ Ability
¥ Non-cognitive measures of individual fdifences

b stable: trait
P unstable: state

¥ INDSCAL type comparisons of ddrences
In structure of items across people

¥ 3 Mode FactoAnalysis o




