
Types of variables and 
types of models

Putting it all together



Types of variables and 
relationships

I. Variables

A.Observed

B.Latent

II. Relationships

A.Observed - Observed

B.Observed - Latent

C.Latent - Latent



Observed-Observed

I. Kerchoff (1974), Kenny (1979) predicting 
attainment as a function of background variables

A. (adapted from the LISREL manual, example 4.5)



Multiple regression

Regression model
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Conceptual model

I. Background variables 

A. Intelligence, number of Siblings, FatherÕs 
Education, FatherÕs Occupation

II. Intermediate variables

A.Grades, Educational expectation

III. Final outcomes 

A.Occupational aspiration



Kerchoff/Kenny example

> round(R.kerch,2)
             Intelligence Siblings FatherEd FatherOcc Grades EducExp OccupAsp
Intelligence   1.00    -0.10     0.28      0.25   0.57    0.49     0.34
Siblings     -0.10     1.00    -0.15     -0.11  -0.10   -0.21    -0.15
FatherEd      0.28    -0.15     1.00      0.61   0.29    0.45     0.30
FatherOcc     0.25    -0.11     0.61      1.00   0.25    0.41     0.33
Grades        0.57    -0.10     0.29      0.25   1.00    0.60     0.48
EducExp       0.49    -0.21     0.45      0.41   0.60    1.00     0.65
OccupAsp      0.34    -0.15     0.30      0.33   0.48    0.65     1.00



Graphical model



Matrix Regression

I. Most regression examples use raw data

A. Y = X§ + !

B. § = (XÕX)-1 XÕY

C.lm(y~x)

II. Regression is just solving the matrix equation

A. § = R-1rxy

B.mat.regress(R,x,y)



Simple regression: 4 
predictors, 3 criteria

> mat.regress(R.kerch,c(1:4),c(5:7))
$beta
             Grades EducExp OccupAsp
Intelligence   0.53    0.37     0.25
Siblings      -0.03   -0.12    -0.09
FatherEd       0.12    0.22     0.10
FatherOcc      0.04    0.17     0.20

$R
  Grades  EducExp OccupAsp 
    0.59     0.61     0.44 

$R2
  Grades  EducExp OccupAsp 
    0.35     0.38     0.19  



More complicated regression
> mat.regress(R.kerch,c(1:5),c(6:7))
$beta
             EducExp OccupAsp
Intelligence    0.16     0.05
Siblings       -0.11    -0.08
FatherEd        0.17     0.05
FatherOcc       0.15     0.18
Grades          0.41     0.38

$R
 EducExp OccupAsp 
    0.70     0.54 

$R2
 EducExp OccupAsp 
    0.48     0.29 



Structural Equation 
Modeling (SEM)

I. SEM is a way of estimating path coefÞcients in a 
structural diagram.

II. May be used for

A.Complex regression models

B.ConÞrmatory Factor Analysis

C.Mix of regression and CFA



Implementations

I. sem or Mx in R

II. LISREL 

III.EQS

IV.MPlus

V.Amos



Program syntax

I. Each program has slightly different syntax but 
all are implementing path/matrix algebra

II. By understanding the basic matrix operations, 
perhaps our understanding of the operations is 
improved.

III.All procedures are iterative and can depend 
upon initial starting estimates



sem syntax in R

I. the model matrix speciÞes paths to/from 
latents

II. need to specify error components

III.Can use psych package structure.diagram 
or fa.diagram to write out preliminary 
syntax



Using SEM for regression

I. Consider the Kerchoff/Kenny model

II. Specify the paths as unknown

III.Specify the variables as Þxed (not latent)



Try it as a sem model 
with Þxed x> mod.kk

      path                       parameter start value
 [1,] "Intelligence -> Grades"   "a"       "NA"       
 [2,] "Siblings -> Grades"       "b"       "NA"       
 [3,] "FatherEd -> Grades"       "c"       "NA"       
 [4,] "FatherOcc -> Grades"      "d"       "NA"       
 [5,] "Intelligence -> EducExp"  "e"       "NA"       
 [6,] "Siblings -> EducExp"      "f"       "NA"       
 [7,] "FatherEd -> EducExp"      "g"       "NA"       
 [8,] "FatherOcc -> EducExp"     "h"       "NA"       
 [9,] "Intelligence -> OccupAsp" "i"       "NA"       
[10,] "Siblings -> OccupAsp"     "j"       "NA"       
[11,] "FatherEd -> OccupAsp"     "k"       "NA"       
[12,] "FatherOcc -> OccupAsp"    "l"       "NA"       
[13,] "Grades <-> Grades"        "m"       "NA"       
[14,] "EducExp <-> EducExp"      "n"       "NA"       
[15,] "OccupAsp <-> OccupAsp"    "o"       "NA"       



sem of Þxed x
 sem.kk <- sem(mod.kk,R.kerch,737,fixed.x =c
('Intelligence','Siblings','FatherEd','FatherOcc'))

> summary(sem.kk)

 Model Chisquare =  411.72   Df =  3 Pr(>Chisq) = 0
 Chisquare (null model) =  1664.3   Df =  21
 Goodness-of-fit index =  0.85747
 Adjusted goodness-of-fit index =  -0.33031
 RMSEA index =  0.43024   90% CI: (0.39572, 0.46581)
 Bentler-Bonnett NFI =  0.75262
 Tucker-Lewis NNFI =  -0.74103
 Bentler CFI =  0.75128
 SRMR =  0.09976
 BIC =  391.91 

Not modeling the DV correlations



Residuals show the 
effect of not modeling

> round(residuals(sem.kk),2)

             Intelligence Siblings FatherEd FatherOcc Grades EducExp OccupAsp
Intelligence            0        0        0         0   0.00    0.00     0.00
Siblings                0        0        0         0   0.00    0.00     0.00
FatherEd                0        0        0         0   0.00    0.00     0.00
FatherOcc               0        0        0         0   0.00    0.00     0.00
Grades                  0        0        0         0   0.00    0.26     0.25
EducExp                 0        0        0         0   0.26    0.00     0.38
OccupAsp                0        0        0         0   0.25    0.38     0.00



Paths match regression
 Parameter Estimates
  Estimate Std Error z value Pr(>|z|)                           
a  0.526   0.031     16.9    0.0e+00  Grades <--- Intelligence  
b -0.030   0.030     -1.0    3.2e-01  Grades <--- Siblings      
c  0.119   0.038      3.1    1.9e-03  Grades <--- FatherEd      
d  0.041   0.038      1.1    2.8e-01  Grades <--- FatherOcc     
e  0.373   0.031     12.2    0.0e+00  EducExp <--- Intelligence 
f -0.124   0.030     -4.2    2.7e-05  EducExp <--- Siblings     
g  0.221   0.037      5.9    3.6e-09  EducExp <--- FatherEd     
h  0.168   0.037      4.6    5.3e-06  EducExp <--- FatherOcc    
i  0.249   0.035      7.2    7.7e-13  OccupAsp <--- Intelligence
j -0.092   0.034     -2.7    6.3e-03  OccupAsp <--- Siblings    
k  0.099   0.043      2.3    2.0e-02  OccupAsp <--- FatherEd    
l  0.198   0.042      4.7    2.4e-06  OccupAsp <--- FatherOcc   
m  0.651   0.034     19.2    0.0e+00  Grades <--> Grades        
n  0.624   0.033     19.2    0.0e+00  EducExp <--> EducExp      
o  0.807   0.042     19.2    0.0e+00  OccupAsp <--> OccupAsp    



Þxed sem = regression

> round(sem.kk$coeff,3)
     a      b      c      d      e      f      g      h      
i      j      k      l      m      n      o 
 0.526 -0.030  0.119  0.041  0.373 -0.124  0.221  0.168  
0.249 -0.092  0.099  0.198  0.651  0.624  0.807 

> mr.kk <- mat.regress(R.kerch,c(1:4),c(5:7),digits=3)
> as.vector(mr.kk$beta)
 [1]  0.526 -0.030  0.119  0.041  0.373 -0.124  0.221  0.168  0.249 
-0.092  0.099  0.198



More complicated 
regression

I. Able to model the intercorrelations of the Y variables

II. Able to add some Ys to regression of other Ys



Kerchoff/Kenny example 

Intelligence

Grades
gam51

Siblings

gam52

FatherEd

gam53

FatherOcc

gam54 EducExp

gam61

gam62

gam63

gam64

beta65

OccupAsp

gam71

gam72

gam73

gam74

beta75

beta76



sem model
> model.kerch
   Path                     Parameter
1  Intelligence -> Grades   gam51    
2  Siblings -> Grades       gam52    
3  FatherEd -> Grades       gam53    
4  FatherOcc -> Grades      gam54    
5  Intelligence -> EducExp  gam61    
6  Siblings -> EducExp      gam62    
7  FatherEd -> EducExp      gam63    
8  FatherOcc -> EducExp     gam64    
9  Grades -> EducExp        beta65   
10 Intelligence -> OccupAsp gam71    
11 Siblings -> OccupAsp     gam72    
12 FatherEd -> OccupAsp     gam73    
13 FatherOcc -> OccupAsp    gam74    
14 Grades -> OccupAsp       beta75   
15 EducExp -> OccupAsp      beta76   
16 Grades <-> Grades        psi5     
17 EducExp <-> EducExp      psi6     
18 OccupAsp <-> OccupAsp    psi7     



> sem.kerch <- sem.kerch <- sem(model.kerch, R.kerch, 737, fixed.x=c
('Intelligence','Siblings','FatherEd','FatherOcc'))

> summary(sem.kerch,digits=2)

 Model Chisquare =  3.3e-13   Df =  0 Pr(>Chisq) = NA
 Chisquare (null model) =  1664   Df =  21
 Goodness-of-fit index =  1
 BIC =  3.3e-13 

 Normalized Residuals
    Min.  1st Qu.   Median     Mean  3rd Qu.     Max. 
-1.4e-15  0.0e+00  0.0e+00  4.9e-16  0.0e+00  5.2e-15 

  



Parameters
Parameter Estimates
       Estimate Std Error z value Pr(>|z|)                           
gam51   0.526   0.031     16.87   0.0e+00  Grades <--- Intelligence  
gam52  -0.030   0.030     -0.99   3.2e-01  Grades <--- Siblings      
gam53   0.119   0.038      3.11   1.9e-03  Grades <--- FatherEd      
gam54   0.041   0.038      1.07   2.8e-01  Grades <--- FatherOcc     
gam61   0.160   0.033      4.90   9.6e-07  EducExp <--- Intelligence 
gam62  -0.112   0.027     -4.16   3.2e-05  EducExp <--- Siblings     
gam63   0.173   0.034      5.03   4.8e-07  EducExp <--- FatherEd     
gam64   0.152   0.034      4.51   6.6e-06  EducExp <--- FatherOcc    
beta65  0.405   0.033     12.34   0.0e+00  EducExp <--- Grades       
gam71  -0.039   0.035     -1.14   2.5e-01  OccupAsp <--- Intelligence
gam72  -0.019   0.028     -0.67   5.0e-01  OccupAsp <--- Siblings    
gam73  -0.041   0.036     -1.14   2.5e-01  OccupAsp <--- FatherEd    
gam74   0.100   0.035      2.81   5.0e-03  OccupAsp <--- FatherOcc   
beta75  0.158   0.037      4.22   2.5e-05  OccupAsp <--- Grades      
beta76  0.550   0.038     14.36   0.0e+00  OccupAsp <--- EducExp     
psi5    0.651   0.034     19.18   0.0e+00  Grades <--> Grades        
psi6    0.517   0.027     19.18   0.0e+00  EducExp <--> EducExp      
psi7    0.557   0.029     19.18   0.0e+00  OccupAsp <--> OccupAsp   



Latent variable model

I. Latent

A.Educational Ability and Aspirations

II. Observed

A.Evaluations of ability

B.Educational aspirations



Educational Attainment 
and aspirations

I. Data from Caslyn and Kenny (1977) as cited in the 
LISREL UserÕs Reference Guide



Caslyn and Kenny (1977)

>  ability

              self parent teacher friend edu_asp college
self_concept  1.00   0.73    0.70   0.58    0.46    0.56
parental_eval 0.73   1.00    0.68   0.61    0.43    0.52
teacher_eval  0.70   0.68    1.00   0.57    0.40    0.48
friend_eval   0.58   0.61    0.57   1.00    0.37    0.41
edu_aspir     0.46   0.43    0.40   0.37    1.00    0.72
college_plans 0.56   0.52    0.48   0.41    0.72    1.00



Lisrel example 3.2

self_concept parental_eval teacher_eval friend_eval edu_aspir college_plans

Ability

a1 a2 a3 a4

Aspiration

b5 b6

r

Educational Attainment



Making the model
> fx <- structure.list(6,list(c(1:4),c(5:6)),item.labels = 
rownames(ability),f.labels=c("Ability","Aspiration"))
> 
> fx
              Ability Aspiration
self_concept  "a1"    "0"       
parental_eval "a2"    "0"       
teacher_eval  "a3"    "0"       
friend_eval   "a4"    "0"       
edu_aspir     "0"     "b5"      
college_plans "0"     "b6" 

mod.edu <- structure.diagram(fx,"r",main="Lisrel example 
3.2")
   



sem model
> mod.edu  
 Path                          Parameter StartValue
1  Ability->self_concept         a1                  
2  Ability->parental_eval        a2                  
3  Ability->teacher_eval         a3                  
4  Ability->friend_eval          a4                  
5  Aspiration->edu_aspir         b5                  
6  Aspiration->college_plans     b6                  
7  self_concept<->self_concept   x1e                 
8  parental_eval<->parental_eval x2e                 
9  teacher_eval<->teacher_eval   x3e                 
10 friend_eval<->friend_eval     x4e                 
11 edu_aspir<->edu_aspir         x5e                 
12 college_plans<->college_plans x6e                 
13 Aspiration<->Ability          rF2F1               
14 Ability<->Ability             <fixed>   1         
15 Aspiration<->Aspiration       <fixed>   1         
 



sem results
> colnames(ability) <-rownames(ability)
> isSymmetric(ability)
[1] TRUE
> sem.edu <- sem(mod.edu,ability,556)
> summary(sem.edu,digits=2)

 Model Chisquare =  9.3   Df =  8 Pr(>Chisq) = 0.32
 Chisquare (null model) =  1832   Df =  15
 Goodness-of-fit index =  1
 Adjusted goodness-of-fit index =  0.99
 RMSEA index =  0.017   90% CI: (NA, 0.054)
 Bentler-Bonnett NFI =  1
 Tucker-Lewis NNFI =  1
 Bentler CFI =  1
 SRMR =  0.012
 BIC =  -41 



Parameters match the 
LISREL standardized 

  Parameter Estimates
      Estimate Std Error z value Pr(>|z|)                                 
a1    0.86     0.035     24.5    0.0000   self_concept <--- Ability       
a2    0.85     0.035     23.9    0.0000   parental_eval <--- Ability      
a3    0.81     0.036     22.1    0.0000   teacher_eval <--- Ability       
a4    0.70     0.039     18.0    0.0000   friend_eval <--- Ability        
b5    0.78     0.040     19.2    0.0000   edu_aspir <--- Aspiration       
b6    0.93     0.039     23.6    0.0000   college_plans <--- Aspiration   
x1e   0.25     0.024     10.8    0.0000   self_concept <--> self_concept  
x2e   0.28     0.024     11.5    0.0000   parental_eval <--> parental_eval
x3e   0.35     0.027     13.1    0.0000   teacher_eval <--> teacher_eval  
x4e   0.52     0.035     14.8    0.0000   friend_eval <--> friend_eval    
x5e   0.40     0.038     10.4    0.0000   edu_aspir <--> edu_aspir        
x6e   0.14     0.044      3.1    0.0016   college_plans <--> college_plans
rF2F1 0.67     0.031     21.5    0.0000   Ability <--> Aspiration 
 Iterations =  28 
>    
> 



Or, does ability leads to aspiration?

self_concept parental_eval teacher_eval friend_eval edu_aspir college_plans

Ability

a1 a2 a3 a4

Aspiration

b5 b6

rab

> phi <- phi.list(2,c(2))
> phi
   F1    F2 
F1 "1"   "0"
F2 "rab" "1"
> mod.edu1 <- structure.diagram(fx,phi,main="Or, does 
ability leads to aspiration?",lr=FALSE,errors=TRUE)



Or, does aspiration lead to ability?

self_concept parental_eval teacher_eval friend_eval edu_aspir college_plans

Ability

a1 a2 a3 a4

Aspiration

b5 b6

rab

 phi2
     [,1] [,2] 
[1,] "1"  "rab"
[2,] "0"  "1"  
> mod.edu2 <- structure.diagram(fx,phi2,main="Or, does 
aspiration lead to ability?",lr=FALSE,errors=TRUE)



Change to causal
> mod.edu1 <- edit(mod.edu)
> mod.edu1
      Path                            Parameter Value
 [1,] "Ability->self_concept"         "a1"      NA   
 [2,] "Ability->parental_eval"        "a2"      NA   
 [3,] "Ability->teacher_eval"         "a3"      NA   
 [4,] "Ability->friend_eval"          "a4"      NA   
 [5,] "Aspiration->edu_aspir"         "b5"      NA   
 [6,] "Aspiration->college_plans"     "b6"      NA   
 [7,] "self_concept<->self_concept"   "x1e"     NA   
 [8,] "parental_eval<->parental_eval" "x2e"     NA   
 [9,] "teacher_eval<->teacher_eval"   "x3e"     NA   
[10,] "friend_eval<->friend_eval"     "x4e"     NA   
[11,] "edu_aspir<->edu_aspir"         "x5e"     NA   
[12,] "college_plans<->college_plans" "x6e"     NA   
[13,] "Aspiration ->Ability"          "rF2F1"   NA   
[14,] "Ability<->Ability"             NA        "1"  
[15,] "Aspiration<->Aspiration"       NA        "1"  



Identical Þts
> sem.edu.1 <- sem(mod.edu1,ability,556)
> summary(sem.edu.1,digits=2)

 Model Chisquare =  9.3   Df =  8 Pr(>Chisq) = 0.32
 Chisquare (null model) =  1832   Df =  15
 Goodness-of-fit index =  1
 Adjusted goodness-of-fit index =  0.99
 RMSEA index =  0.017   90% CI: (NA, 0.054)
 Bentler-Bonnett NFI =  1
 Tucker-Lewis NNFI =  1
 Bentler CFI =  1
 SRMR =  0.012
 BIC =  -41 



But paths are different
 Parameter Estimates
      Estimate Std Error z value Pr(>|z|)                                 
a1    0.64     0.030     21.2    0.0000   self_concept <--- Ability       
a2    0.63     0.031     20.5    0.0000   parental_eval <--- Ability      
a3    0.60     0.031     19.3    0.0000   teacher_eval <--- Ability       
a4    0.52     0.032     16.4    0.0000   friend_eval <--- Ability        
b5    0.78     0.040     19.2    0.0000   edu_aspir <--- Aspiration       
b6    0.93     0.039     23.6    0.0000   college_plans <--- Aspiration   
x1e   0.25     0.024     10.8    0.0000   self_concept <--> self_concept  
x2e   0.28     0.024     11.5    0.0000   parental_eval <--> parental_eval
x3e   0.35     0.027     13.1    0.0000   teacher_eval <--> teacher_eval  
x4e   0.52     0.035     14.8    0.0000   friend_eval <--> friend_eval    
x5e   0.40     0.038     10.4    0.0000   edu_aspir <--> edu_aspir        
x6e   0.14     0.044      3.1    0.0016   college_plans <--> college_plans
rF2F1 0.89     0.075     12.0    0.0000   Ability <--- Aspiration         



Reverse cause
> mod.edu2 <- edit(mod.edu)
> mod.edu2
      Path                            Parameter Value
 [1,] "Ability->self_concept"         "a1"      NA   
 [2,] "Ability->parental_eval"        "a2"      NA   
 [3,] "Ability->teacher_eval"         "a3"      NA   
 [4,] "Ability->friend_eval"          "a4"      NA   
 [5,] "Aspiration->edu_aspir"         "b5"      NA   
 [6,] "Aspiration->college_plans"     "b6"      NA   
 [7,] "self_concept<->self_concept"   "x1e"     NA   
 [8,] "parental_eval<->parental_eval" "x2e"     NA   
 [9,] "teacher_eval<->teacher_eval"   "x3e"     NA   
[10,] "friend_eval<->friend_eval"     "x4e"     NA   
[11,] "edu_aspir<->edu_aspir"         "x5e"     NA   
[12,] "college_plans<->college_plans" "x6e"     NA   
[13,] "Aspiration<-Ability"           "rF2F1"   NA   
[14,] "Ability<->Ability"             NA        "1"  
[15,] "Aspiration<->Aspiration"       NA        "1"  



Fits are the same (again)

> sem.mod.edu2 <- sem(mod.edu2,ability,556)
> summary(sem.mod.edu2,digits=2)

 Model Chisquare =  9.3   Df =  8 Pr(>Chisq) = 0.32
 Chisquare (null model) =  1832   Df =  15
 Goodness-of-fit index =  1
 Adjusted goodness-of-fit index =  0.99
 RMSEA index =  0.017   90% CI: (NA, 0.054)
 Bentler-Bonnett NFI =  1
 Tucker-Lewis NNFI =  1
 Bentler CFI =  1
 SRMR =  0.012
 BIC =  -41 



Compare paths
> edu <- data.frame(correlated=sem.edu$coeff,asp=sem.edu.
1$coeff,abil=sem.mod.edu2$coeff)
> round(edu,2)
      correlated  asp abil
a1          0.86 0.64 0.86
a2          0.85 0.63 0.85
a3          0.81 0.60 0.81
a4          0.70 0.52 0.70
b5          0.78 0.78 0.58
b6          0.93 0.93 0.69
x1e         0.25 0.25 0.25
x2e         0.28 0.28 0.28
x3e         0.35 0.35 0.35
x4e         0.52 0.52 0.52
x5e         0.40 0.40 0.40
x6e         0.14 0.14 0.14
rF2F1       0.67 0.89 0.89

Paths differ as a 
function of  presumed 
direction of inßuence



Implications of arrows

I. Need to Þt alternative models

II. Need to consider alternative representations

III.Are there external variables that allow one 
to choose between models?

IV.ConÞrmation that a model Þts does not 
conÞrm theoretical adequacy.



Types of variables

I. Observed variables can be ÔreßectiveÕ of the 
latent variable. They are Ôeffect indicatorsÕ.

II. Observed variables can be Ôcausal 
indicatorsÕ or Ôformative indicatorsÕ that 
directly effect the latent variable



Formative indicators
(Bollen, 2002)

I. Time spent with friends, time spent with family, 
time spent with coworkers as indicators of time 
spent in social interaction. 

II. Formative indicators: correlational structure is 
independent of loadings on a factor. They are not 
locally independent



Effect (reßective) 
indicators

I. test scores on various quantitative tests as effect 
indicators of ability

II. feelings of self worth as effect indicators of self 
esteem.

III.  Correlational structure is a function of path 
coefÞcients with latent variable

IV. Values are locally independent (uncorrelated when 
latent is partialled out).



Type of indicator and 
direction of the arrows

Structural model

x1

x2

x3

x4

X1

a

b

c

d

Regression model

x1

x2

x3

x4

Y1

a

b

c

d

between X correlations not shown



Data analysis using 
basic psychometric 

principles
practical advice



Six steps

I. Theory construction

II. Data collection

III.Data entry

IV.Scale analysis

V.Structural analysis

VI.Theory evaluation



Theory construction

I. What is the particular theoretical hypothesis

II. What are plausible alternatives

III. Is there a way to tease these apart



Theory simulation

I. Can you generate data that match your theory?

II. Can you generate data that match the alternatives?

III.Can you tell them apart



Data collection

I. Choosing appropriate instruments

A.Do they have good psychometric properties?

B.Are you sure? 

II. Need to justify the instruments given, donÕt rely 
on Òthat is what others doÓ

III.How were the items chosen?



Data collection (cont)

I. Who are the participants? 

A.How are they selected

B.To what population are you trying to generalize

II. Were they engaged in the task?



Data entry and storage

I. Keep a record of all instruments given

II. Clearly identify data codes (for M/F, education, ... ) 
so that you can analyze the data 5 years from now.

III.Use a missing value code that is distinctive

A.Different programs treat blanks differently

B.Tab delimited, comma delimited Þles are different 
than text Þles

C.R does not like spaces in variable names 



Data entry checks

I. Validate data entry

A.double enter the data with two different people

II. Find descriptive statistics that include range 
checks

III.Obsess



Data entry in R

I. Data tables (data.frame) is typicallty organized with 
rows for subjects, columns for variables.

II. Can be read from a Þle, from the clipboard, from SPSS, 
from SAS (using the foreign package).

A.my.data <- read.clipboard() #copy from clipboard

B. fn <- Þle.choose()  #Þnd the Þle on your disk

C.my.data <- read.table(fn, header=TRUE) #read data

D.my.data <- read.spss(fn,....  )#all kinds of options



Understand descriptive stats
> dim(hypo)
[1] 706  96
> describe(hypo)
         var   n mean   sd median trimmed  mad  min  max range  skew kurtosis   se
hyp1       1 700 0.54 0.50   1.00    0.55 0.00 0.00 1.00  1.00 -0.15    -1.98 0.02
hyp2       2 700 0.47 0.50   0.00    0.46 0.00 0.00 1.00  1.00  0.14    -1.98 0.02
hyp3       3 700 0.19 0.39   0.00    0.11 0.00 0.00 1.00  1.00  1.60     0.56 0.01
hyp4       4 700 0.18 0.39   0.00    0.10 0.00 0.00 1.00  1.00  1.65     0.72 0.01
hyp5       5 694 0.63 0.48   1.00    0.66 0.00 0.00 1.00  1.00 -0.52    -1.74 0.02
hyp6       6 698 0.56 0.50   1.00    0.57 0.00 0.00 1.00  1.00 -0.24    -1.95 0.02
hyp7       7 700 0.37 0.48   0.00    0.34 0.00 0.00 1.00  1.00  0.54    -1.71 0.02
...
IPIPM5    65 424 2.31 1.17   2.00    2.21 1.48 1.00 5.00  4.00  0.58    -0.68 0.06
IPIPM6    66 423 3.04 1.31   3.00    3.06 1.48 1.00 5.00  4.00 -0.08    -1.16 0.06
IPIPM7    67 423 3.07 1.23   3.00    3.09 1.48 1.00 5.00  4.00 -0.23    -1.02 0.06
IPIPM8    68 424 2.77 1.25   3.00    2.73 1.48 1.00 5.00  4.00  0.13    -1.09 0.06
IPIPM9    69 422 3.30 1.17   4.00    3.36 1.48 1.00 5.00  4.00 -0.38    -0.77 0.06
...
hyp1r     73 700 0.46 0.50   0.00    0.45 0.00 0.00 1.00  1.00  0.15    -1.98 0.02
hyp2r     74 700 0.53 0.50   1.00    0.54 0.00 0.00 1.00  1.00 -0.14    -1.98 0.02
hyp6r     75 698 0.44 0.50   0.00    0.43 0.00 0.00 1.00  1.00  0.24    -1.95 0.02
hyp48r    85 686 0.35 0.48   0.00    0.32 0.00 0.00 1.00  1.00  0.61    -1.62 0.02
hypmean   86 700 0.37 0.17   0.35    0.36 0.18 0.00 0.96  0.96  0.40    -0.07 0.01
IPIP_EX   87 428 2.86 0.68   2.92    2.86 0.74 1.17 4.75  3.58  0.05    -0.35 0.03
IPIP_MO   88 424 2.55 0.72   2.50    2.52 0.74 1.00 4.75  3.75  0.35    -0.26 0.03
ipipe10r  89 424 3.03 1.36   3.00    3.04 1.48 0.00 5.00  5.00 -0.11    -1.22 0.07



Scale analysis

I. If items are available, analyze the measurement 
quality of each scale being used.

II.  Examine the reliabilities of the individual scales, 
the item characteristics for each scale

III.Use make.keys, (super.matrix), score.items



Scoring scales
mpq.keys <- make.keys(66,list(stress=c
(1,4,6,9,11,14,-16,19,21,24,27,29,31,34,37,39,42,44,47,-49,52,54,57,60,62,64),agg
r=c(2,5,8,12,15,18,22,25,-28,32,35,38,41,45,-48,51,55,58,61,65),alia=c
(3,7,10,13,17,-20,23,26,30,33,36,40,43,-46,50,53,56,59,63,66)))

iip.keys <- make.keys(64,list(vin=c(1,22,24,29,32,40,56,64),exp=c
(2,10,25,34,38,42,53,61),soc=c(3,7,14,18,33,35,55,62),int=c
(4,26,30,41,43,47,48,58),non=c(5,6,8,9,12,13,19,39),cold=c
(11,15,16,20,23,27,36,60),dom=c(17,31,44,45,50,52,57,59),ove=c
(21,28,37,46,49,51,54,63)))

ipde.keys <- make.keys(77,list(schd=c(-1,12,-21,31,46,-57,-77),scht=c
(-2,24,30,52,64,67,70,71,-77),para=c(-2,-14,36,38,58,66,72),obco=c
(-3,19,23,32,41,48,54,59),bord=c(4,8,13,-25,40,43,53,60,75),hist=c
(5,10,17,26,28,-35,44,45),depe=c(6,33,42,49,50,62,69,73),narc=c
(-7,9,15,22,37,55,61,65,68),anti=c(-11,-18,20,29,47,56,74),avoi=c
(16,27,34,38,39,51,63,76)))



A keys matrix
> headtail(iip.keys)
    vin exp soc int non cold dom ove
1     1   0   0   0   0    0   0   0
2     0   1   0   0   0    0   0   0
3     0   0   1   0   0    0   0   0
4     0   0   0   1   0    0   0   0
... ... ... ... ... ...  ... ... ...
61    0   1   0   0   0    0   0   0
62    0   0   1   0   0    0   0   0
63    0   0   0   0   0    0   0   1
64    1   0   0   0   0    0   0   0



Combining keys using 
super.matrix

> mpq.iip.keys <- super.matrix(mpq.keys,iip.keys)
> headtail(mpq.iip.keys,6,6)
    stress aggr alia vin exp soc int non cold dom ove
1        1    0    0   0   0   0   0   0    0   0   0
2        0    1    0   0   0   0   0   0    0   0   0
3        0    0    1   0   0   0   0   0    0   0   0
4        1    0    0   0   0   0   0   0    0   0   0
5        0    1    0   0   0   0   0   0    0   0   0
6        1    0    0   0   0   0   0   0    0   0   0
...    ...  ...  ... ... ... ... ... ...  ... ... ...
125      0    0    0   0   0   0   0   0    0   1   0
126      0    0    0   0   0   0   0   0    1   0   0
127      0    0    0   0   1   0   0   0    0   0   0
128      0    0    0   0   0   1   0   0    0   0   0
129      0    0    0   0   0   0   0   0    0   0   1
130      0    0    0   1   0   0   0   0    0   0   0



This can be repeated

> mpq.iip.ipde.keys <- super.matrix(mpq.iip.keys,ipde.keys)
> headtail(mpq.iip.ipde.keys,6,6)
    stress aggr alia vin exp soc int non cold dom ove schd scht para obco bord hist depe narc anti avoi
1        1    0    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    0
2        0    1    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    0
3        0    0    1   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    0
4        1    0    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    0
5        0    1    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    0
6        1    0    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    0
...    ...  ...  ... ... ... ... ... ...  ... ... ...  ...  ...  ...  ...  ...  ...  ...  ...  ...  ...
202      0    0    0   0   0   0   0   0    0   0   0    0    0    1    0    0    0    0    0    0    0
203      0    0    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    1    0    0    0
204      0    0    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    1    0
205      0    0    0   0   0   0   0   0    0   0   0    0    0    0    0    1    0    0    0    0    0
206      0    0    0   0   0   0   0   0    0   0   0    0    0    0    0    0    0    0    0    0    1
207      0    0    0   0   0   0   0   0    0   0   0   -1   -1    0    0    0    0    0    0    0    0



Score the scales
> sylia.scores <- score.items(mpq.iip.ipde.keys,sylia)
> sylia.scores

Alpha:
     stress aggr alia  vin  exp  soc  int  non cold dom  ove schd scht para obco bord hist depe narc anti avoi
[1,]   0.92 0.73 0.84 0.79 0.82 0.84 0.76 0.89 0.81 0.8 0.79 0.35 0.21 0.57  0.6 0.66 0.42 0.53 0.42  0.6 0.72

Average item correlation:
     stress aggr alia  vin  exp soc  int non cold  dom  ove schd scht para obco bord hist depe narc anti avoi
[1,]    0.3 0.12 0.21 0.32 0.37 0.4 0.29 0.5 0.35 0.33 0.32 0.07 0.03 0.16 0.16 0.18 0.08 0.12 0.07 0.17 0.25

Scale intercorrelations:
       stress aggr  alia  vin   exp   soc  int   non cold  dom  ove schd scht para obco bord  hist depe  narc
stress   1.00 0.34  0.47 0.29  0.15  0.48 0.09  0.32 0.37 0.14 0.10 0.24 0.14 0.07 0.09 0.16 -0.10 0.02  0.05
aggr     0.34 1.00  0.46 0.05  0.22  0.24 0.13  0.25 0.06 0.05 0.11 0.20 0.10 0.03 0.09 0.11  0.05 0.14  0.05
alia     0.47 0.46  1.00 0.21  0.31  0.48 0.13  0.36 0.22 0.09 0.25 0.19 0.14 0.07 0.22 0.20  0.05 0.17 -0.03
vin      0.29 0.05  0.21 1.00  0.20  0.56 0.46  0.29 0.76 0.74 0.31 0.19 0.29 0.48 0.33 0.51  0.18 0.23  0.25
exp      0.15 0.22  0.31 0.20  1.00  0.50 0.46  0.76 0.27 0.15 0.76 0.07 0.09 0.05 0.19 0.13  0.19 0.41  0.08
soc      0.48 0.24  0.48 0.56  0.50  1.00 0.19  0.64 0.70 0.32 0.40 0.28 0.20 0.28 0.23 0.30 -0.01 0.27  0.08
int      0.09 0.13  0.13 0.46  0.46  0.19 1.00  0.33 0.30 0.56 0.60 0.00 0.20 0.14 0.29 0.35  0.44 0.37  0.23
non      0.32 0.25  0.36 0.29  0.76  0.64 0.33  1.00 0.41 0.15 0.55 0.09 0.08 0.04 0.12 0.12  0.09 0.33 -0.05
cold     0.37 0.06  0.22 0.76  0.27  0.70 0.30  0.41 1.00 0.55 0.32 0.22 0.27 0.35 0.25 0.35  0.06 0.19  0.12
dom      0.14 0.05  0.09 0.74  0.15  0.32 0.56  0.15 0.55 1.00 0.39 0.19 0.30 0.42 0.32 0.49  0.30 0.23  0.29
ove      0.10 0.11  0.25 0.31  0.76  0.40 0.60  0.55 0.32 0.39 1.00 0.06 0.25 0.23 0.36 0.27  0.29 0.49  0.16
schd     0.24 0.20  0.19 0.19  0.07  0.28 0.00  0.09 0.22 0.19 0.06 1.00 0.36 0.26 0.19 0.24  0.04 0.13  0.01
scht     0.14 0.10  0.14 0.29  0.09  0.20 0.20  0.08 0.27 0.30 0.25 0.36 1.00 0.49 0.29 0.51  0.37 0.30  0.16
para     0.07 0.03  0.07 0.48  0.05  0.28 0.14  0.04 0.35 0.42 0.23 0.26 0.49 1.00 0.38 0.55  0.18 0.33  0.19
obco     0.09 0.09  0.22 0.33  0.19  0.23 0.29  0.12 0.25 0.32 0.36 0.19 0.29 0.38 1.00 0.42  0.26 0.36  0.30
bord     0.16 0.11  0.20 0.51  0.13  0.30 0.35  0.12 0.35 0.49 0.27 0.24 0.51 0.55 0.42 1.00  0.48 0.49  0.24
hist    -0.10 0.05  0.05 0.18  0.19 -0.01 0.44  0.09 0.06 0.30 0.29 0.04 0.37 0.18 0.26 0.48  1.00 0.38  0.29
depe     0.02 0.14  0.17 0.23  0.41  0.27 0.37  0.33 0.19 0.23 0.49 0.13 0.30 0.33 0.36 0.49  0.38 1.00  0.23
narc     0.05 0.05 -0.03 0.25  0.08  0.08 0.23 -0.05 0.12 0.29 0.16 0.01 0.16 0.19 0.30 0.24  0.29 0.23  1.00
anti     0.09 0.01 -0.01 0.35 -0.08  0.05 0.22 -0.10 0.23 0.38 0.03 0.21 0.34 0.40 0.15 0.50  0.28 0.22  0.23
avoi     0.25 0.11  0.32 0.41  0.26  0.61 0.08  0.35 0.38 0.23 0.25 0.34 0.29 0.48 0.36 0.44  0.05 0.42  0.11

The default option is Þnd mean response rather than sum response



More scoring
Scale intercorrelations corrected for attenuation 
 raw correlations below the diagonal, alpha on the diagonal 
 corrected correlations above the diagonal:
       stress aggr  alia  vin   exp   soc  int   non cold  dom  ove schd scht para obco bord  hist depe  narc
stress   0.92 0.41  0.54 0.34  0.17  0.54 0.11  0.36 0.43 0.16 0.12 0.43 0.32 0.09 0.12 0.20 -0.16 0.03  0.08
aggr     0.34 0.73  0.58 0.06  0.29  0.30 0.17  0.31 0.08 0.06 0.14 0.39 0.25 0.05 0.13 0.16  0.10 0.23  0.08
alia     0.47 0.46  0.84 0.26  0.38  0.57 0.17  0.41 0.26 0.11 0.31 0.35 0.33 0.10 0.31 0.26  0.08 0.26 -0.04
vin      0.29 0.05  0.21 0.79  0.25  0.69 0.59  0.35 0.95 0.93 0.39 0.36 0.70 0.71 0.47 0.70  0.31 0.36  0.43
exp      0.15 0.22  0.31 0.20  0.82  0.60 0.58  0.89 0.33 0.18 0.94 0.13 0.21 0.07 0.26 0.18  0.32 0.62  0.13
soc      0.48 0.24  0.48 0.56  0.50  0.84 0.24  0.74 0.84 0.39 0.49 0.51 0.47 0.40 0.33 0.40 -0.01 0.40  0.13
int      0.09 0.13  0.13 0.46  0.46  0.19 0.76  0.40 0.38 0.72 0.77 0.00 0.50 0.21 0.43 0.49  0.78 0.58  0.40
non      0.32 0.25  0.36 0.29  0.76  0.64 0.33  0.89 0.48 0.18 0.66 0.17 0.20 0.06 0.17 0.16  0.14 0.49 -0.08
cold     0.37 0.06  0.22 0.76  0.27  0.70 0.30  0.41 0.81 0.69 0.39 0.41 0.64 0.51 0.35 0.48  0.10 0.29  0.20
dom      0.14 0.05  0.09 0.74  0.15  0.32 0.56  0.15 0.55 0.80 0.50 0.36 0.73 0.63 0.46 0.68  0.52 0.36  0.50
ove      0.10 0.11  0.25 0.31  0.76  0.40 0.60  0.55 0.32 0.39 0.79 0.11 0.61 0.34 0.52 0.38  0.50 0.76  0.28
schd     0.24 0.20  0.19 0.19  0.07  0.28 0.00  0.09 0.22 0.19 0.06 0.35 1.33 0.58 0.41 0.51  0.12 0.29  0.03
scht     0.14 0.10  0.14 0.29  0.09  0.20 0.20  0.08 0.27 0.30 0.25 0.36 0.21 1.42 0.82 1.35  1.22 0.89  0.53
para     0.07 0.03  0.07 0.48  0.05  0.28 0.14  0.04 0.35 0.42 0.23 0.26 0.49 0.57 0.65 0.89  0.38 0.60  0.40
obco     0.09 0.09  0.22 0.33  0.19  0.23 0.29  0.12 0.25 0.32 0.36 0.19 0.29 0.38 0.60 0.66  0.52 0.64  0.60
bord     0.16 0.11  0.20 0.51  0.13  0.30 0.35  0.12 0.35 0.49 0.27 0.24 0.51 0.55 0.42 0.66  0.90 0.83  0.45
hist    -0.10 0.05  0.05 0.18  0.19 -0.01 0.44  0.09 0.06 0.30 0.29 0.04 0.37 0.18 0.26 0.48  0.42 0.81  0.69
depe     0.02 0.14  0.17 0.23  0.41  0.27 0.37  0.33 0.19 0.23 0.49 0.13 0.30 0.33 0.36 0.49  0.38 0.53  0.50
narc     0.05 0.05 -0.03 0.25  0.08  0.08 0.23 -0.05 0.12 0.29 0.16 0.01 0.16 0.19 0.30 0.24  0.29 0.23  0.42
anti     0.09 0.01 -0.01 0.35 -0.08  0.05 0.22 -0.10 0.23 0.38 0.03 0.21 0.34 0.40 0.15 0.50  0.28 0.22  0.23
avoi     0.25 0.11  0.32 0.41  0.26  0.61 0.08  0.35 0.38 0.23 0.25 0.34 0.29 0.48 0.36 0.44  0.05 0.42  0.11



More than enough 
information

Item by scale correlations:
                                   stress  aggr  alia   vin   exp   soc   int   non  cold   dom   ove  schd
MPQ_often_worry                      0.62  0.09  0.18  0.13 -0.01  0.16 -0.03  0.11  0.12  0.06 -0.02  0.13
MPQ_point_out_weakness               0.29  0.49  0.26 -0.04  0.11  0.21 -0.08  0.16  0.07 -0.05 -0.03  0.16
MPQ_people_keep_from_getting_ahead   0.10  0.14  0.48  0.15  0.15  0.22  0.13  0.16  0.11  0.11  0.20  0.12
MPQ_feelings_hurt_easily             0.57  0.10  0.22  0.10  0.13  0.28  0.02  0.21  0.21 -0.01  0.12  0.15
MPQ_retaliate                        0.19  0.61  0.24 -0.03  0.04  0.04  0.00  0.09 -0.01 -0.08 -0.02  0.07
MPQ_easily_rattled                   0.62  0.09  0.36  0.17  0.08  0.32  0.11  0.19  0.17  0.08  0.06  0.09
MPQ_people_try_to_push               0.22  0.03  0.44  0.12  0.05  0.14  0.07  0.07  0.00  0.00  0.06 -0.06
MPQ_enjoy_violent_movies             0.02  0.46  0.22 -0.05  0.08  0.06  0.03  0.02 -0.03 -0.01  0.05  0.10
MPQ_often_irritated                  0.57  0.35  0.27  0.16  0.11  0.26  0.06  0.19  0.23  0.08  0.10  0.15
MPQ_people_friends_for_useful        0.22  0.18  0.45  0.17  0.10  0.21  0.14  0.11  0.19  0.10  0.05  0.01
MPQ_suffer_from_nervousness          0.47  0.18  0.15  0.09  0.07  0.10  0.13  0.13  0.06  0.08  0.02  0.11
MPQ_get_ahead_in_line               -0.06  0.01 -0.17 -0.08  0.00 -0.08  0.09 -0.01 -0.06 -0.09  0.03 -0.02
MPQ_people_take_advantage            0.25  0.11  0.52  0.20  0.11  0.22  0.14  0.16  0.17  0.13  0.19  0.13
MPQ_often_lonely                     0.55  0.21  0.41  0.19  0.09  0.22  0.10  0.14  0.22  0.11  0.04  0.22
MPQ_step_on_toes                     0.08  0.42  0.30 -0.11  0.06  0.10 -0.05  0.06 -0.08 -0.12 -0.01 -0.01
MPQ_can_put_fears_out_of_mind       -0.46 -0.03 -0.15 -0.09  0.00 -0.11 -0.08 -0.07 -0.16 -0.08  0.01 -0.16



Just the high points
> summary(sylia.scores)

Alpha:
     stress aggr alia  vin  exp  soc  int  non cold dom  ove schd scht para obco bord hist depe narc anti avoi
[1,]   0.92 0.73 0.84 0.79 0.82 0.84 0.76 0.89 0.81 0.8 0.79 0.35 0.21 0.57  0.6 0.66 0.42 0.53 0.42  0.6 0.72

Scale intercorrelations:
       stress aggr  alia  vin   exp   soc  int   non cold  dom  ove schd scht para obco bord  hist depe  narc
stress   1.00 0.34  0.47 0.29  0.15  0.48 0.09  0.32 0.37 0.14 0.10 0.24 0.14 0.07 0.09 0.16 -0.10 0.02  0.05
aggr     0.34 1.00  0.46 0.05  0.22  0.24 0.13  0.25 0.06 0.05 0.11 0.20 0.10 0.03 0.09 0.11  0.05 0.14  0.05
alia     0.47 0.46  1.00 0.21  0.31  0.48 0.13  0.36 0.22 0.09 0.25 0.19 0.14 0.07 0.22 0.20  0.05 0.17 -0.03
vin      0.29 0.05  0.21 1.00  0.20  0.56 0.46  0.29 0.76 0.74 0.31 0.19 0.29 0.48 0.33 0.51  0.18 0.23  0.25
exp      0.15 0.22  0.31 0.20  1.00  0.50 0.46  0.76 0.27 0.15 0.76 0.07 0.09 0.05 0.19 0.13  0.19 0.41  0.08
soc      0.48 0.24  0.48 0.56  0.50  1.00 0.19  0.64 0.70 0.32 0.40 0.28 0.20 0.28 0.23 0.30 -0.01 0.27  0.08
int      0.09 0.13  0.13 0.46  0.46  0.19 1.00  0.33 0.30 0.56 0.60 0.00 0.20 0.14 0.29 0.35  0.44 0.37  0.23
non      0.32 0.25  0.36 0.29  0.76  0.64 0.33  1.00 0.41 0.15 0.55 0.09 0.08 0.04 0.12 0.12  0.09 0.33 -0.05
cold     0.37 0.06  0.22 0.76  0.27  0.70 0.30  0.41 1.00 0.55 0.32 0.22 0.27 0.35 0.25 0.35  0.06 0.19  0.12
dom      0.14 0.05  0.09 0.74  0.15  0.32 0.56  0.15 0.55 1.00 0.39 0.19 0.30 0.42 0.32 0.49  0.30 0.23  0.29
ove      0.10 0.11  0.25 0.31  0.76  0.40 0.60  0.55 0.32 0.39 1.00 0.06 0.25 0.23 0.36 0.27  0.29 0.49  0.16
schd     0.24 0.20  0.19 0.19  0.07  0.28 0.00  0.09 0.22 0.19 0.06 1.00 0.36 0.26 0.19 0.24  0.04 0.13  0.01
scht     0.14 0.10  0.14 0.29  0.09  0.20 0.20  0.08 0.27 0.30 0.25 0.36 1.00 0.49 0.29 0.51  0.37 0.30  0.16
para     0.07 0.03  0.07 0.48  0.05  0.28 0.14  0.04 0.35 0.42 0.23 0.26 0.49 1.00 0.38 0.55  0.18 0.33  0.19
obco     0.09 0.09  0.22 0.33  0.19  0.23 0.29  0.12 0.25 0.32 0.36 0.19 0.29 0.38 1.00 0.42  0.26 0.36  0.30
bord     0.16 0.11  0.20 0.51  0.13  0.30 0.35  0.12 0.35 0.49 0.27 0.24 0.51 0.55 0.42 1.00  0.48 0.49  0.24
hist    -0.10 0.05  0.05 0.18  0.19 -0.01 0.44  0.09 0.06 0.30 0.29 0.04 0.37 0.18 0.26 0.48  1.00 0.38  0.29
depe     0.02 0.14  0.17 0.23  0.41  0.27 0.37  0.33 0.19 0.23 0.49 0.13 0.30 0.33 0.36 0.49  0.38 1.00  0.23
narc     0.05 0.05 -0.03 0.25  0.08  0.08 0.23 -0.05 0.12 0.29 0.16 0.01 0.16 0.19 0.30 0.24  0.29 0.23  1.00
anti     0.09 0.01 -0.01 0.35 -0.08  0.05 0.22 -0.10 0.23 0.38 0.03 0.21 0.34 0.40 0.15 0.50  0.28 0.22  0.23
avoi     0.25 0.11  0.32 0.41  0.26  0.61 0.08  0.35 0.38 0.23 0.25 0.34 0.29 0.48 0.36 0.44  0.05 0.42  0.11



But where are the scores?
> str(sylia.scores)
List of 7
 $ scores   : num [1:216, 1:21] 1.038 0.962 0.308 0.654 0.462 ...
  ..- attr(*, "dimnames")=List of 2
  .. ..$ : NULL
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
 $ alpha    : num [1, 1:21] 0.92 0.73 0.84 0.79 0.82 0.84 0.76 0.89 0.81 0.8 ...
  ..- attr(*, "dimnames")=List of 2
  .. ..$ : NULL
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
 $ av.r     : num [1, 1:21] 0.3 0.12 0.21 0.32 0.37 0.4 0.29 0.5 0.35 0.33 ...
  ..- attr(*, "dimnames")=List of 2
  .. ..$ : NULL
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
 $ n.items  : Named num [1:21] 26 20 20 8 8 8 8 8 8 8 ...
  ..- attr(*, "names")= chr [1:21] "stress" "aggr" "alia" "vin" ...
 $ item.cor : num [1:207, 1:21] 0.62 0.29 0.1 0.57 0.19 0.62 0.22 0.02 0.57 0.22 ...
  ..- attr(*, "dimnames")=List of 2
  .. ..$ : chr [1:207] "MPQ_often_worry" "MPQ_point_out_weakness" "MPQ_people_keep_from_getting_ahead" 
"MPQ_feelings_hurt_easily" ...
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
 $ cor      : num [1:21, 1:21] 1 0.34 0.47 0.29 0.15 0.48 0.09 0.32 0.37 0.14 ...
  ..- attr(*, "dimnames")=List of 2
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
 $ corrected: num [1:21, 1:21] 0.92 0.34 0.47 0.29 0.15 0.48 0.09 0.32 0.37 0.14 ...
  ..- attr(*, "dimnames")=List of 2
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
  .. ..$ : chr [1:21] "stress" "aggr" "alia" "vin" ...
 - attr(*, "class")= chr "psych"



Describe the results
> describe(sylia.scores$scores)
       var   n mean   sd median trimmed  mad  min  max range skew kurtosis   se
stress   1 216 0.62 0.27   0.60    0.60 0.31 0.23 1.23  1.00 0.43    -0.83 0.02
aggr     2 216 0.56 0.16   0.51    0.55 0.14 0.35 1.15  0.80 0.99     0.51 0.01
alia     3 216 0.42 0.16   0.35    0.39 0.07 0.30 1.15  0.85 1.68     2.71 0.01
vin      4 216 0.75 0.61   0.62    0.68 0.56 0.00 3.62  3.62 1.26     2.21 0.04
exp      5 216 1.27 0.71   1.12    1.23 0.74 0.00 3.50  3.50 0.53    -0.10 0.05
soc      6 216 1.01 0.73   0.88    0.95 0.74 0.00 3.25  3.25 0.64    -0.36 0.05
int      7 216 0.97 0.64   0.88    0.93 0.74 0.00 3.25  3.25 0.64     0.18 0.04
non      8 216 1.33 0.84   1.25    1.31 0.93 0.00 3.75  3.75 0.32    -0.63 0.06
cold     9 216 0.74 0.64   0.62    0.66 0.56 0.00 3.38  3.38 1.33     2.02 0.04
dom     10 216 0.81 0.64   0.75    0.75 0.74 0.00 3.50  3.50 0.98     1.04 0.04
ove     11 216 1.38 0.70   1.38    1.36 0.74 0.00 3.75  3.75 0.35    -0.25 0.05
schd    12 216 1.89 0.16   1.86    1.87 0.21 1.71 2.57  0.86 0.92     0.97 0.01
scht    13 216 0.86 0.13   0.78    0.84 0.16 0.67 1.33  0.67 1.16     1.76 0.01
para    14 216 1.06 0.19   1.00    1.03 0.21 0.86 1.71  0.86 1.22     1.28 0.01
obco    15 216 0.70 0.24   0.62    0.69 0.19 0.38 1.38  1.00 0.57    -0.30 0.02
bord    16 216 0.52 0.19   0.44    0.49 0.16 0.33 1.11  0.78 1.27     1.14 0.01
hist    17 216 0.65 0.19   0.62    0.63 0.19 0.38 1.25  0.88 0.72     0.15 0.01
depe    18 216 0.29 0.18   0.25    0.27 0.19 0.00 0.88  0.88 0.90     0.51 0.01
narc    19 216 0.67 0.16   0.67    0.66 0.16 0.44 1.22  0.78 0.81     0.69 0.01
anti    20 216 0.95 0.15   0.86    0.91 0.00 0.86 1.71  0.86 2.31     5.99 0.01
avoi    21 216 0.32 0.26   0.25    0.29 0.19 0.00 1.00  1.00 0.67    -0.43 0.02

But these are peculiar.  What happened?



The problem of item reversal

I. Some items have negative content, we want to reverse 
key the item.

II. 1 -> 4, 2-> 3, 3->2 1 -> 4

III.Or, xr -> xmax + xmin - x

IV.Need to know xmax and xmin

V. If items have different possible xmax and xmin, then 
need to score parts at a time



Rescore in parts
mpq.keys <- make.keys(130,list(stress=c
(1,4,6,9,11,14,-16,19,21,24,27,29,31,34,37,39,42,44,47,-49,52,54,5
7,60,62,64),aggr=c
(2,5,8,12,15,18,22,25,-28,32,35,38,41,45,-48,51,55,58,61,65),alia=
c(3,7,10,13,17,-20,23,26,30,33,36,40,43,-46,50,53,56,59,63,66)))

ipde.keys <- make.keys(77,list(schd=c(-1,12,-21,31,46,-57,-77),scht=c
(-2,24,30,52,64,67,70,71,-77),para=c(-2,-14,36,38,58,66,72),obco=c
(-3,19,23,32,41,48,54,59),bord=c(4,8,13,-25,40,43,53,60,75),hist=c
(5,10,17,26,28,-35,44,45),depe=c(6,33,42,49,50,62,69,73),narc=c
(-7,9,15,22,37,55,61,65,68),anti=c(-11,-18,20,29,47,56,74),avoi=c
(16,27,34,38,39,51,63,76)))

> mpq.ipde.keys <- super.matrix(mpq.keys,ipde.keys)
> headtail(mpq.ipde.keys)
    stress aggr alia schd scht para obco bord hist depe narc anti avoi
1        1    0    0    0    0    0    0    0    0    0    0    0    0
2        0    1    0    0    0    0    0    0    0    0    0    0    0
3        0    0    1    0    0    0    0    0    0    0    0    0    0
4        1    0    0    0    0    0    0    0    0    0    0    0    0
...    ...  ...  ...  ...  ...  ...  ...  ...  ...  ...  ...  ...  ...
204      0    0    0    0    0    0    0    0    0    0    0    1    0
205      0    0    0    0    0    0    0    1    0    0    0    0    0
206      0    0    0    0    0    0    0    0    0    0    0    0    1
207      0    0    0   -1   -1    0    0    0    0    0    0    0    0



Score the Þrst and last 

> syl.mpq.ipde <- score.items(mpq.ipde.keys,sylia,min=0,max=1)
> describe(syl.mpq.ipde$scores)
       var   n mean   sd median trimmed  mad  min  max range skew kurtosis   se
stress   1 216 0.39 0.27   0.37    0.37 0.31 0.00 1.00  1.00 0.43    -0.83 0.02
aggr     2 216 0.26 0.16   0.21    0.25 0.14 0.05 0.85  0.80 0.99     0.51 0.01
alia     3 216 0.12 0.16   0.05    0.09 0.07 0.00 0.85  0.85 1.68     2.71 0.01
schd     4 216 0.17 0.16   0.14    0.15 0.21 0.00 0.86  0.86 0.92     0.97 0.01
scht     5 216 0.19 0.13   0.11    0.18 0.16 0.00 0.67  0.67 1.16     1.76 0.01
para     6 216 0.20 0.19   0.14    0.17 0.21 0.00 0.86  0.86 1.22     1.28 0.01
obco     7 216 0.33 0.24   0.25    0.31 0.19 0.00 1.00  1.00 0.57    -0.30 0.02
bord     8 216 0.18 0.19   0.11    0.15 0.16 0.00 0.78  0.78 1.27     1.14 0.01
hist     9 216 0.27 0.19   0.25    0.26 0.19 0.00 0.88  0.88 0.72     0.15 0.01
depe    10 216 0.29 0.18   0.25    0.27 0.19 0.00 0.88  0.88 0.90     0.51 0.01
narc    11 216 0.34 0.16   0.33    0.33 0.16 0.11 0.89  0.78 0.81     0.69 0.01
anti    12 216 0.09 0.15   0.00    0.05 0.00 0.00 0.86  0.86 2.31     5.99 0.01
avoi    13 216 0.32 0.26   0.25    0.29 0.19 0.00 1.00  1.00 0.67    -0.43 0.02



Score the middle
> syl.iip <- score.items(iip.keys,sylia[,67:130])
> syl.iip

Alpha:
      vin  exp  soc  int  non cold dom  ove
[1,] 0.79 0.82 0.84 0.76 0.89 0.81 0.8 0.79

Average item correlation:
      vin  exp soc  int non cold  dom  ove
[1,] 0.32 0.37 0.4 0.29 0.5 0.35 0.33 0.32

Scale intercorrelations:
      vin  exp  soc  int  non cold  dom  ove
vin  1.00 0.20 0.56 0.46 0.29 0.76 0.74 0.31
exp  0.20 1.00 0.50 0.46 0.76 0.27 0.15 0.76
soc  0.56 0.50 1.00 0.19 0.64 0.70 0.32 0.40
int  0.46 0.46 0.19 1.00 0.33 0.30 0.56 0.60
non  0.29 0.76 0.64 0.33 1.00 0.41 0.15 0.55
cold 0.76 0.27 0.70 0.30 0.41 1.00 0.55 0.32
dom  0.74 0.15 0.32 0.56 0.15 0.55 1.00 0.39
ove  0.31 0.76 0.40 0.60 0.55 0.32 0.39 1.00



Combine the columns
> syl.all <- data.frame(syl.mpq.ipde$scores, syl.iip$scores)
> describe(syl.all)
       var   n mean   sd median trimmed  mad  min  max range skew kurtosis   se
stress   1 216 0.39 0.27   0.37    0.37 0.31 0.00 1.00  1.00 0.43    -0.83 0.02
aggr     2 216 0.26 0.16   0.21    0.25 0.14 0.05 0.85  0.80 0.99     0.51 0.01
alia     3 216 0.12 0.16   0.05    0.09 0.07 0.00 0.85  0.85 1.68     2.71 0.01
schd     4 216 0.17 0.16   0.14    0.15 0.21 0.00 0.86  0.86 0.92     0.97 0.01
scht     5 216 0.19 0.13   0.11    0.18 0.16 0.00 0.67  0.67 1.16     1.76 0.01
para     6 216 0.20 0.19   0.14    0.17 0.21 0.00 0.86  0.86 1.22     1.28 0.01
obco     7 216 0.33 0.24   0.25    0.31 0.19 0.00 1.00  1.00 0.57    -0.30 0.02
bord     8 216 0.18 0.19   0.11    0.15 0.16 0.00 0.78  0.78 1.27     1.14 0.01
hist     9 216 0.27 0.19   0.25    0.26 0.19 0.00 0.88  0.88 0.72     0.15 0.01
depe    10 216 0.29 0.18   0.25    0.27 0.19 0.00 0.88  0.88 0.90     0.51 0.01
narc    11 216 0.34 0.16   0.33    0.33 0.16 0.11 0.89  0.78 0.81     0.69 0.01
anti    12 216 0.09 0.15   0.00    0.05 0.00 0.00 0.86  0.86 2.31     5.99 0.01
avoi    13 216 0.32 0.26   0.25    0.29 0.19 0.00 1.00  1.00 0.67    -0.43 0.02
vin     14 216 0.75 0.61   0.62    0.68 0.56 0.00 3.62  3.62 1.26     2.21 0.04
exp     15 216 1.27 0.71   1.12    1.23 0.74 0.00 3.50  3.50 0.53    -0.10 0.05
soc     16 216 1.01 0.73   0.88    0.95 0.74 0.00 3.25  3.25 0.64    -0.36 0.05
int     17 216 0.97 0.64   0.88    0.93 0.74 0.00 3.25  3.25 0.64     0.18 0.04
non     18 216 1.33 0.84   1.25    1.31 0.93 0.00 3.75  3.75 0.32    -0.63 0.06
cold    19 216 0.74 0.64   0.62    0.66 0.56 0.00 3.38  3.38 1.33     2.02 0.04
dom     20 216 0.81 0.64   0.75    0.75 0.74 0.00 3.50  3.50 0.98     1.04 0.04
ove     21 216 1.38 0.70   1.38    1.36 0.74 0.00 3.75  3.75 0.35    -0.25 0.05



Find the correlations
> round(cor(syl.all),2)
       stress aggr  alia schd scht para obco bord  hist depe  narc  anti avoi  vin   exp   soc  int   non cold
stress   1.00 0.34  0.47 0.24 0.14 0.07 0.09 0.16 -0.10 0.02  0.05  0.09 0.25 0.29  0.15  0.48 0.09  0.32 0.37
aggr     0.34 1.00  0.46 0.20 0.10 0.03 0.09 0.11  0.05 0.14  0.05  0.01 0.11 0.05  0.22  0.24 0.13  0.25 0.06
alia     0.47 0.46  1.00 0.19 0.14 0.07 0.22 0.20  0.05 0.17 -0.03 -0.01 0.32 0.21  0.31  0.48 0.13  0.36 0.22
schd     0.24 0.20  0.19 1.00 0.36 0.26 0.19 0.24  0.04 0.13  0.01  0.21 0.34 0.19  0.07  0.28 0.00  0.09 0.22
scht     0.14 0.10  0.14 0.36 1.00 0.49 0.29 0.51  0.37 0.30  0.16  0.34 0.29 0.29  0.09  0.20 0.20  0.08 0.27
para     0.07 0.03  0.07 0.26 0.49 1.00 0.38 0.55  0.18 0.33  0.19  0.40 0.48 0.48  0.05  0.28 0.14  0.04 0.35
obco     0.09 0.09  0.22 0.19 0.29 0.38 1.00 0.42  0.26 0.36  0.30  0.15 0.36 0.33  0.19  0.23 0.29  0.12 0.25
bord     0.16 0.11  0.20 0.24 0.51 0.55 0.42 1.00  0.48 0.49  0.24  0.50 0.44 0.51  0.13  0.30 0.35  0.12 0.35
hist    -0.10 0.05  0.05 0.04 0.37 0.18 0.26 0.48  1.00 0.38  0.29  0.28 0.05 0.18  0.19 -0.01 0.44  0.09 0.06
depe     0.02 0.14  0.17 0.13 0.30 0.33 0.36 0.49  0.38 1.00  0.23  0.22 0.42 0.23  0.41  0.27 0.37  0.33 0.19
narc     0.05 0.05 -0.03 0.01 0.16 0.19 0.30 0.24  0.29 0.23  1.00  0.23 0.11 0.25  0.08  0.08 0.23 -0.05 0.12
anti     0.09 0.01 -0.01 0.21 0.34 0.40 0.15 0.50  0.28 0.22  0.23  1.00 0.08 0.35 -0.08  0.05 0.22 -0.10 0.23
avoi     0.25 0.11  0.32 0.34 0.29 0.48 0.36 0.44  0.05 0.42  0.11  0.08 1.00 0.41  0.26  0.61 0.08  0.35 0.38
vin      0.29 0.05  0.21 0.19 0.29 0.48 0.33 0.51  0.18 0.23  0.25  0.35 0.41 1.00  0.20  0.56 0.46  0.29 0.76
exp      0.15 0.22  0.31 0.07 0.09 0.05 0.19 0.13  0.19 0.41  0.08 -0.08 0.26 0.20  1.00  0.50 0.46  0.76 0.27
soc      0.48 0.24  0.48 0.28 0.20 0.28 0.23 0.30 -0.01 0.27  0.08  0.05 0.61 0.56  0.50  1.00 0.19  0.64 0.70
int      0.09 0.13  0.13 0.00 0.20 0.14 0.29 0.35  0.44 0.37  0.23  0.22 0.08 0.46  0.46  0.19 1.00  0.33 0.30
non      0.32 0.25  0.36 0.09 0.08 0.04 0.12 0.12  0.09 0.33 -0.05 -0.10 0.35 0.29  0.76  0.64 0.33  1.00 0.41
cold     0.37 0.06  0.22 0.22 0.27 0.35 0.25 0.35  0.06 0.19  0.12  0.23 0.38 0.76  0.27  0.70 0.30  0.41 1.00
dom      0.14 0.05  0.09 0.19 0.30 0.42 0.32 0.49  0.30 0.23  0.29  0.38 0.23 0.74  0.15  0.32 0.56  0.15 0.55
ove      0.10 0.11  0.25 0.06 0.25 0.23 0.36 0.27  0.29 0.49  0.16  0.03 0.25 0.31  0.76  0.40 0.60  0.55 0.32



More scale analysis

I. Dimensionality of the inventories done for 
each inventory

II. Factor analysis, Cluster analysis

III.But what is the expectation?

A.one, two, many factors

B.what should the structure look like



ICLUST 
of mpq

ICLUST

MPQ_often_worry

MPQ_point_out_weakness

MPQ_people_keep_from_getting_ahead

MPQ_feelings_hurt_easily

MPQ_retaliate

MPQ_easily_rattled

MPQ_people_try_to_push

MPQ_enjoy_violent_movies

MPQ_often_irritated

MPQ_people_friends_for_useful

MPQ_suffer_from_nervousness

MPQ_get_ahead_in_line

MPQ_people_take_advantage

MPQ_often_lonely

MPQ_step_on_toes

MPQ_can_put_fears_out_of_mind

MPQ_people_use_me

MPQ_often_ready_to_hit

MPQ_difficult_to_sleep

MPQ_treated_fairly

MPQ_mood_up_and_down

MPQ_pleasure_in_hurting

MPQ_bad_luck

MPQ_miserable

MPQ_enjoy_someone_fool

MPQ_personal_enemies

MPQ_unworthiness

MPQ_turn_other_cheek

MPQ_strong_emotions

MPQ_people_make_difficult

MPQ_easily_startled

MPQ_ready_for_a_fight

MPQ_people_say_mean_things

MPQ_often_nervous

MPQ_enjoy_hurting

MPQ_raw_deal

MPQ_fed.up

MPQ_enjoy_brawl

MPQ_tension_and_turmoil

MPQ_false_rumors

MPQ_frightening_someone

MPQ_troubled_by_guilt

MPQ_people_friendly_for_advantage

MPQ_tense_person

MPQ_hit_people

MPQ_people_rarely_take_advantage

MPQ_minor_setbacks_irritate

MPQ_not_hurt_others

MPQ_get_over_humiliating

MPQ_people_take_success

MPQ_like_vicious_fight

MPQ_lose_sleep

MPQ_friends_betrayed

MPQ_worry_about_terrible

MPQ_tease_people

MPQ_often_lied_to

MPQ_often_tired

MPQ_try_to_get_even

MPQ_people_enjoy_if_hurt

MPQ_on_edge

MPQ_not_happy_about_bad_luck

MPQ_too_sensitive

MPQ_people_friendly_want

MPQ_change_without_reason

MPQ_like_to_hit

MPQ_people_oppose

C1

C2

C3

C4

C5

C6

C7

C8

C9

C10

C11

C12

C13

C14

C15

C16

C17

C18

C19

C20

C21

C22

C23

C24

C25

C26

C27

C28

C29

C30

C31

C32

C33

C34

C35

C36

C37

C38

C39

C40

C41

C42

C43

C44 C45

C46

C47

C48

C49

C50

C51

C52

C53

C54

C55

C56

C57

C58

C59

C60

C61

C62

C63

C64

C65

0.730.73

0.660.66

0.660.66

0.670.67

0.660.66

0.670.67

0.660.66

0.750.75

0.660.66

0.660.66

0.620.62
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3 large 
but 

correlated 
clusters

ICLUST

MPQ_often_worry

MPQ_point_out_weakness

MPQ_people_keep_from_getting_ahead

MPQ_feelings_hurt_easily

MPQ_retaliate

MPQ_easily_rattled
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MPQ_troubled_by_guilt

MPQ_people_friendly_for_advantage

MPQ_tense_person

MPQ_hit_people
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ic.mpq4 <- ICLUST(sylia[,1:66],4)



> summary(ic.mpq4)
ICLUST (Item Cluster Analysis)Call: ICLUST(r.mat = sylia[, 
1:66], nclusters = 4)
ICLUST 
Purified Alpha:
 C52  C60  C62  V59 
0.92 0.84 0.81 1.00 
Original Beta:
 C52  C60  C62  V59 
0.63 0.63 0.47   NA 
Cluster size:
C52 C60 C62 V59 
 26  21  18   1 
Purified scale intercorrelations
 reliabilities on diagonal
 correlations corrected for attenuation above diagonal: 
      C52   C60   C62   V59
C52  0.92  0.51 -0.40  0.11
C60  0.45  0.84 -0.57  0.26
C62 -0.35 -0.47  0.81 -0.24
V59  0.10  0.24 -0.22  1.00



Sort the clusters

> ICLUST.sort(ic.mpq4)
$sorted
                                   item                            content cluster   C52   C60   C62   V59
MPQ_miserable                        24                      MPQ_miserable       1  0.60  0.33 -0.36  0.06
MPQ_too_sensitive                    62                  MPQ_too_sensitive       1  0.59  0.28 -0.13  0.09
MPQ_unworthiness                     27                   MPQ_unworthiness       1  0.58  0.26 -0.20  0.01
MPQ_lose_sleep                       52                     MPQ_lose_sleep       1  0.58  0.39 -0.08  0.07
MPQ_often_worry                       1                    MPQ_often_worry       1  0.57  0.17 -0.05  0.07
MPQ_easily_rattled                    6                 MPQ_easily_rattled       1  0.57  0.35 -0.11  0.17
MPQ_mood_up_and_down                 21               MPQ_mood_up_and_down       1  0.57  0.31 -0.31  0.07
MPQ_change_without_reason            64          MPQ_change_without_reason       1  0.57  0.33 -0.34  0.04
...
MPQ_often_lied_to                    56                  MPQ_often_lied_to       2  0.27  0.52 -0.34  0.10
MPQ_false_rumors                     40                   MPQ_false_rumors       2  0.21  0.51 -0.28  0.17
MPQ_people_oppose                    66                  MPQ_people_oppose       2  0.28  0.51 -0.28  0.18
MPQ_people_say_mean_things           33         MPQ_people_say_mean_things       2  0.28  0.50 -0.30  0.21
MPQ_bad_luck                         23                       MPQ_bad_luck       2  0.48  0.49 -0.45  0.14
MPQ_people_use_me                    17                  MPQ_people_use_me       2  0.26  0.47 -0.22  0.02
MPQ_people_make_difficult            30          MPQ_people_make_difficult       2  0.19  0.47 -0.23  0.16
MPQ_people_take_advantage            13          MPQ_people_take_advantage       2  0.25  0.45 -0.12  0.03
...
MPQ_like_vicious_fight               51             MPQ_like_vicious_fight       3  0.03  0.21 -0.50  0.08
MPQ_often_ready_to_hit               18             MPQ_often_ready_to_hit       3  0.40  0.26 -0.49  0.08
MPQ_like_to_hit                      65                    MPQ_like_to_hit       3  0.26  0.42 -0.46  0.17
MPQ_try_to_get_even                  58                MPQ_try_to_get_even       3  0.22  0.27 -0.44  0.18
MPQ_retaliate                         5                      MPQ_retaliate       3  0.19  0.23 -0.43  0.11
MPQ_enjoy_someone_fool               25             MPQ_enjoy_someone_fool       3  0.26  0.27 -0.41  0.12
MPQ_turn_other_cheek                 28               MPQ_turn_other_cheek       3 -0.07 -0.17  0.38 -0.16
MPQ_point_out_weakness                2             MPQ_point_out_weakness       3  0.29  0.26 -0.36  0.18
...



Structural analysis

I. Do on covariance matrix

II. Consider theory (do we expect simple 
structure or do we expect more complicated 
structure

III.Compare with simulations



Consider circumplex items

> circ16 <- sim.circ(16)
> f2c <- factor.pa(circ16,2)
> plot(f2c)
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Circumplex with a g factor

> circ16g <- sim.circ(16,gloading=.45) 
> f2cg <- factor.pa(circ16g,2)
> plot(f2cg)
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Theory Evaluation

I. What do our data tell us about the theory?

II. What needs to be improved

III.What can be rejected

IV.What do we know that we did not before?

V.What do we know is wrong that we thought 
we knew before?


