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Plan for today

e JASP: Downloading, installing, and opening JASP
e Reading data into JASP

e Variables/Data transformations
e (Re)Naming Variables
e Setting levels of measurement
e Computing (Recoding) new variables

e Selecting and filtering cases
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Plan for today

In recognition of Bayesian pioneer Sir Harold Jeffreys, JASP stands for Jeffreys's Amazing Statistics

Program.
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e JASP: Downloading, installing, and opening
JASP

1. JASP: Downloading, installing, and opening JASP

e https://jasp-stats.org/download/
» Windows

» macOS
e Installation guide: https://jasp-stats.org/installation-guide/

> Linux

2. Support, support and support materials...
e How to use JASP: Explanatory articles, videos and GIFs
e JASP Materials: Manual, Online resources, Books, Papers, workshops, etc

3. FAQS...?

e Here...

e Open Science Framework with JASP

Frederick Anyan, Ph.D - NTNU


https://jasp-stats.org/download/
https://jasp-stats.org/installation-guide/
https://jasp-stats.org/how-to-use-jasp/
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e JASP: Downloading, installing, and opening
JASP
Open data editor

Show or hide main (workspace) Add modules

men
[ N JASP

Sl % W LB opE B k2 % AT I B % |4

Show already added
Show7already modules
added modules
Prefi
Contact
Commun ity

Frederick Anyan, Ph.D - NTNU



Plan for today

e Reading data into JASP



e Reading data into JASP

'. [ JASP
s = | L B ok koA B+
JASP currently
A R (== - reads the
S R = following formats:
R Ll I .csv, .txt, .tsv, .ods,
Click Open on I e [ = O dta, .sav, .zsav,
: .por, .sas7bdat,
the main menu s -
Recent files S .sas7bcat, .xpt and
Computer N 6 Factr of course the _Jﬁp
gi’ibase About e M
Data library &.8ain
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e Reading data into JASP

[ ] L ] Mental Ability
T v TeV v +, v - v v v I v v
= : : B k£ D P 0" |
= By [2E7 [38 T e $ O s +
- Edit Data Descriptives T-Tests ANOVA Mixed Models Regression Frequencies Factor Distributions  Equivalence T-Tests  Learn Stats N
o T |
v Confirmatory Factor Analysis QOO0 Mental Ability: Confirmatory Factor Analysis
W% 12 Visual| )
N id ) N Description:
& sex 4 % 2 The classic Holzinger and Swineford (1939) dataset consists of mental ability test scores of se
il ageyr % x3 grade children from two different schools (Pasteur and Grant-White). In the original dataset, th:
% agemo 26 tests. However, a smaller subset with 9 variables is more widely used in the literature (for e|
& school Textual Joreskog's 1969 paper, which uses the 145 subjects from the Grant-White school only).
'.‘ grade N x4 Variables:
N X1 L % 6 + id - Identifier
W x2 % x6 = sex - Gender

= ageyr - Age, year part
- agemo - Age, month part

Speed B
w X7 = school - School (Pasteur or Grant-White)
» N " = grade - Grade
B X
> o < = x1 - Visual perception
N X

* x2 - Cubes

= x3 - Lozenges

* x4 - Paragraph comprehension

+ x5 - Sentence completion

+ x6 - Word meaning

+ X7 - Speeded addition

+ x8B - Speeded counting of dots

= x9 - Speeded discrimination straight and curved capitals

v

Click arrow/triangle
to reveal data view or

use S] ider to resize Multigroup CFA This JASP file demc the use of Confirmatory Factor Analysis (CFA). Specifice

fit of a model compared to baseline and estimate the factor loadings. The model is comprised ¢

the data analysi S ditional Output factors: Visual, Textual and Speed, all indicated by three observed variables (e.g. Visual has in
9 X3).

v

Plots

Output aneS References:

Advanced Holzinger. K.. and Swineford, F. (1939). A studv in factor analysis: The stabilitv of a bifactor sol

v
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e Reading data into JASP

Data/variable view

20

21

22

20

21

22

lad  [E¢°

Descriptives

&

® id

*

1

2

20

21

22

23

T-Tests

S +|

1

2

2

AN

Analyses

Mixed Models  Regression

¥ Confirmatory Factor Analysis

% V1
% id
& sex
all ageyr
% agemo
& school
& grade
% x1

.

Resize datafresults

|

v

v

v

v

Second-Order Factor

Model Options

Multigroup CFA

Additional Qutput

Plots

Advanced

Mental Ability

Frequencies Factor Distributions  Equivalence T-Tests

06000

12 Visual
¥ x1
> % x2
% x3

Textual
% x4
> % x5
% x6

Speed
N x7
> % x8
% x9
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Name of data file

eee

0 5 e A

earn Stats Network Power Process (beta)

Results/Output

3’3.)4.

SEl

Confirmatory Factor Analysis

Model fit

Chi-square test

Model x? df p
Baseline model  918.852 36
Factor model 85.306 24 <.001

Note. The estimator is ML.

The Chi-square test is used to test whether the null hypothesis, representing a perfe
rejected. As you can see, although the Factor model is definitely not a perfect fit, the
signifficantly lower for the Factor model compared to the baseline model (in which ju
observed variables are specified), indicating a better model fit.

Additional fit measures

Fit indices
Index Value

Comparative Fit Index (CFI) 0.931
Tucker-Lewis Index (TLI) 0.896
Bentler-Bonett Non-normed Fit Index (NNFI) 0.896
Bentler-Bonett Normed Fit Index (NFI) 0.907
Parsimony Normed Fit Index (PNFI) 0.605
Bollen's Relative Fit Index (RFI) 0.861
Bollen's Incremental Fit Index (IFI) 0.931
Relative Noncentrality Index (RNI) 0.931

The better fit of the Factor model is also indi d by, for le, the Comp:

The closer the CFl is to 1, the better the fit of the model.




Plan for today

e Variables/Data transformations
e (Re)Naming Variables
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e (Re)Naming variables

Data/variable view

Edit Data

eo0e
-
-
YT SN Vi
1 1
2 2
3 3
4 4
5 5
6 6
7 7
g8 8
9 9
10 10
m m
12 12
13 13
14 14
16 15
16 16
17 17
18 18
19 19
20 20
21 21
22 22

Had [227 [333°

ANOVA

Descriptives T-Tests

Q\,‘ id a Sex + r
\\ﬁ

2 2 13
3 2 13
4 1 13
5 2 12
6 2 14
7 1 12
8 2 12
9 2 13
n 2 12
12 1 12
13 1 12
14 2 12
15 2 12
16 1 12
17 2 12
18 2 14
19 1 13
20 2 12
21 2 12
22 1 14
23 1 12

eee

Double click for
Variable setting

Frederick Anyan, Ph.D - NTNU

(Re)Name and describe

variables

r
[ BON
5 % v v
— X! 1) b
L]
L J . . . .
Edit Data scriptives T-Tests ANQVA Mixed Models

Name: Al Long name:\ V1 6
Column type: N, Scale w Description:
Computed type: Not computed v

®
Missing Values §§

Use custom values
<
L X J

\ dE N V1 N id &b sex il ageyr o
1 1 1 1 13 q
2 2 2 2 13 7
3 3 3 2 13 1
4 4 4 1 13 2

®
5 5 5 2 12 2 @

L J
6 6 6 2 14 1
74 74 7 1 12 1
8 8 8 2 12 2




Plan for today

e Variables/Data transformations

e Setting levels of measurement
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e Set level of measurement

Categorical variable

(Re)Name and describe
variables

types in JASP
_ e
Nominal
“ (1 = Females; 2 = Males)
Nominal text (string) Factors/ GI'Ollpll’lgS
w (F = Females; M = Males) ~Tan set value labels that will show in ece
results — Iﬁ v E(Z v
I Ordinal - Edit Data Descriptives  T-Tests NOVA|  Mixed Models
I (1 = Mild, 2 = Moderate; 3 = Severe) i
Name: Al Long name: §V1 6
// Continuous Column type: %, Scale w Description:
/ Comput: pe: Not computed v
#,. Scale data
Missing Values
Use custom values
Set level of /
measurement or
eoe
Set level of . . Change column type
measurement or = | EX R 11
Ch l - Edit Data Descriptives T-Tests ANOVA <
ange column type=s S N - pyra =
. 1 1 1 1 13 Y "-.!’ V1 "'»‘,’ id &b sex "I ageyr +
v SCEIIE' 2 2 2 2 13 1 1 1 1 13 1
all Ordinal 8 |3 3 2 3 2 |2 2 2 13 7
4 4 4 ! " 3 3 3 2 13 1
& Nominal 5 s 5 2 12
4 4 4 1 13 2
- ; E SIE : SCEENE
& s s 2 12 6 6 6 2 14 1
9 9 9 2 13 7 7 7 1 12 1
0 10 1 2 12 8 8 8 2 12 2




e Set level of measurement

Categorical variable
types in JASP

Nominal
(1 = Females; 2 = Males)

Nominal text (string)
(F = Females; M = Males)

Ordinal
I (1 = Mild, 2 = Moderate; 3 = Severe)
»

y 3 Continuous
#,. Scale data

Numbers or labels...?

= [al

Edit Data Descriptives

T “"Q, V1 '\ id
1 1 1

2 2 2

3 3 3

4 |4 4

5 5 5

6 |6 6

7 7 7

8 8 8

9 9 9

} v

33’

T-Tefits ANOVA

sex + ‘
1 13
2 13
2 13
1 13
2 12
2 4
1 12
2 12
2 13

Value labels

[ ] @ Mental Ability sex*

(/Volumes/anyan/Quar

= Uad 287 [ =T X7 SgT

o

Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression  Frequencies
Switch JASP to data editing mode
T Long name: sex of participants
Column type: & Nominal w Description: |dentifies the biological sex of participants in the data
Computed type: Not computed v

Label editor ‘ Missing Values

Filter |Value |Label

Double click to set labels under
‘label’

-
v P v
v Males
T
N
ese

Y "\, V1 '\ N sex .ll ageyr "9" agemo & schee
2 2 2 ales 13 7 Pasteur
3 3 3 Males 13 1 Pasteur
4 4 4 Females 13 2 Pasteur
5 5 5 Males 12 2 Pasteur
] ] 6 Males 14 1 Pasteur
7 7 7 Females 12 1 Pasteur
8 8 8 Males 12 2 Pasteur
9 9 9 Males 13 0 Pasteur




Plan for today

e Variables/Data transformations

e Computing (Recoding) new variables
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e Computing/creating/Recoding new variables

Mean and sum
scores



e Computing/creating/Recoding new variables

Mean and sum Compute/create/recode into
SCOTES new variables

® Mental Ability gBx*
- Edit Data Descriptives T-Tests ANOVA Mixed Models  Regfession
T d o0 | +

1 1 1 Femall 13 1

2 2 2 ales 13

3 3 3 Mal 13 1

4 4 4 Femal 13 2

5 5 5 Mal 12 2

6 6 6  Males 14

77 7 Femal 12 1



e Computing/creating/Recoding new variables

Compute/create new

/ ame new variable
Mean and sum variables
uuuuuuuuuuuuuu )
scores

[ ION Mental Ability gex*

= B L B B« Set level of
= Edit Data Descriptives T-Tests ANOVA  Mixed Models  Regfession measurement
Y \ Vi \ id " sex I.ll ageyr v\ ager + il to Scale

1 1 1 Females 13 1

2 2 2 Males 13 7

3 3 3 Males 13 1

4 4 4 Females 13 2 Click comp ute
5 5 5 Males 12 2

6 6 6 . Males . 14 1 remalesENIZEEEEE R X @) 2 Create Column

7 7 7 Females 12 1




e Computing/creating/Recoding new variables

Compute/create new

Mean and sum variables
scores Name the new New variable appears
eoe Mental Abifky sex variable in the data pane
v v v v
= had 127 7 =
- Edit Data Descriptives T-Tests ANOVA Mixed Models  Reliression
: ‘ ‘ : ‘ Mental Ability sex*  (/ 'Quant_| / 1 March JASP INTRO]
h ¢ \ V1 \ id ‘ sex Ill ageyr \ ager +
T T [ XX ] lental Ability sex*
1 1 1 Females 13 1
{ -~ v v v * g
*
2 2 2 Males 13 7 — Illl I& iH +
I I I - Edit Data Descriptives T-Tests ANOVA Mixed Models  Regressio
3 3 3 Males 13 1 o : ‘ -
T . x7 x8 %9 sum_visual
4 4 4 Females 13 2 L Y \ \ \ﬁ +
| | 113043 575 6.3611111
5 |5 |8 | Males 2 |2 2 16087 6.25 7.9166667
6 6 6 Males 4 1 3 )8696 3.9 4.0166667
| ]
7 7 7 Females 2 1 Siedtelempipacolns 4 5.3 4.8611111 :
Name: [sum visual 5 56522 6.3 5.9166667
| Define column through drag and drop formulas T
6 78261 6.65 7.5
@ @ 7 56522 6.2 4.8611111
ol Ordinal & Nominal & Text 8 3043 515 3.6666667
Crouta ol x 9 7391 4.65 7.3611111
10 14348 4.55 4.36111M1
! “
1 1304 5.7 4.3055556
12 56522 5.5 4.1388889
Set level of |
13 25652 5.2 5.8611111
measurement to scale S . o anaasa
15 4.35 5.86111M1
16 59565 3.8 5.1388889
: 17 56522 6.65 5.25 i
Click compute :
18 5.25 5.4444444
19 10435 4.85 5.75
20 32609 5.35 4.9166667




e Computing/creating/Recoding new variables

Mean and sum
scores

Select variables from the list
into the drag and drop ece

constructor = la L& 7 = bx oo

an/Quant_Resources/0000 Worksk Edit Data Descriptives T-Tests ANOVA Mixed Models Regression Freque

[ X ] Mental Ability sex* (

= - = - [ T
T v Ic ¥ v v ~ v Y 53 x7 - x8 h x9 ﬁ sum_visual +
> > % . _
= |1 I X (1 A 7 P R v
' - ' ) . N 391304 . 3611111 1.4
- Edit Data Descriptives T-Tests ANOVA Mixed Models ression  Frequencies Factor Distributions  Equi d 3.3913043 578 6.3¢ 583333
71 2 3.7826087 6.25 7.9166667 12.7083333 . Y
Name: sum_visual Long name:  sum_visu. 0 3 3.2608696 3.9 4.4166667 11.625 -
Column type: % Scale w Description 4 3 5.3 4.8611111 16.0833333 all
L Y
Computed type: Computed with drag-and-drop ¥ 5 36956522 6.3 5.9166667 10.4583333 t
43478261 . A 12
Computed column definition | Missing V; S 347826 6.65 s 26833333 ..:
.
" 7 | 46956522 6.2 4.8611111 9.8333333
e %= <SS AY | Apply function to create
algrade ’ - - q . 8  3.3913043 515 3.6666667 13.7916667
e 2le s vl new variable in drag and .
wx1 (SXT+ NX2) 4+ VX3 e 9 | 45217391 4.65 7.3611111 175 Y
Oy "
X2 Gy dI'Op constructor 10 | 41304348 4.55 43611111 9.5
wx3
" Sy 1N 37391304 5.7 4.3055556 11.4166667
WX Click to compute column
12 3.6956522 5.15 4.1388889 14.7083333 <
R Compute column \ o
13 | 5.8695652 5.2 5.8611111 14.2916667
14 | 51304348 a7 4.4444444 13.25 >
A L Y
Y ol ageyr %  agemo & school ol orace y o« v oox2 Compute column to 15 a4 435 5.8611111 15.2083333 .
i 13 ! Pasteur 7 83333333 775 0.875 apply function 16 40869565 38 51388889 117916667
>
2 13 7 Pasteur 7 5.3333333 5.25 2125 o - 6956522 6.65 525 10.5833333
»
3 13 1 Pasteur 7 45 5.25 1875 8 |a 5.5 5.4444444 14
4 13 2 Pasteur 7 5.3333333 775 3 19 | 3.9130435 4.85 5.75 14.9166667 >
5 12 2 Pasteur 7 4.8333333 478 0.875 20 | 3.4782609 5.35 4,9166667 18.0833333 »
6 14 1 Pasteur 7 5.3333333 5 225 21 | 2.6086957 46 5.3888889 15.8333333
7 12 1 Pasteur 7 2.8333333 6 1 22 4.4782609 5.45 7 19.2916667
8 12 2 Pasteur 7 5.6666667 6.25 1.875 nn e asonenn e = anane
9 13 0 Pasteur 7 45 5.75 15
10 12 5 Pasteur 7 35 5.25 075
1 12 2 Pasteur 7 3.6666667 575 2

12 12 n Pasteur 7 5.8333333 6 2.875



e Computing/creating/Recoding new variables .-

Mean and sum
scores

Compute/create new
variables

ame new variable

Mental Ability sex*  (/

Defi

Select

Computed column definition | Missing Values

[ N ) Mental Ability gex*
v v v
- W L B
= Edit Data Descriptives ~ T-Tests ANOVA  Mixed Models Re:
Y \ Vi \ id I‘ sex I..I ageyr \ auer+ ||
1 1 1 . Females . 13 1
2 2 2 Males 13 7
3 |3 3 Males 13 1 .
4 4 4 . Females 13 2 :
5 5 5 Males 12 2
6 6 6 . Males 14 1
7 7 7 Females 12 1
LN ) Mental Ability sex*  (J
— I,I,ll Ii_i v i } i v & v 2550
- Edit Data Descriptives  T-Tests ANOVA  Mixed Models Factor  Di 0 Equi
Name: sum_visual Long name:  sum_visual
Columntype: %, Scale v Description:
Computed type:  Computed with drag-and-drop ¥

variables

Apply function to create

sy = new variablein drag and
) drop constructor

_—
I"N%=%+<<>2AV | =

- wlgrade, L
axl (%xT+ %x2)+ %x3 = H
“x2
“x3 W oy
Sxd Click to compute column

® l Compute column I o

T e % agemo & school dloze &«
1 3 1 Pasteur 7 33333333
2 3 7 Pasteur 7 53333333
3 13 1 Pasteur 7 45

4 RE] 2 Pasteur 7 53333333
5 12 2 Pasteur 7 48333333
3 14 1 Pasteur 7 53333333
7 12 1 Pasteur 7 258333333
8 12 2 Pasteur 7 5.6666667
9 3 0 Pasteur 7 45

10 12 5 Pasteur 7 35

Ll 12 2 Pasteur 7 36666667
12 12 n Pasteur 7 58333333

Compute column to
1 ) apply function

le i Ordinal

& Nominal

& Text

Create Column

March JASP INTRO)]

Set level of
measurement
to scale

Click compute

ece
v v ‘v -
-— &
= | TR R 151] [y e
- Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression QFreque
il
YT & w0 L ] N e 4 S sum_visual +
v
1 33913043 575 6.3611111 11.4583333
2 37826087 6.25 7.9166667 12.7083333 LY
3 32608696 39 44166667 1.625 :
4 3 53 48611111 16.0833333 al
5 36956522 6.3 5.9166667 10.4583333 I
6 4.3478261 6.65 7.5 12.5833333 &
7 46956522 62 4861111 98333333 :
8 33913043 515 3.6666667 13.7916667 )
9 45217391 465 73611 175 :
10 41304348 4.56 4.3611M 95 S
N
1 37391304 57 4.3055556 11.4166667 L
12 36956522 515 41388889 14.7083333 JER]
13 58695652 52 58611111 14.2916667 hd
14 51304348 a7 4.4444444 13.25 4
1B 4 435 5.8611111 16.2083333 >
16 4.0B69565 38 5.1388889 1.7916667 N
17 | 36956522 6.65 5.25 10.5833333
>
B 4 525 5.4444444 4
19 3.9130435 485 5.75 14.9166667 »
20 | 3.4782609 5.35 4.9166667 18.0833333 >
21 26086957 46 5.3888889 15.8333333
22 4.4782609 5.45 7 19.2916667

in the data pane

eoe Mental Ability gfx*
v - v
= g L& B P
Edit Data Descriptives T-Tests ANOVA Mixed Models
v X7 A x8 % A S sum_visual + [l
LNELYES 575 6.3611111
2 6087 625 7.9166667
3 8696 39 4.4166667 ]
a 53 2,811 :
5 56522 63 5.9166667
6 78261 6.65 75
7 56522 62 4861111
8 13043 515 36666667
a 7391 4.65 738111
10 14348 455 4,3611111
1 1304 57 2.3058556 |
12 58622 515 41388889
13 35652 52 58611111
14 14348 a7 4.4444444
15 435 58611111
16 59565 38 5.1388889
17 58622 665 5.25 1
8 525 5.4424444 |
19 10435 485 575
20 32609 535 4,9166667

Tryit for the mean
of x1-x3



e Computing/creating/Recoding new variables

Logical values
and numbers



e Computing/creating/Recoding new variables

Logical values Function in the drag and
and numbers drop constructor

-
v v v + v
[ |
Create Computed Column B IIII I { I Ii ii Ef_‘ IZ + _|=
B Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression  Frequenci
Name: [SEXN
me: sexN Long name: sexN 0

@ ‘ @ ‘ slumn type: & Nominal v Description:

ymputed type: Computed with drag-and-f§rop ¥

% Scale gl Ordinal & Nominal ‘&Text

smputed column definition | Label edito Missing Values

o Create Column
+-* A=< <>2AV | -

VI l-sex'=1
Sid (— normalDist(y)
dsex mﬂﬂ tDist(y)

. alageyr Computed columns code applied chiSaDist(y) | |

Nominal text

R Compute column o

eee

average_vis %ﬁ' ave_vis \ xSl &.ﬁ sexN + [
44433 3.819444433 13.06076966 TRUE
m 4.2361111 12.31076966 2.384583437 FALSE

3.875 12.08076966 1.293551 FALSE
11 5381111 15.68576966 -0.1684331397 TRUE
m 3.4861111 10.56076966 -1.001924957 FALSE
44433 4.194444433 1218576966 0.2418056116 FALSE
77767 3.277777767 11.93576966 -1.10498061 TRUE
22233 4.597222233 13.06076966 1.527410902 FALSE
66667 3.916666667 1218576966 -0.9387907607 FALSE
66667 3.166666667 10.93576966 2.045771668 FALSE
55567 3.805555567 12.68576966 0.2892169494 TRUE




e Computing/creating/Recoding new variables

Split sum_ visual at the mean (mean = 13.27; ranges from 5.92 — 20.37)

Nominal Nominal text (string) Ordinal ’, Continuous
; . . ”
“ (0 = Low; 1 = High) w (Low; High) l (1 = Low, 2 = medium, 3 = High) /,



e Computing/creating/Recoding new variables

Split sum_ visal at the mean (mean = 13.27; ranges from 5.92 — 20.37)

Computed type:

Nominal

(0 = Low; 1 = High)
[ IO N

v v v +* v

— g [EE7 |2 k= 4
- Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression
Name: sum_visual_NomO1 Long name: sum_visual_NomO1 9
Column type: & Nominal

w Description:

Computed with drag-and-drop ¥

Computed column definition

Label editor

Missing Values

Frec

bt A% =FLSD>2AV | - {'
w1 ifElse( % sum_visual < 13.27,0,1)4= | ]
“id = cut(y)
&sex replaceNA(y)
| | wlageyr Computed columns code applied ifE.Ise(y) L
hasSubstring(y)
QR Compute column o
see
Y @ AN x9 A S5 sum_visual &b S sum_visual_Nom01 <+ T
1 6.361111M 114583333 0
2 7.9166667 12.7083333 0
3 4.4166667 11,625 0
4 4.8611111 16.0833333 1
5 5.9166667 10.4583333 0
6 7.5 12.5833333 0
7 4.8611111 9.8333333 0
8 3.6666667 13.7916667 1

If sum_ visual < 13.27, then = 0, but
if untrue (else) then = 1

_—

If sum_ visual < 13.27, then = Low,by

if untrue (else) then = High

(Low; High)

Nominal text (string)

ode0
v v v + v
= By 227 I8¢ =" X7 ¢
- Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression  Frec
Name: sum_visual_NomTxt Long name: sum_visual_NomTxt 9
Column type: &b Nominal w Description:
Computed type: Computed with drag-and-drop ¥
\ L ]
Computed column definition | Label editor  Missing Values :
+-* =A% =FL< <> 2AV | -
;\.V'I ifElse( % sum_visual < 13.27lLow,Hig cut(y) [
“id Ll —)
&se W replaceNA(y)
| wlageyr Computed columns code applied iiE_Ise(y) L
hasSubstring(y)
QR Compute column o p
_ eoe |
T "s,,ﬁ sum_visual ‘ﬁ sum_visual_Nom01 &‘,ﬁ sum_visual_NomTxt +
1 11.4583333 0 Low
2 12.7083333 0 Low
3 11.625 0 Low
4 16.0833333 1 High
5 10.4583333 0 Low E
6 12.5833333 0 Low
7 9.8333333 0 Low
8 13.7916667 1 High




e Computing/creating/Recoding new variables

Split sum_ visal at the mean (mean = 13.27; ranges from 5.92 — 20.37)

Ordinal
I (1 = Low, 2 = High)

L JCN
. T v T v v + v
= 87 7 = 27 ®
= | 71 [ EX I (11 :
Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression  Frequ
Name: sum_visualOlord Long name: sum_visualOlord g
Column type: 41l Ordinal v Description:

If sum_ visual < 13.27, then = 0, but
if untrue (else) then = 1

Computed column definition Label editor Missing Values /

Computed type: Computed with drag-and-drop ¥

+-* = U =FL< £ > 2 AV |;Z'
V1 ifElse( % sum_visual < 13.27,0,1) 4= cut(y)
vid =1
&sex “]]m replaceNA(y)
alageyr Computed columns code applied ifE!se(y) L
hasSubstring(y)
R Compute column o ||
Y % sum_visual_NomO1 &b S sum_visual_NomTxt gl Sz sum_visual0tord +
1 Low 0
2 Low 0
3 Low 0
4 High 1
5 Low 0
6 Low 0
7 Low 0
8 High 1




e Computing/creating/Recoding new variables

Split sum_ visal into three (3) categories (mean = 13.27; SD = 2.63; ranges from 5.92 — 20.37)
* 5.92 —10.00 =1 (Low)

* 10.01—16.00 = 2 (Medium) ece Man
— = 1 v v v +, v v 1
* 16.01 — 20.37 = 3 (High) - IIII I; $ Iiﬁ & |+ :‘ -l- i
- Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression  Frequencies Factor
I Ordinal
— — ] — ] Name: sum_visual_1230rd Long name: sum_visual_1230rd .
I (1 = Low, 2 = medium, 3 = High) © | [Function to create three groups
Column type: 4l Ordinal w Description:
Computed type: Computed with drag-and-drop ¥
Computed column definition | Label editor  Missing Values o
1
2% =F<<>2AV | =
VI ifElse( * sum_visual < 10,1,ifElse( % sum_visual < 16,2,3)
Create Computed Column “id ifElse( % sum_visual < 10,1,ifElse( *sum_visual < 16, ' cut(y)
replaceNA(y)
Name: [sum_visual_1230rd #sex M ifElse(y)
ulageyr Computed columns code applied .
hasSubstring(y)
@ Compute column o
“ Scale & Text see <
0 i s x Y sisualOlord \ﬁ sum_visual01Sca &ﬁ sum_visualNomTxt . Illj;‘ sum_visual_1230rd +
1 0 Low 2
2 0 Low 2
3 0 Low 2 Try to change labels to Low, medium and
4 1 High 3 high
5 0 Low 2
6 0 Low 2
[ ]
[ ]
7 0 Low 1 .
8 1 High 2
Name new variable and 9 o | Low [,
set level of measurement o | Iy [ow P




e Computing/creating/Recoding new variables

Replace missing
values

Create Computed Column

Name: |varAreplaced

® )

ol Ordinal & Nominal & Text

o Create Column X

Create mean replacement

[ ION ] Missing Data*
v v v + v - v
*
= By L7 [ P X7 Se
Edit Data Descriptives T-Tests ANOVA Mixed Models  Regression  Frequencies
Name: varAreplaced Long name: varAreplaced 9
Column type: \ Scale w Description:

Computed type:

Computed with drag-and-drop ¥

function

—
\

( Computed column definition ] Missing Values 1
+-r A=< <> 2 A M
SvarA replaceNA( s varA,mean( “varA)) res min(y)
“varB — max(y)
“varC m]ﬂ mean(y)
“varD Computed columns code applied sign(y)
round(y)
@R Compute column
LY X ]
h ¢ \ varD \\ varE \ varF ‘ Group \'ﬁ- varAreplaced +
1 3.95833 3.45833 3.33333 V 0 ‘ 2.72916625
2 | 3.39583 ‘ 3.20833 3.22917 1 l 2.60417
3 | 275 ' 35 2.89583 V 0 ‘ 2.8125
4 2.79167 3.5625 1 2.89583
5_ 3.20833 - - 0 ‘ 3.02083
6 | 3.70833 ‘ 2.5 3.70833 1 l 2.52083
7 | 3.0625 ' 3.33333 3.0625 V 0 ‘ 2.35417
8 | 3.66667 3.0625 3.66667 1 2.52083

Scroll down for pre-
installed functions to find
replaceNA and
mean(y) functions
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e Selecting and filtering cases
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e Selecting and filtering cases

Use sum_ visual 1230rd

ANOVA Mixed Models
/Ao to Label editor

. Uncheck to filter out or

exclude from analysis

Select variable

Data has 301 rows, 72 (~24%) passed through filter

o ®
T v T v v
= : 2327 =
= | 1 N EX T L35
Edit Data Descriptives T-Tests
Name: sum_visual_1230rd Long name: sual_1230r >
Column type: gl Ordinal w Description:
Computed type: Computed with drag-and-drop ¥ v
Computed column definition Label editor Missing Values
Filter Value |Label -
1
‘ v~ ‘ Low ‘ v
P
X Medium
1t d
AN ol L
S <
Y h x9 "-',f;r sum_visual .‘Iﬁ M i
1
2
3 ul
4 4.8611111 16.0833333 High
3 >
6
>
7 4.8611111 9.8333333 Low
»
8
9 v
1n 4 2R11111 as 1_oaaz
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e Example Analyses
e Principal Components and Exploratory
e Confirmatory Factor Analyses

e  Multigroup analyses and measurement invariance
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e Principal Components Analysis

Total Variance Explained

Rotation Sums

Component Characteristics ¥

of Squared

Initial Eigenvalues Extraction Sums of Squared Loadings Loadings®
Component Total % ofVariance Cumulative % Total % ofVariance  Cumulative % Total
1 3,216 35,737 35737 3,216 35737 35,737 2,763
2 1,639 18,208 53,945 1,639 18,208 53,945 2,226
3 1,365 15,168 69,114 1,365 15168 69,114 2,088
4 649 7,766 76,8749
5 584 6,493 83,372
A 500 5662 88,924
7 473 5,257 94181
g 286 3178 97 3549
g 238 2,641 100,000

Unrotated solution

Rotated solution

Esxtraction Method: Principal Component Analysis.

a. When components are correlated, sums of squared loadings cannot be added to obtain a total variance.

Scree Plot

Eigenvalue
~

1 2 3 4 5 5

Component Number

SPSS|JASP

Eigenvalue Proportion var. Cumulative SumSg. Loadings Proportion var. Cumulative
Component 1 3.216 0.357 0.357 2.502 0.278 0.278
Component 2 1.639 0.182 0.539 1.899 0.211 0.489
Component 3 1.365 0.152 0.691 1.819 0.202 0.691
Scree plot
-0 Data

-A- Simulated data from parallel analysis

Eigenvalue

2.5 5.0 7.5

Component



e Exploratory Factor Analysis

Pattern Matrix®

Component
2 3

%5
x4
%6
%3
¥2
%1
X7
%8
%9

628
902
874

604
770
648

873
828
596

Component Loadings ¥

RC1 RC2 RC3 Uniqueness
x5 0.930 0.175
x4 0.903 0.186
x6 0.875 0.207
x3 0.814 0.369
x2 0.774 0.455
x1 0.655 0.413
x7 0.876 0.278
x8 0.822 0.308
x9 0.581 0.389

Extraction Method: Principal Component
Analysis.

Raotation Method: Promax with Kaiser
Marmalization.

a. Rotation converged in & iterations.

Component Correlation Matrix

Component 1 2 3

1 1,000 ,303 223
2 303 1,000 265
3 223 265 1,000
Extraction Method: Principal Component
Analysis.

Fotation Method: Promax with Kaiser
Mormalization.

Note. Applied rotation method is promax.

SPSS |JASP

Component Correlations ¥

Component 1 Component 2

Component 3

Component 1 1.000 0.319
Component 2 0.319 1.000
Component 3 0.218 0.274

0.218
0.274
1.000
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e Example Analyses
e Principal Components and Exploratory
e Confirmatory Factor Analyses

e  Multigroup analyses and measurement invariance
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e Confirmatory Factor Analysis

MODEL FIT INFORMATION

Number of Free Parameters 30
Loglikelihood
HO Value -3737.745
H1 Value -3085.082

Information Criteria

Rkaike (AIC) 7535.480

Bayesian (BIC) Tede.703

Sample-Size Adjusted BIC 7551.560
in* = (o + 2) / 24)

Chi-Square Test of Model Fit

Value 85.308
Degrees of Freedom 24
F-Value 0.0000

EMSER (Eoot Mean Square Error Of Zpproximation)

Estimate 0.082

90 Percent C.I. 0.071 0.114

Erobability RMSER <= .05 0.001
CFI/TLI

CFI 0.831

TLI 0.E%&8

Chi-Square Test of Model Fit for the Baseline Model

Value Q1E8.E52
Degrees of Freedom 36
P-Value 0.0000

SBEME (Standardized Root Mean Square Residual)

Value 0.0e0

Mplus | JASP

Model it ¥

Chi-square test

Model X? df p
Raseline model Q18 R5? 36
| Factor model 85.306 24 < .001 |

Note. The estimator is ML.

Additional fit measures ¥

Fit indices

Index Value

Comparative Fit Index (CFl)

Tucker-Lewis Index (TLI)

Bentler-Bonett Non-normed Fi .8

Bentler-Bonett Normed Fit Index (NFI) 0.907
Parsimony Normed Fit Index (PNFI) 0.605
Bollen's Relative Fit Index (RFI) 0.861
Bollen's Incremental Fit Index (IFI) 0.931
Relative Noncentrality Index (RNI) 0.931

Information criteria

Value
Log-likelihood —3737.745
Number of free parameters 30.000
Akaike (AIC) 7535.490
Bayesian (BIC) 7646.703
Sample_size adjusted Bayesian (SSABIC) 7551.560

Other fit measures ¥

Metric Value
Root mean square error of approximation (RMSEA) 0.092
RMSEA 90% CI lower bound 0.071
RMSEA 90% Cl upper bound 0.114
Standardized root mean square residual (SRMR) 0.060

=00 129.9290
Hoelter's critical N (o« = .01) 152.654
Goodness of fit index (GFI) 0.996
McDonald fit index (MFI) 0.903

Expected cross validation index (ECVI) 0.483




e Confirmatory Factor Analvsis

Mplus | JASP

r.
9
r's
1 0.6 8 )
/ : ‘(-)/48
L0.72
rs
57— mm oo » x7 [0,
0.57 X ‘0/68
0.84
.
0.86 > x5 [0)27
1085
T x4 ‘6'327
rs
0.58 > x3 ‘Q/.SG
_0.42\h
&~
2
0.77_“\ ) X '0/.82

x1

©

0,40
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MODEL RESULTS

Estimate
X3 O
%1 0.361
X2 0.220
x4 O
X1 0.358
X2 0.04a
X [wic)
X1 0.300
x4 WITH
X3 -0.020

CONFIDENCE INTERVALS OF TOTAL, TOTAL INDIRECT,

LowWer

Effects from X1 to X4

Two—-Tailed
5.E. Est./S.E. P-Value
.048 T.337 0.000
L0586 3.8e2 Q.000
L0685 5.548 Q.000
.071 0.640 0.522
.057 5.282 Q.000
.058 -0.347 0.728

.5% Lower 2.5%

Lower 5%

-0.023

Estimate

0.014 0.044

e Mediation modelling

Upper 5% Upper 2.3%

0.051

0.037

0.066

.36

Indirect -0.031 -0.030
Effects from X1 to X3
Indirect g.022 0.031
x1 .30

.36

~“Hj’ﬂH——’#ﬂpﬂfrﬂ,.,;;‘:::::::::;j’
ﬁHHHH%ﬁﬁHhhmﬁmﬁaifi:i::::i:::::‘

Mplus | JASP

SPECIFIC INDIRECT, AND DIRECT EFFECTS

Upper .o5%

0.066

0.107 0.113 0.124

x3

x4

«— R 106

Path coefiicients ¥

95% Confidence Interval

Esfimate Std. Error z-value p Lowrer Upper
x2 — %3 0.220 0.050 4 3838 = 001 011 0.326
x1 — %3 0361 0.051 7.083 = 001 0.258 0.457
ue — ¥4 0.048 0.055 0.825 0.408 -0.082 0.185
x1 —= ¥4 0.358 0.056 6.415 = 001 0.247 0.499
®1 — %2 0.300 0.056 A.403 = 001 0.195 0.418

MNote. Delta method standard errors, bias-corrected percentile bootstrap confidence intervals,
ML estimator.

Indirect efiects

95% Confidence Interval

Estimate Std. Error 7-value i Lower Upper
i —  x2 - x3 |[_0065 1 0019 3302 <.001 [ 0032 0.115 |
X1 = x2 - x4 [UUTA—] 0017 0816 0414 [002% _ 0055

Naote. Delta method standard errors, bias-corrected percentile bootstrap confidence intervals, ML estimator.

g:0.97';>
X3
0.36 ///////9'22//////////////21
/”‘A /
14 x1 0.3 13— x2 -0.02
[ \ | e
0.36 \\\\\\\b.OQ\\\\\\\\\\\\\\H&
x4

N

1.2
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e Longitudinal/Growth models — SEM

40



e Longitudinal Growth Models — SEM

MODEL FIT INFORMATIOMN

Number of Free Parameters 1z
Loglikelihood
l50 value -7952.058 |
Hl1 Value -TEBBR. 567
Information Criteria
Bkaike (RIC) 1539828.11s
Bayesian (BIC) 159E86.164
Sample—-Size Adjusted BIC 150948.033
n* = (n + 2) / 24)
Chi-Sguare Test of Model Fit
Value 170.882
Degrees of Freedom 23
BE-Value 0.0000
BEMSER (Root Mean Sguare Error Of Rpproximation)
Estimate 0.083
90 Percent C.I. 0.072 0.095
Probakbility BMSER <= .05 0.000
CFI/TLI
CFI 0.824
TLI 0.839

Chi-Square Test of Model Fit for the Baseline Model

Value
Degrees of Freedom
B-Value

Ee2.101
21
0.0000

SEMR (Standardized Root Mean Sguare Residual)

Value

0.120

Mplus | JASP

Additional Fit measures

Fit indices
Index Value
Comparative Fit Index (CFI) 0.824
Tucker-Lewis Index (TLI) 0.839
Bentler-Bonett Non-normed Fit Index (NNFI) 0.839
Bentler-Bonett Normed Fit Index (NFI)
Parsimony Normed Fit Index (PNFI) 0.878
Bollen's Relative Fit Index (RFI)
Bollen's Incremental Fit Index (IFI) 0.823
Relative Noncentrality Index (RNI) 0.824
Information criteria
Value
[Log-likelihood -7952.058]
Number of free parameters 12.000
Akaike (AIC) 15928.116

Bayesian (BIC)
Sample-size adjusted Bayesian (SSABIC)

Other fit measures

15986.164
15948.053

Metric

RMSEA 90%% Cl lower bound
RMSEA 90%% Cl upper bound

RMSEA p-value

Root mean square error of approximation (RMSEA)

0.083
0.072
0.095
1 5908%10=6

Standardized root mean square residual (SRMR)

Hoelter's critical N (ox = .05)

Hoelter's critical N (x = .01)
Goodness of fit index (GFI)

McDonald fit index (MFI)

Expected cross validation index (ECVI)

0.108
192.460
227.657

0.989

0.924

0.209




e Longitudinal Growth Models — SEM

Mplus | JASP

Parameter estimates

Latent curve

5 WITH X
I 4.020 1.458 2.758 0.006 95%% Confidence Interval
Component Parameter  Estimate  Std. Error  z-value p Lower Upper
Heans | Vari 47.603 6.538 7.281 001  34.788  60.417
I 35.736 0.384 03.114 0.000 ntercept ariance : : : <- : :
= 4919 9,099 47 764 9.000 Mean 35.737 0.384 93.113 < .001 34.984 36.489
: : : : Linear slope  Variance 0.031 0.419 0.074 0.941 -0.789 0.852
Mean 4219 0.099 42 763 < 001 4 025 4412
Latent covariances
95%% Confidence Interval
Variances .
T 47.508 ET 7 980 0.000 Estimate  Std. Error z-value p Lower Upper
s 9031 9.418 2.074 9.841 Intercept  «»  Linearslope  4.019 1458  2.757  0.006 1.162 6.877
Eesidual Variances
MLTHZ 6d.a87 T7.521 B.070 0.000
MLTH3 50.842 5.025 10.118 0.000 Residual variances
MZTH4 3B.6a7 4,188 §.211 0.000
MRTHS 27.875 3.664 7.554 0.000 95%% Confidence Interval
MATHE 22.183 3.6E2 6.020 0.000 Variable  Estimate  Std. Error  z-value p Lower Upper
MLTHT 32.152 0.1a8 5.212 2.000
MATHE 389,881 B.355 4,783 Q.000 math?2 60.694 7.521 8.070 < .,001 45.954 75.434
math3 50.842 5.025 10.118 < .001 40.993 60.690
math4 38.666 4.198 9.211 < .001 30.439 46.894
math5 27.673 3.663 7.554 <.001 20.493 34.853
math6 22.166 3.682 6.020 < .001 14.949 29.382
math7 32.151 6.168 5.212 < .,001 20.062 44241
math8 39.956 8.354 4,783 < ,001 23.583 56.330




e Longitudinal Growth Models — SEM
Mplus | JASP

R-Squared ¥
R-SQUARE Variable R?

Cbserved Two—Tailed
Variable Estimate S.E. Est./S.E. P-Value math2 0.440

math3 0.523
MATHZ 0.440 0.056 7.855 0.000 math4 0.623

TF i i i jx] f i e

o o nm o
MATHS 0.722 0.030 24._ 464 0.000 math6 0.784
MATHG 0.784 0.033 24.070 0.000 math7 0.734
METHT 0.734 0.043 17.031 0.000 math8 0.708
MATHE 0.708 0.053 13.402 0.000
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