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Walkthrough for Illustrations

Illustration 1

File Name

Comment

Simulated_DData.csv

Contains simulated data of 2000 individuals. Group = 1 represents
the reference group (N = 1000); Group = 2 represents the focal group
(N =1000); 11 to 115 represents items 1 to 15.

See the simulated item parameters below (Table 8 in paper).

Simulated_DData.irtpro

IRTPRO syntax file

Simulated DData.SSIG

IRTPRO data file (converted from the .csv file)

Simulated DData.ModelO-irt

Model 0 Output — Simultaneous estimation (no constraints)

Simulated_DData.Model1-irt

Model 1 Output — Fully constrained model

Simulated_DData.Model2-irt

Model 2 Output — Testing anchor items with two-step procedure

Simulated DData.Model3-irt

Model 3 Output — Testing non-anchor items for DIF

Simulated DData.Model4-irt

Model 4 Output — Further testing non-anchor items for DIF

Table 8. Illustration 1: Simulated item and theta parameters

Group =1 (0ean =0, 0sp = 1) Group = 2 (0nean =0.2, 0sp = 1)

A Y a b A Y a b Type of DIF
1 0.90 -0.26 2.06 -0.29 0.90 -0.26 2.06 -0.29
2 0.66 -0.06 0.88 -0.09 0.66 -0.06 0.88 -0.09
3 0.83 -0.42 1.49 -0.51 0.43 0.08 0.48 0.19 Large ab DIF
4 0.71 -0.14 1.01 -0.20 0.71 -0.14 1.01 -0.20
5 0.77 -0.37 1.21 -0.48 0.77 -0.37 1.21 -0.48
6 0.68 -0.34 0.93 -0.50 0.68 -0.34 0.93 -0.50
7 0.58 -0.48 0.71 -0.83 0.18 0.02 0.18 0.11 Large ab DIF
8 0.80 -0.07 1.33 -0.09 0.80 -0.07 1.33 -0.09
9 0.85 -0.3 1.61 -0.35 0.85 -0.3 1.61 -0.35
10 0.85 -0.48 1.61 -0.56 0.85 -0.48 1.61 -0.56
11 0.82 -0.27 1.43 -0.33 0.42 0.23 0.46 0.55 Large ab DIF
12 0.8 -0.26 1.33 -0.33 0.8 -0.26 1.33 -0.33
13 0.85 -0.03 1.61 -0.04 0.85 -0.03 1.61 -0.04
14 0.84 -0.14 1.55 -0.17 0.84 -0.14 1.55 -0.17
15 0.86 -0.27 1.69 -0.31 0.46 0.23 0.52 0.50 Large ab DIF




STEP 1: Creating SSIG file (IRTPRO data file)

A. Click on “Start New Project”

IRTPRO

File View Help

DEE 2R &7

IRTPRO

Flexible Professional ltem Response Theory Modeling for Patient-Reported Outcomes

) Start New Project IRTPRO Guide
— Import Data @ Connect to SSI website

@ Online help for IRTFRO

B. Select the data file. In this case, we have “Simulated DData.csv” as our raw data. Then click “OK”

New File =)

Eile types: |

IRTPRO Command
IRTPRO Data

[V Import from other statistical data file:

I Simulated_DData.cav J

0K I Cancel |




C. We have 17 variables here: “ID”, “Group”, and 15 item responses. Also we have our “Variable
names at the top of the file”. Click “OK”

Mumber of variables: I 17 j ok I

V¥ Variable names at top of file Lcell

D. Check that the data is correctly read in.

IRTPRO - [IRTPRO Data Filel
5 File Edit Data Manipulate Graphics  Analysis  View Window Help

S EIEECERD

D Goww | o0 | 2 | w1 | o | s | .
1 1 0 0 0 0 0 0
I EE 1 " 1" 1 1 1" 1
E 1 1 1 1 0 0 n
FE 1 0 0 n 0 0 n
5 |5 1 0 1 n 0 1 1
& |5 1 1 1 1 1 1 1
77 1 0 0 n 0 0 n
BE 1 0 0 n 1 0 1
1 |g 1 0 0 n 0 0 n
10 |10 1 1 1 1 1 1 1
1|1 1 1 1 1 1 1 1
12 |1z 1 " 1" 1 1 1" 1




STEP 2: Analyze data using simultaneous estimation (i.e., simultaneous calibration) of both groups
(Model 0)

A. Because we are conducting a unidimensional IRT analysis, we select: Analysis > Unidimensional
IRT...

IRTPRO - [IRTPRO Data Filel

5 File Edit Data Manipulate Graphics |Ana|3,rsis View Window Help

O = E | .;'l*il:- E | % ? | Traditional Summed-5core Statistics...
I} Group | 1 Unidimensional IRT... 15 I
i .'l _D Multidimensional IRT... _U
|2 _1 _1 IRT Scoring... 1
3 3 1 1 0
4 4 '.] .D Advanced Options... 0
5 5 4 n ¥ Show Progress Box 1
5 | 1 1 1 1 1 1 1
77 1 0 0 0 0 i 0
5 s 1 0 i i 1 i 1
3 |s 1 0 i i 0 i 0
10 |10 1 1 1 1 1 1 1
1 |n 1 1 1 1 1 1 1
B. Optional: You can fill in the “Title” for the analysis and “Comments” to keep track of what model

you specify.

*Note: You do not need to select the data file as that is already selected even though it appears blank

Data File:l J Read file |

Test1 |

Description 'Group || tems || Models || Scoring |

'I_"rtle:\
I

Comments:




C. In the “Group” tab, add the “Group” variable to the “Group:” box. The tells IRTPRO that there are
multiple groups ( >=2) in the data.

Test1 |
| Description | Group ' ltems ||Models||5coringl

List of variables: Group: X |

D - 4+
il

12 Ad 7
13

14
15
16
17
18
15
o
111
2 i
] i 3

m

*Note: The first group is automatically selected as the “reference” group as shown in the “check box”.

Test1 |
| Description | Group I ttems I|I'H'Indelsl|5curingl

List of variables: Group: *

[« ]»

:

=
m

12 — [Ref] Name| Group
0 V16l o 1

~

1 L1G2 2

4 I 3




D. Inthe “ltems” tab, we select all the item variables into the “Items:” box. This tells IRTPRO which
items we want to analyze

Test! |

| Description ||Group| ltems IModeIs”Scoringl

Group
Grouping value: I[G” i ;I

List of variables: ftems: x |

i ﬂ
L Add >>§| 7

n

1 3 Apply to all groups

Then we click on “Apply to all groups”. This tells IRTPRO that the same set of items were administered
across both groups (Group 1 and Group 2).

After clicking “Apply to all groups”, a box will appear “Previous settings will be lost. Do you want to
continue?”. Click “Yes”

Test1 |

|Desc:'iptiun||Group| ltems 'Mudels”Scuringl

Group
Grouping value:; I[G-” 1 ;I
List of varables: ftems: Pt
|D -~ H - +
I r 12 M
12 13 +
13 L fidd 3> | 14 = —
14 I 15
15 |6
1§ |7
17 18
I8 I9 i
13 a i b
iy ¥
P 1 P




E. In the “Models” tab, we can specify which items to test for DIF and which items (and item
parameters) to constrain as equal across groups. For the first analysis, we do not need to specify and
DIF analysis or constraints. We note that because the data are dichotomous the model is “2PL” by

default.
Test1 |
|Desmptinnl|Gmup || ttems | Models IScuringl
Group
Grouping value: [G1]1 -
[tem List Cﬁegnﬁ&s|[)ﬁaﬂnd&s|lm5m&a| Model | -
2 0.1 0.1 2PL
12 2 0.1 0.1 2PL
13 2 0.1 0.1 2PL
14 2 0.1 0.1 2PL
15 2 0.1 0.1 2PL
16 2 0.1 0.1 2PL
17 2 0.1 0.1 2PL
18 2 0.1 0.1 2PL -
Constraints. .. | DIF... | Apply to all groups

F. In the “Scoring” tab, we do not need to do anything as we are not interested in scoring participants.
However, if one is interested to do so, one should specify the “Person ID”, select the type of scoring
method: “EAP” or “MAP scores”. The results of EAP or MAP are quite similar and “EAP” is used
more often.

Test! |

|Descriptiunl|Gmup || ftems ||I'U'Iudels| Scoring |

. Compute response pattem
Person |D: -
[~ Create summed-score to scale conversion table [T Score persons
— Scaling

[ Integer scores Mean: |[|. Standard deviation: |-|
[ Minimum: I [~ Maximum: I

Scalein: % Population distibution
™ Sample distribution




G. Finally, to obtain the overall fit statistics (i.e., M, and RMSEA), we will need to go into “Options”
Data File: I | Read file |

Test! |

|Description||Group || ftems ||Mode|5| Scoring |

Compute response pattem
I~ Person ID:
- I ;I [~ EAP [~ MAP scores
I Create summed-score to scale conversion table I Score persons
— Scaling

[™ Integer scores Mean: |[|. Standard deviation: |-|
[~ Minimum: I [~ Magmum: I

Scalein: ¢ Population distribution
" Sample distrbution

oK I Cancel | Run |

In the “Options” menu, select the “Miscellaneous” tab. Check the “Compute limited-information overall
model fit statistics”. Note. when checking this box, a text box will appear warning that this can take a long
time: “This can take a long time if the number of items and/or dimensions is large.” Click “OK”.

[ .
Advanced Options g
|| Test [Test: | apply to all tests |

| Estimation ||Starling Values || Priors | Miscellaneous ' Save | Simulate |

Number of decimal places in tabular listings: -
B -

Number of processors: |4 _Ij

[ Prirt table of standardized residuals

¥ Compute Chen-Thissen LD and item fit statistics
| Compute limited-information overall model fit statistics\

[™ Print each item's goodness of fit frequency table

Minimum expected value: |1

[™ Frint factor loadings
V¥ Print parameter numbers
¥ Print diagnostic information

[~ Print dump file = Priet fuill dump file

QK I Cancel | Apply |

Then “Apply” and “OK”

H. After specifying all the necessary model information we can “Run” the analysis.



Unidimensicnal Analysis

gamFiIe:I Read file |

Test1 |

|Dew‘pt|on||GmLp I| ltems I|Models| Scoring |

Compute response pattem

[~ Person ID: | 'l ’7 [~ EAP [ MAP scores

[ Create summed-score to scale conversion table ™ Score persons

—Scaling

[~ Integer scores Mean: Iu Standard deviation: |1
| Minimum: I O Mazdmurm: I

Scalein: ' Population distribution
" Sample distribution

OK Cancel Run d’\




STEP 3: Interpreting output (for Model 0)

The output will be produced in a html format...

IRTPRO Version 2.1
Output generated by IRTPRO estimation engine Version 4.54 (32-bit)

Project:

Description:

Date: 28 May 2014
Time: 09:51PM

Table of Contents
2PL Model ltem Parameter Estimates for Group 1, logit: 88 + ¢ or a(8 — &)

Factor Loadings for Group 1

Summed-Score Based ltem Diagnostic Tables and X2s for Group 1

2PL Model ltem Parameter Estimates for Group 2, logit. a8 + c or a(8 — b)
Factor Loadings for Group 2

Summed-Score Based ltem Diagnostic Tables and X2s for Group 2

Group Parameter Estimates

Iarginal fit (¥%) and Standardized LD XZ Statistics for Group 1

Iarginal fit (%) and Standardized LD %= Statistics for Group 2

Iterm Information Function Values for Group 1 at 153 Values of 8 from -2.8t0 2.8
Item Information Function Values far Group 2 at 15 Values of 8 from -2.8t0 2.8
Likelinood-based Values and Goodness of Fit Statistics

Summary of the Data and Control Parameters

Overview:

Content

Comment

-2PL model item parameter estimates for Group 1
-2PL model item parameter estimates for Group 2

2PL item parameter estimates for Groups 1 and 2

-Summed-Score Based Item Diagnostic Tables and
¥’s for Group 1
-Summed-Score Based Item Diagnostic Tables and
x’s for Group 2

This shows the “S- y*” where we can examine
individual item fit

-Marginal fit (x°) and standardized LD y? statistics
for Group 1
-Marginal fit (x) and standardized LD ¥ statistics
for Group 2

This shows the standardized LD y statistics we can
examine violations of unidimensionality for pairs
of items

-Likelihood-based values and goodness of fit
statistics

This shows the M, and RMSEA value. We can also
obtain different information criteria.

-Factor loadings for Group 1
-Factor loadings for Group 2

We specified “Factor Loadings” in the “Options”
tab in Step 2G. This produces factor loadings.

-Group parameter estimates

This shows the estimated focal group latent trait
distribution (mean & SD). The reference group is
usually constrained as N(0,1).

-Item information function values for Group 1
-Item information function values for Group 2

This is the discretized information function for
items

-Summary of the data and control parameters

This displays what data were analyzed and
estimation information




Some things to note when interpreting the output...
A. The IRTPRO item parameter estimates are:

1
1+ exp[—a;‘(ej - bi)]
Because we simulated item parameters in with a scaling factor of “1.702”

1
1+ exp[—1.702a;(6; — b;)]
The IRTPRO item parameter estimates for the a-parameter (a;) is our simulated item
parameter a; multiplied by 1.702

2PL Model ltem Parameter Estimates for Group 1, logit: a8 + cor a6 — b) (Back to TOC)

Item Label a se. C s.e b se.
1 11 2 327 027 1 1M 018 -0.34 0.05
2 12 4 145 012 2 D22 0.10 -0.15 0.06
3 13 & 267 022 © 1558 017 -0.58 0.05
4 14 g8 180 015 7 033 0.1 -0.17 0.06
5 15 0 213 047 2 114 0.14 -0.54 0.05
G 16 12 174 014 11 096 012 -0.55 0.06
7 I7 14 118 041 12 1.00 0.08 -0.85 0.09
8 18 1% 210 016 15 041 012 -0.18 0.05
9 19 18 278 023 17 147 017 -0.42 0.05
10 110 o 267 023 18 177 018 -0.66 0.05
11 111 2z 263 022 21 116 016 -0.44 0.05
12 112 24 2725 018 22 0.90 013 -0.40 0.05
13 113 2% 304 025 25 024 015 -0.08 0.05
14 114 & 255 020 27 0463 014 -0.25 0.05
15 115 30 243 020 2@ 107 0.15 -0.44 0.05

Here, we see that multiplying the simulated a-parameter by 1.702 leads produces values similar
to the IRTPRO estimates. We also need to check that the s.e’s for the items are small showing
that the estimates are fairly accurate.

a b a*
1 2.06 -0.29 3.51
2 0.88 -0.09 1.50
3 1.49 -0.51 2.54
4 1.01 -0.20 1.72
5 121 -0.48 2.06
6 0.93 -0.50 1.58
7 0.71 -0.83 1.21
8 1.33 -0.09 2.26
9 1.61 -0.35 2.74
10 1.61 -0.56 2.74
11 1.43 -0.33 2.43
12 1.33 -0.33 2.26
13 1.61 -0.04 2.74
14 1.55 -0.17 2.64
15 1.69 -0.31 2.88



B. The S- 4 statistic shows the fit of each individual item. We hope to see that the modeled
and the observed frequencies are not significantly different, implying that there is
good/reasonable model-data fit. There may be several items that show misfit but a majority
of the items should fit well for the specified IRT model. Otherwise, a different model
should be considered.

Summed-5core Based Item Diagnostic Tables and X2s for Group 1 (Back to TOC)

5-%2 Item Level Diagnostic Statistics

[tem Label w2 df  Probability
1 11 9.88 12 062749
2 12 8.45 13 0.8136
3 13 5.98 13 07751
4 14 9.81 13 0.7100
5 15 21.41 13 0.0651
6 IG 10.11 13 0.6860
7 I7 7.22 13 0.8808
8 18 7.63 13 0.8672
g 19 10.88 13 06222
10 110 15.56 13 0.2729
11 111 10.84 13 0.6251
12 112 16.30 13 02328
13 113 6.78 12 0.8721
14 114 9.09 13 0.7671
15 115 11.88 13 0.5386

C. Group parameter estimates show the estimated latent trait mean and variance (and sd) for
the reference group. In this case G1 is the reference group which has the mean and sd fixed
at 0 and 1, respectively.

Group Parameter Estimates (Back to TOC)

Group Label 7] 5.e.
1 G1 0.00 eees 1.00 eees 1.00 eees
2 G2 81 042 027 82 160 043 82 126 0.19

S
]
m
0
]
1el




D. The standardized LD y” statistics we can examine violations of unidimensionality for pairs
of items. Generally, absolute values smaller than 3 indicate good fit. IRTPRO differentiates
the magnitude of the standardized LD y* using different shades of colors. Red represents
negative associations beyond the single latent trait; blue represents positive associations
beyond the single latent trait. Brighter colors indicate larger magnitudes.

Marginal fit (%°) and Standardized LD X? Statistics for Group 1_(Back to TOC)

Marginal

Item Label 2 1 2 3 4 5 ] 7 g 9 10

1 11 0.0

2 12 0.0 -0.7

3 12 0.0 0.3 -0.7

4 14 0.0 -0.7 -0.7 -0.6

5 15 0.0 -0.7 -0.7 -0.0 -0.7

B 16 0.0 -0.6 -0.7 -0.7 ns -0.5

7 I7 0.0 0z -0.6 -0.6 -0.7 -0.7 -0.7

] 18 0.0 -0.7 -0.7 02 -0.6 -0.5 03 -07

g 19 0.0 -0.5 -0.6 -0.7 -0.4 -07 -0.4 0.6 -07

10 ] ] -0.3 -0.7 -0.6 04 -07 -0.6 -0.6 -0.6 07

11 11 0.0 -0.7 -0.6 -0.6 -0.5 -0.7 -07 -0.6 -07 -0.6 -0.7
12 2 ] -0.6 -0 -0.7 -0.5 ] -07 -07 07 -05 03
13 13 0.0 07 -0.7 -0.6 -07 -0.5 03 -0.5 -07 -0.6 -0.7
14 14 ] -0.7 -0.4 -0.5 01 -0.5 -0.5 -0.4 -0.3 1.0 -0.7
15 15 0.0 -0.6 -0.5 -0.3 -0.6 -07 01 01 17 -0.7 -0.7

Marginal

Item Label Ve 11 12 13 14

11 11 0.0

12 Hz 0.0 -0.6

13 13 0.0 -0.2 0.5

14 14 0.0 0.9 0.3 -0.7

15 115 0.0 -0.6 0.0 -0.2 -0.3

E. The likelihood-based values and GOF statistics show the AIC, BIC, M,, and RMSEA for the fitted
model

Likelihood-based Values and Goodness of Fit Statistics (Back to TOC)
Statistics based on the loglikelinood

-2laglikelinood: 30501.02

Akaike Information Criterion (AIC): 30625.02

Bayesian Information Criterion (BIC). 30972.28

Statistics based on the full item x item x ... classification

The table is too sparse to compute the general
multinomial goodness of fit statistics.

Statistics based on one- and two-way marginal tables
- Degrees

e of freedom
153.27 178 0.9101 0.00

Mote: Mo is based on full marginal tables.

Probability RIMSEA

Mote: Model-based weight matrixis used.




STEP 4: Analyze data using simultaneous estimation (i.e., simultaneous calibration) of both
groups: Constraining item parameters to be equal across groups (Model 1)

Follow the same procedure in STEP 2 (A) through (H).

For part (E), click on “Constraints”

Test1 |
|Descrip’r.ior1l|Group || ftems | Models 'Scnringl
Group
Grouping value: I[G-I] 1 ;I
ftem List | Categories | Data Codes | ltem Scores| Model | -
2 0.1 01 2PL
12 2 0.1 01 2PL
T 2 0.1 01 2PL
Y 2 0.1 0.1 2PL
T 2 0.1 0.1 2PL
T 2 0.1 01 2PL
T 2 0.1 01 2PL
s 2 0.1 01 2PL v|
Constlairrts...g DIF... I Apply to all groups
TNy

Click on “Set parameters equal across groups” > OK

e
@

Group: Group

Set parameters equal across groups

Then “RUN”

This produces a model in which all items are constrained to be equal across groups.



STEP 5: Analyze data using simultaneous estimation (i.e., simultaneous calibration) of both
groups: Testing all items for DIF using two-step procedure (Model 2)

Follow the same procedure in STEP 2 (A) through (H).

For part (E), click on “DIF”

Test1 |

| Description [“Group [|| ltems | Models lScoring"

Group
Grouping value: |[G1] 1 j
ltem List Categories | Data Codes | ltem Scores Model &
I : 0.1 0.1 2PL
12 2 0.1 0.1 2PL
13 2 0.1 0.1 2PL
14 2 0.1 0.1 2PL
15 2 0.1 0.1 2PL
16 2 0.1 0.1 2PL
17 2 0.1 0.1 2PL
18 2

0.1 0.1 2PL hd
Constraints... | DIF...K Apply to all groups

Select “Test all items, anchor all items” > OK

il
DIF Analysis R — (-

{* Test all items, anchor all items. \
(" Test candidate items, randomized group®:

(" Test candidate items, estimate group difference with anchor items:

x

| | - I
Group
12 l

m

Ii1 N
I12
I13 -
I 4| n b
l OK | Cancel

Then “OK” > “RUN”

This produces a model in all items are tested for DIF using a two-step procedure. In the first step,
all items are assumed to be invariant to estimate focal group latent trait mean and SD. Then, in the
next step, all items are freely estimated and focal group latent trait mean and SD are set at the
previously estimated values.



In this model, we see that the latent traits are not estimated but fixed. No standard errors are
produced for the focal group (Group 2).

Further, we examine the p-values for the Wald ° statistic that tests the difference between
reference and focal group item parameters (a* & b). We select items that do not have significant
DIF as “anchor items” for our next model (alpha = .05). This includes items 1, 4, 5, 6, 9, 10, 13,
&14.

Group Parameter Estimates (Back to TOC)

Group Label U e e e a EX-)
1 G1 0.00 —emes 1.00 —meen 1.00 —eeee
2 G2 -0.08 —emee 0.50 —neen 071 —eaee

DIF Statistics for Graded ltems (Back to TOC)
tem numbers in:

Group1  Group2  Total X2 df D 32, df D Xya df o
1 1 35 2 | 01744 34 1 D.0B636 0.1 1 0.7966
2 2 9.7 2 | 00077 9.2 1 0.0025 0.6 1 0.4542
3 3 55.6 2 | o0.0001 34.0 1 0.0001 21.6 1 0.0001
4 4 55 2 | 0.0640 5.1 1 0.0233 0.4 1 05535
5 5 2.1 2 | 03557 2.0 1 01575 0.1 1 0.7980
B B 1.0 2 | 06099 0.0 1 09014 1.0 1 0.3241
7 7 70.4 2 | o.0001 30.2 1 0.0001 40.2 1 0.0001
8 g 8.9 2 | 00118 7.1 1 0.0077 18 1 01841
g g 49 2 | 00879 2.0 1 01615 2.9 1 0.0900
10 10 5.0 2 | 00803 17 1 0.1940 33 1 00672
11 11 52.8 2 | o0.0001 3T 1 0.0001 21.1 1 0.0001
12 12 75 2 | 0023 34 1 0.0644 4.1 1 0.0425
13 13 2.9 2 | 02357 0.6 1 04442 23 1 01300
14 14 18 2 | 040732 18 1 01861 0.0 1 08324
15 15 48.9 2 | o0.0001 297 1 0.0001 19.2 1 0.0001




STEP 6: Analyze data using simultaneous estimation (i.e., simultaneous calibration) of both
groups: Using anchor items found in Model 2 (Model 3)

Follow the same procedure in STEP 2 (A) through (H).

For part (E), click on “DIF”

Test1 |
| Description ||Group || ltems | Models 'Scoringl
Group
Grouping value: I[G” 1 ;I
lem List | Categories | Data Codes | tem Scores|  Model | -
2 0.1 0.1 2PL
12 2 0.1 0.1 2PL
k! 2 0.1 0.1 2PL
L 2 0.1 0.1 2PL
s 2 0.1 0.1 2PL
s 2 0.1 0.1 2PL
|7 2 0.1 0.1 2PL
s 2 0.1 0.1 2PL B4
Constraints... I DIF...K Apply to all groups

Select “Test candidate items, estimate group difference with anchor items”

Drag all anchor items to the “Anchor items:” box. And all items into “Candidate items:” box.

L -

" Testallitems, anchor all items.
™ Test candidate items, randomized groups:
¥ Test candidate items, estimate group difference with anchor items: \

List of variables: Candidate items: w |

Il -

I2

() |

14 Add = |
I5
Io
17
I3

A
P
Anchor items: > |
110
-~
Al
P.

-~

(4

._.
s
m

11 Il
112 14

113 I5
= B Add = | 16

115 I3

4

Garoup contrasks. ., | OK I Cancel |




Then “OK” > “RUN”
This tests for a model in which non-anchor items are tested for DIF.
As shown below, we find the focal group trait mean and SD estimated using the anchor items.

Further, the DIF statistics show that there are a number of non-anchor items that do not have
significant DIF (alpha = .05). These include items 2, 8, & 12. We add these as our anchor items at
the next step.

Group Parameter Estimates (Back to TOC)

Group Label v} ze o< Ze a e
1 51 0.00 —emee 1.00 —emee 1.00 —eees
2 G2 45 013 005 4 089 010 <& 094 0.05

DIF Statistics for Graded ltems (Back to TOC)
Item numbers in:

Group 1  Group2  Total X2 df o X2, df o Xge df o
1 1 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
2 2 0.4 2 0.8358 0.3 1 0.5578 0.0 1 0.9026
3 3 118.4 2 0.0001 h4.5 1 0.0001 G3.9 1 0.0001
4 4 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
5 5 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
i} i} 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
7 7 1091 2 0.0001 455 1 0.0001 G3.6 1 0.0001
g g 1.3 2 0.5279 1.2 1 0.2718 01 1 0.7933
g g 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
10 10 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
11 11 138.9 2 0.0001 548 1 0.0001 841 1 0.0001
12 12 26 2 0.2719 1.8 1 01772 0.8 1 0.3767
13 13 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
14 14 0.0 2 1.0000 0.0 1 1.0000 0.0 1 1.0000
15 15 128.0 2 0.0001 502 1 0.0001 73.8 1 0.0001




STEP 7: Analyze data using simultaneous estimation (i.e., simultaneous calibration) of both
groups: Using anchor items found in Model 3 (Model 4)

Follow the same procedure in STEP 6 (A) through (H).

Select the anchor items: 1,2,4,5,6,8,9,10,12,13,14. Test all the other items for DIF.

As shown in the output below, we find that all the non-anchor items have significant DIF. The
iterative procedure ends at this point.

DIF Statistics for Graded Items (Back to TOC)
Item numbers in:

Group1  Group2  Total X2 df [ 2 daf o X ya df o
1 1 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
2 2 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
3 3 1247 2 | o0.0001 58.1 1 0.0001 f.6 1 0.0001
4 4 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
5 5 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
B 6 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
7 7 111.3 2 | 0.0004 47.6 1 0.0001 537 1 0.0001
8 8 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
9 g 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
10 10 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
11 11 149.8 2 | o0.0001 57.8 1 0.0001 92.0 1 0.0001
12 12 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
13 13 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
14 14 0.0 2 | 1.0000 0.0 1 1.0000 0.0 1 1.0000
15 15 139.7 2 | o000 52.4 1 0.0001 87.2 1 0.0001




10

11

12

13
14

15

a
2.06
0.88

1.49

1.01

121
0.93

0.71
1.33
1.61
161

1.43

1.33

161
1.55

1.69

Illustration 2

File Name

Comment

Simulated PData.csv

Contains simulated data of 2000 individuals. Group = 1 represents
the reference group (N = 1000); Group = 2 represents the focal group
(N =1000); 11 to 115 represents items 1 to 15.

See the simulated item parameters below (Table 8 in paper).

Simulated_PData.irtpro

IRTPRO syntax file

Simulated_PData.SSIG

IRTPRO data file (converted from the .csv file)

Simulated PData.ModelO-irt

Model 0 Output — Simultaneous estimation (no constraints)

Simulated PData.Modell-irt

Model 1 Output — Fully constrained model

Simulated_PData.Model2-irt

Model 2 Output — Testing anchor items with two-step procedure

Simulated_PData.Model3-irt

Model 3 Output — Testing non-anchor items for DIF

Simulated PData.Model4-irt

Model 4 Output — Further testing non-anchor items for DIF

Simulated PData.Model5-irt

Model 5 Output — Further testing non-anchor items for DIF using
different contrasts

Table 10. Hlustration 2: Simulated item and theta parameters

Group 1 (emean = 0; 9Sd = 1)

bi b2 b3 b4
-1.34 063 -029 047
-215 -0.76 -0.09 1.68

-204 -118 -051 0.77
-1.80 -0.65 -0.20 0.86

-2.03 -106 -0.48 0.70
-253 -124 -050 1.03

-298 -162 -0.83 0.62
-148 -053 -0.09 0.96
-1.85 -092 -035 0.84
-1.81 -1.07 -056 0.39

-1.85 -089 -033 0.88
-1.89 -0.79 -0.33 0.70

-1.40 -045 -0.04 101
-1.61 -064 -0.17 0.95

-153 -0.72 -0.31 0.56

a
2.06
0.88

0.48

1.01

1.21
0.93

0.18
1.33
1.61
1.61

0.90

0.66

161
1.55

0.90

b4
0.47
1.68

1.37
0.86

1.35
1.03

1.48
0.96
0.84
0.39

1.18
0.70

131
0.95

Group 2 (0ean =0; 0,4 = 1) Group 3 (0yean = -.30; 0,4 = 1)
Type
bl b2 b3 b4 of DIF a bl b2 b3
-1.34 -0.63  -0.29 0.47 2.06 -1.34 -0.63 -0.29
-2.15 -0.76  -0.09 1.68 0.88 -2.15 -0.76  -0.09
Large
-1.43 -0.58 0.10 1.37 ab DIF 0.48 -1.43 -0.58 0.10
-1.80 -0.65 -0.20 0.86 0.33 -1.80 -0.65 -0.20
-2.03 -1.06 -0.48 0.70 121 -1.38 -0.42 0.17
-2.53 -1.24  -0.50 1.03 0.93 -2.53 -1.24  -0.50
Large
-2.12 -0.76 0.03 1.48 ab DIF 0.18 -2.12 -0.76 0.03
-1.48 -0.53 -0.09 0.96 1.33 -1.48 -0.53  -0.09
-1.85 -0.92 -0.35 0.84 161 -1.85 -0.92 -0.35
-1.81 -1.07 -0.56 0.39 1.61 -1.81 -1.07  -0.56
Small
-1.55 -0.59 -0.02 1.18 ab DIF 0.90 -1.55 -0.59 -0.02
Small a
-1.89 -0.79  -0.33 0.70 DIF 0.66 -1.89 -0.79  -0.33
Small b
-1.11 -0.15 0.26 1.31 DIF 1.61 -111 -0.15 0.26
-1.61 -0.64 -0.17 0.95 1.55 -1.61 -0.64 -0.17
Small
-1.24 -0.43 -0.02 0.85 ab DIF 0.90 -1.24 -0.43 -0.02

0.85

Small ak
DIF
Small a
DIF
Small b
DIF

Small ak
DIF



The same steps shown for Illustration 1 are used.

The three main differences are:

Q) In STEP 2 (E), for the “Models” tab, the graded response model (GRM) is selected (by
default) instead of the 2PLM as the responses are polytomous
Data File: IC:\,I..Isers\,smy"propbox\,l3_12_IRT_ME_Review_simulation\,lllush’aﬁonz—Copy\GrouJ Rread file |
Test1 |
|Descriptior1||Group l| ftems | Models 'Scoringl
"Group"
Grouping value: =
em List | Categories | Data Codes | kem Scorch|  Model || -
5 0.1.2.3.4 01,23 4] Graded
"2 5 01,234 01,23 4] Graded
"3 5 0.1.234 0.1,234] Graded
14" 5 0.1.2.3.4 01,23 4] Graded
15" 5 01,234 01,23 4] Graded
"lg" 5 0.1.234 0.1,234] Graded
T 5 0.1.2.3.4 01,23 4] Graded
8" 5 01,234 01,23 4] Graded -
Constraints... | DIF... | B all groups
Options... |
(i)  The testing of DIF in subsequent steps requires the use of contrasts as there are multiple
groups. The default two contrasts are
Contrast Group 1 Group 2 Group 3 Comment
(Reference (Focal Group 1) | (Focal Group
Group) 2)
1 2 -1 -1 Tests whether item parameters in
Group 1 differ from Group 2 and 3
2 0 1 -1 Tests whether item parameters in

Group 2 differ from Group 3




DIF Statistics for Graded ltems (Back to TOC)
Item numbers in:

Group1 Group2 Group3  Contrast  Total %2 df p X df p s df P
1 1 1 1 7.3 5 01974 0.3 1 0.5915 7.0 4 01339
2 4.8 5 0.4432 35 1 0.0613 1.3 4 0.8632
Z 2 2 1 10.2 5 0.0691 1.2 1 0.2745 9.0 4 0.0604
2 13 5 0.9329 06 1 0.4298 07 4 0.9519
3 3 3 1 160.9 5 0.0001 6G6.4 1 0.0001 945 4 0.0001
2 27 5 0.7506 0.0 1 0.8616 26 4 0.6199
4 4 4 1 26.3 5 0.0001 55 1 0.0191 208 4 0.0003
2 161.1 5 0.0001 54.7 1 0.0001 96.4 4 0.0001
5 5 5 1 10,0 5 0.0747 07 1 0.4058 9.3 4 0.0535
2 637 5 0.0001 1.3 1 0.2467 62.3 4 0.0001
g [ B 1 7.3 5 0.2002 0.0 1 0.9363 7.3 4 0.1219
2 136 5 0.0183 0.0 1 0.8445 13.6 4 0.0088
7 7 7 1 196.3 5 0.0001 26.4 1 0.0001 169.9 4 0.0001
2 09 5 0.9707 01 1 07771 0s 4 0.9367
3 ] 8 1 55 5 0.3628 05 1 0.4918 50 4 0.2892
2 386 5 0.6163 15 1 0.2246 21 4 07231

The DIF output shows the Wald x statistic and the associated p-value for the two contrasts. When
selecting anchor items, we want to select items that do not show significant p-values for both
contrasts. In this sample of 8 items, we see that items 1, 2, and 8 have non-significant p-values
across both contrasts.

(iii))  Another difference is that we also specify DIF contrasts apart from using the default
values. In the “Models” Tab > “DIF...” > “Group contrasts ...”

Group Contrasts -*--_ @

Label Confrast 1 | Contrast 2

G1 ]
2 |62 -1 1
3 |G3 -1 -1

{* Orthogonalize contrasts in the metric of the group sizes

" Do not orthogonalize contrasts

oK | Cancel |

In our illustration, we used the default two contrasts and then used contrasts 3 and 4 to test
whether item parameters differ between reference and specific focal groups.

Contrast Group 1 Group 2 Group 3 Comment
(Reference (Focal Group 1) | (Focal Group
Group) 2)
3 1 -1 0 Tests whether item parameters in
Group 1 differ from Group 2
4 1 0 -1 Tests whether item parameters in
Group 1 differ from Group 3




Illustration 3

File Name Comment

Data.sav Contains simulated data of 5000 individuals. X1 is a dichotomous
grouping variable (0, 1) (e.g., gender, Black-White, etc.); X2 is a
continuous variable (e.g., age, income, etc.).

Data_Restructure.sav Restructured Data.sav for 3PLM IRT analysis in LG
Data_Restructure.LGS Latent GOLD syntax
Simulated_3PL-irt.htm IRTPRO output

Running IRTPRO to examine model-data fit

The steps for running IRTPRO to examine model data fit are in line with Illustrations 1 and 2. The
difference is that in Illustration 3 we are specifying a 3PLM. As such, in the “Models” tab, we
need to change the 2PL to 3PL. This can be done by highlighting all the items and right clicking
for additional models. Then we choose 3PL.

Test1 ]

|Descﬁptinn[||Gmup [|| tems | Models lSu:Dring"

Grouping value: |H|:| Group Varable J
ltem List Categories | Data Codes | tem Scores Maodel -
" 2 01 0,1 2PL
"2 2 0,1 0,1 2PL
"3 2 01 0,1 2PL 2pL
4 2 0.1 0.1 3pL
"5 2 0,1 0,1
Graded
"g" 2 0,1 0,1
— 2 0.1 0 1 GPCredit
g 2 0.1 0.1 2PL S —
Constrairts. .. | DIF... |

For a 3PLM, it is helpful to specify priors for the c-parameter otherwise it is usually poorly
estimated (large standard errors). We can specify a Beta distribution (a, B) for a c-prior. It has been
recommended that the values chosen for the Beta distribution are based on these equations:
a=mp+1 and p=m(1-p)+1 (Harwell & Baker, 1991). The value of m would range from 15 to 20
depending on the confidence one has in the prior information (higher values indicate higher levels
of confidence). In BILOG, m is set at 20 by default. This is the value we use as well. The value of



p is 1/Noptions, where Noptions denotes the number of response options there are. For example, if
there are 5 options on the test, p = 1/5 = .20. There is on average a 20% chance of getting an
answer correct with random guessing. Therefore, o = mp + 1 =5; B = m(1-p) + 1=17.

To set the priors, go to “Options...”

Data File: IC:VJsers\sIE\;'\Drupbux\1371271RTfMEiREv\EwisimulaﬁunE\mulat&diC’rPL?ZO14—06-J Read file

Test1 |

| Description ||Gmup || ttems | Models 'Scnringl

Grouping value: IND Group Variable LI
hem List | Categories | Data Codes | ltem Scores|  Model -
"1 2 0.1 0.1
| 2 0.1 0.1
=S 2 0.1 0,1
| 2 0.1 0.1
R 2 0.1 0.1
R 2 0.1 0,1
|7 2 0.1 0.1
e 2 0.1 0.1 v|
Constraints... DIF... Apply to all aroups

Then click on the “Priors” tab > “Enter prior parameters”
i

.
Advanced Options.

— —
| Test frestt | Apply toal tests

| Estimation ||Stamng Values | Pnomweous || Save l Simulate |

Enter prior parameters.. #

Fiead prior parameters form 2 file.. ‘

0K | Cancel | Apply |

Highlight the entire third column of “g values”. This represents the “c-parameters” for the 3PLM.
Then right click to choose the “Beta” distribution



Group: Single Group
Ttem -
7" a 19 |c
"B" a 2 |c
"g" a 25 |c
"10" a 2B |c
11" a 3 |c
12 2 * Mormal...
13" a 37
= - = Loegnormal...
15" a a3 e
Means
OK I Cancel

Enter the desired values for the Beta distribution

P e | _—

=




Running Latent GOLD for DIF analysis
STEP 1: Understanding the LG parameterization

The parameterization for Latent GOLD is different from the parameterization used to simulate the
item parameters. In addition, the simulated latent trait values need to be rescaled.

We simulated item parameters in with a scaling factor of “1.702”

1—g¢
Ci + -
1+ exp[—1.702a;(6; — [b; + d;X1 + €;X2])]

In addition, the 6; value simulated is not standardized.

6; =0.00 —.20(X1) +.30(X2) +e

Because in the estimation, the latent trait distribution is fixed at N(0,1), we need to divide 6; by the
SD of 8;, which in this case, the expected value is .58.

o = _ 20 30
=000 — (XD + 5 (X2) +e

b = _ 20 30
= L =000 —=(X1) +=-(X2) +e

In the response equation,

1-— Ci
1+ exp[—1.702a;(6; — [b; + d;X1 + €;X2])]

Ci+

1_Ci

=> Ci+

0.
1+ exp[— ([1.702ai x 58] g + [-1.702a,]b; + [-1.702a,]d; X1 + [—1.702ai]eiX2>

1_Ci

=> Ci +
0:
1+ exp[— ([1.702ai x 58] g + [~1.702a;b;] + [~1.702a;d;]X1 + [—1.702aiei]X2)]

1_Ci

=> Ci +
1+ exp[—(aj6; + b} +d; X1+ e;X2)]

where a; =1.702a; X .58
b: = —1702albl

d:< = —1702aldl



el-* = —1.702aiei

Item parameter conversions from Simulated Item parameters to LG item parameters

Simulated Item parameters Reparameterized into LG parameters

a b C d e a* b* c* d* e*
1 2.06 -0.29 0.15 2.04 1.02 0.15
2 0.88 -0.09 0.15 0.87 0.14 0.15
3 1.49 -0.51 0.15 -0.50 0.20 1.47 1.28 0.15 1.27 -0.51
4 1.01 -0.20 0.15 1.00 0.34 0.15
5 1.21 -0.48 0.15 1.19 0.99 0.15
6 0.93 -0.50 0.20 0.92 0.79 0.20
7 071 -0.83 0.20 -0.50 0.20 0.70 1.00 0.20 0.61 -0.24
8 1.33 -0.09 0.20 0.30 1.32 0.20 0.20 -0.68
9 161 -0.35 0.20 1.59 0.97 0.20
10 1.61 -0.56 0.20 1.59 1.55 0.20
11 1.43 -0.33 0.25 -0.25 1.41 0.80 0.25 0.61
12 1.33 -0.33 0.25 0.50 1.32 0.74 0.25 -1.13
13 1.61 -0.04 0.25 0.50 1.59 0.10 0.25 -1.37
14 1.55 -0.17 0.25 1.53 0.44 0.25
15 1.69 -0.31 0.25 -0.25 1.66 0.90 0.25 0.72

STEP 2: Preparing the data for LG analysis

Because the 3PLM is unique in that it has a “guessing” parameter, we need to structure the data in
a unique format so that we can use generalized latent variable modeling. Specifically, we need to
have a “long” and “wide” format for this analysis.

Specifically, if we have 4 items Y1 to Y4,

ID Y1l Y2 Y3 Y4

1 0 0 1 1

2 1 0 1 1

We will need to restructure it to the following...

ID itemnr response Y1 Y2 Y3 Y4
1 1 0 .00

1 2 0 .00

1 3 1 1.00

1 4 1 1.00
2 1 1 1.00

2 2 0 .00

2 3 1 1.00

2 4 1 1.00




The SPSS syntax is as follows:

VARSTOCASES
/ID=case
IMAKE response FROM y1 y2 y3y4 y5y6y7 y8 y9yl10y1lyl2 y13yl4yl5
/INDEX=itemnr(15)
IKEEP=x1 x2 ID
INULL=KEEP.

IF itemnr = 1 y1 = response.
IF itemnr = 2 y2 = response.
IF itemnr = 3 y3 = response.
IF itemnr = 4 y4 = response.

IF itemnr = 5 y5 = response.
IF itemnr = 6 y6 = response.
IF itemnr = 7 y7 = response.
IF itemnr = 8 y8 = response.
IF itemnr = 9 y9 = response.
IF itemnr = 10 y10 = response.
IF itemnr = 11 y11 = response.
IF itemnr = 12 y12 = response.
IF itemnr = 13 y13 = response.
IF itemnr = 14 y14 = response.
IF itemnr = 15 y15 = response.
EXECUTE.

Using this restructured data, we can then proceed to analyze it in Latent GOLD.

For other models without the “guessing” parameter such as the 1PLM, 2PLM, and GRM, we do
not need to have this unique format. We will show some example syntax for these other models in
the last section.



STEP 3: LG 3PL DIF analysis

The proposed procedure is based on research of the IRT-C DIF analysis (Tay, Newman, &
Vermunt, 2011; Tay, Vermunt, & Wang, 2013).

o

To open the data file in Latent GOLD, we click on “Open” = symbol and select the
restructured data file. In this case, we have labeled our restructured data “Data_Restructure.sav”.

o
L - @ mE

Mame Date modified Type

{ Data 6/6/2014 2:39 PM SPSS Stati
Q Data_Restructure 6/6/2014 9:46 PM SPS55 Stati

Recent Places

L

Desktop

Libraries

LY

Computer

<

File: name:

Files of type: |SPSS w files ‘Ijavl

LatentGOLD files(” Iaf)
LG Syntax files{" las)

Recent Folders:

Drelirniter:

Al Files {*.%)

After selecting the file, we should see that it is read in. Then right click on “Model1”
O Latencoln
File Edit View Model Window Help

FE =2 89 »e W

=J- Data_Restructure.sav




We should see a drop down box after right clicking “Modell”. Select “Generate Syntax” as we
want to use the “Syntax” mode.

0 Laemsol> I

File Edit View Model Window Help

FE =22 &9 re W

[=- Data_Restructure.sav

Cluster
DFactor

Regression

Step3
Markow

Estimate

Show Equations
Bootstrap Chi®
Bootstrap -2LL Diff

Generate Syntax \

Copy Model
Show Errars

Check Syntax

Resume

Stop

Delete

We should now see that there is syntax in the black space that we can edit.
Plegor TR T

File Edit View Model Window Help
BH L EE 8D )e ¥

=- Data_Restructure.sav options
P maxthreads=all;
algorithm
tolerance=le-008 emtolerance=0.0l1 emiterations=250 nriterations=50;
startvalues
seed=0 sets=16 tolerance=le-005 iterations=50;
bayes
categorical=1l wvariances=1 latent=1 poisson=1;
montecarlo
seed=0 sets=0 replicates=500 tolerance=le-008;
gquadrature nodes=10;
missing excludeall;
output
parameters=effect betaopts=wl standarderrors profile probmeans=posterior
bivariateresiduals estimatedwalues=regression;
variables
equations

B Data_Restructure.sav
.. Modell




For a fully constrained model — where all items are constrained as equal across groups...

options
algorithm
bhhh
tolerance=1e-008 emtolerance=0.01 emiterations=1000 nriterations=500;
startvalues
seed=0 sets=0 tolerance=1e-005 iterations=50;
bayes
categorical=1l variances=1 latent=1 poisson=1;
montecarlo
seed=0 replicates=500 tolerance=1e-008;
quadrature nodes=30;
missing includeall;
output
parameters=first standarderrors=fast estimatedvalues bivariateresiduals;
variables
caseid id;
dependent v1, v2, v3, v4, y5, vy6, v7, vy8, y9, vy10, vy11l, vyl12, yl13, yl4,

v15;
independent itemnr nominal, x1, x2 rank=5;
latent

theta continuous,
c dynamic nominal 2;

equations
(1) theta;
theta <- x1 + x2 ;
c <- 1 | itemnr;
yl <=1 + (+) theta + (100) c;
y2 <=1 + (+) theta + (100) c;
y3 <=1 + (+) theta + (100) c;
yd <=1 + (+) theta + (100) c;
y5 <=1 + (+) theta + (100) c;
y6 <- 1 + (+) theta + (100) c;
y7 <=1 + (+) theta + (100) c;
y8 <- 1 + (+) theta + (100) c;
v9 <=1 + (+) theta + (100) c;
yl0 <- 1 + (+) theta + (100) c;
yll <- 1 + (+) theta + (100) c;
yl2 <- 1 + (+) theta + (100) c;
yl3 <- 1 + (+) theta + (100) c;
yld <- 1 + (+) theta + (100) c;
yl5 <- 1 + (+) theta + (100) c;




In the “parameter” tab, the estimated regression weights for the group characteristics (x1 and x2)
and the item parameters a* values and b* values are displayed...

Here, we see that being in X1 (0 = reference; 1 = focal) is associated with -.26 lower latent trait.

Here, we see that have a higher value in X2 (which is standardized) for 1SD is associated with .49

higher latent trait.

For the first item, the b* value is .85; the a* value is 1.94

File Edit View Model Window Help

BFE B2 &% e W

- Data_Restructure.sav
E| Modell - L* = 28056,3132
- Syntax
- Bivariate Residuals
.. EstimatedValues-Model
= Medel2 - L* = 276712732
- Syntax
- Parameters
- Bivanate Residuals
. EstimatedValues-Model
- Model3
- Data_Restructure.zav
.- Modell
- Data_Restructure.zav
L. Modell

Regression Parameters

term coef s.e. . z-value p-value VWald{0) df p-value ;| Wald(=) df : p-value
theta + @ x1 -0.2624 | 0.0358 ¢ -7.3282 ¢ 23e-13 53.7188 1 2.3e-13
theta [+ =2 0.4945 | 0.0208  23.8250 | 1.8e-125 567.6290 1: 1.8e-125
c(1) — 1 itemnri1) 0.0000 . . . 18188 15 &.2e-18 61073 14 0.95
c(2) «— i1 itemnri1) -1.5336 0.2520 ¢ -5.2528 1.5e-7
cf1) i« i1 itemnr{2) 0.0000 . . .
c(2) +— 1 itemnr{2) -5.1245 ¢ 254211 ¢ -D.2M8 0.84
e(1) e i1 itemnr(3) 0.0000 . . .
c(2) e i1 itemnr(3) 102261 12346 -0.8283 0.41
ci1) i« i1 itemnr{4) 0.0000 . . .
cl2) i« i1 itermnr{4) -1.1988 1 04284 0 -2.7920 0.0053
e(1) i 1 itemnr(5) 0.0000 . . .
c(2) — i1 itemnr{5) 54117 ¢ 3015830 ¢ -01795 0.85
c(1) e i1 itemnr(6) 0.0000 . . .
cl2) « 1 itemnr{6) -3.4811 7.8580 1 -0.4332 0.66
cf1) i« i1 itemnr{7) 0.0000 . . .
c(2) — i1 itemnr{7) -3.7833 ¢ 235480 -0.1594 087
cf1) & 1 iternnr(8) 0.0000 . . .
c(2) «— i1 itemnr{&) -0.7778 0.2458 ¢ -3.1628 0.0016
ci1) « i1 itemnr{9) 0.0000 . . .
cl2) i+« i1 itemnr(9) -1.6269 1 05334 -3.0499 0.0023
e(1) e i1 itermnr(10) 0.0000 . . .
c(2) — 1 itemnr{10) -1.3569 0.5525; -2.4582 0.014
ci1) i« i1 itermnr{11) 0.0000 . . .
cl2) i« i1 iternnr{11) -0.9583 1 04348 -2.2072 0.027
e(1) i 1 itemnr(12) 0.0000 . . .
c(2) — i1 itemnr{12) -1.03241 1.42887 ¢ -0.8928 0.49
c(1) e i1 itemnr(13) 0.0000 . . .
cl2) « i1 itemnr{13) -1.72%1 25091 -0.6891 0.4%
cf1) i« i1 iternnr{14) 0.0000 . . .
c(2) +— 1 itemnnr{14) -0.975%0 02254 -4.3250 1.58-5
cf1) & 1 iternnr(15) 0.0000
o2, « i1 itemnr{15 -1.0653
@ = b* foritem 1
yi{0) i+« i1 0.0000 . . 52.0538 1 S.4e-13
yi(1) i« i1 0.8457 01172 7.2148 5.4e-13
¥ +— theta 1.9381 0.2003 9.6768 3.8e-22 93.6395 1 3.8e-22

a* foritem 1




In addition, the estimated c values are diplayed in the “Estimated-Values Model”. In this case,
Item1 c-parameter is estimated at .1775.

O Lemcod o
File Edit View Model Window Help

FE =2 &9 e W

[=- Data_Restructure.sav c
|_:_| Modell - L* = 28056.3132 itemnr 1 2
. Syntax 1 08225 | 01778
- Parameters 2 09941 0.0059
. . 3 07355 | 0.2645
-. Bivariate Residuals iR T A
W EctimatedValues-Model £ heess | oonas
= Medel2 - L* = 27671.2732 6 nosse | 00304
- Syntax T 08771 | 0.0229
.. Parameters 8 06852 | 0.3148
- Bivariate Residuals 9: 0.8357 | 0.1643
- EstimatedValues-Model 10 0.7953 | 0.2047
- Model3 11 07230 | 0.2770
=- D:ata_l-'-'.estru cture,sav :i E;i;i Eﬁﬁ;
-~ Modell 14 | 0.7269 | 02731
=I- Data_Restructure.sav 15 ¢ 07448 | 02554
bAndal

To test for DIF, we examine the output to look for the highest BVR for the item-covariate pair. In
this case, it is Item13 and X2, with a BVR value of 201.13.

P ecols T T

File Edit View Model Window Help

TEE LN 2
=) Data_Restructure.sav Dependent ¥ y2 ¥3 ¥4 ¥5 ¥6 ¥7 ¥8 ¥9 yi0 yi1 yi2 y13 yi4 y15
- Modell - L = 28056,3132 y1 :
y2 ' 0.0000 .
y3 | 0.0000; 0.0000 .
y4 0.0000: 0.0000 0.0000 .
y6 | 0.0000 0.0000 ¢ 0.0000 0.0000 .
i EstimatedValues-Med y6 | 0.0000F 0/0000 70,0000 0.0000 1 "0.0000 .
- Model2 y7 | 0.0000: 0.0000 0.0000; 0.0000 : 0.0000 | 0.0000 .
L. Medel3 y& | 0.0000: 0.0000  0.0000 0.0000; 0.0000 0.0000 0.0000

- Parameters

= Data_Restructure.sav y9: 0.0000: 0.0000 0.0000 : 0.0000: 0.0000 : 0.0000 0.0000 0.0000 .
: |- Modell y10 ; 0.0000: 0.0000 0.0000 ; 0.0000: 0.0000: 0.0000 0.0000 0.0000 i 0.0000

yi1 | 0.0000: 0.0000 0.0000 | 0.0000: 0.0000: 0.0000 0.0000 0.0000 i 0.0000: 0.0000 .

y12 ; 0.0000: 0.0000 0.0000 | 0.0000: 0.0000: O.0000 0.0000 0.0000 i 0.0000: 0.0000 0.0000 .

yi13 ; 0.0000 : 0.0000 0.0000 ; 0.0000 ; 0.0000; 0.0000 0.0000 0.0000 ; 0.0000 ; 0.0000 0.0000 0.0000 .

yi4 | 0.0000: 0.0000 0.0000 | 0.0000: 0.0000: 0.0000 0.0000 0.0000 i 0.0000: 0.0000 0.0000 0.0000 0.0000 .

y15 | 0.0000: 0.0000 0.0000 | 0.0000: 0.0000; 0.0000 0.0000 0.0000 i 0.0000: 0.0000 0.0000 0.0000 0.0000 i 0.0000 .
Independent yi y2 ¥3 yd y& y6 ¥7 y& ¥9 yio yi1 yi2 yi3 yi4d yi5
itemnr | 0.0000: 0.0000 0.0000 { 0.0000 ¢ 0.0000: O.0000 0.0000 0.0000 ¢ 0.0000: 0.0000 0.0000 0.0000 0.0000 ¢ 0.0000 0.0000

x1 | 09082 27822 S2.7991: 11571 28256 | 49830 328447 0.8329} 3.0890: 5.9851 17.7317 12.3856 10.3253 | 1.4960 ; 19.5529

x2: 74915: 21125 163104} 0.7286 ; 06556 ; 25503 209298: 223497 0.9621: 67486: 838366 1502383 | 201.1283 | 1.2004 ! 56872
Longitudinal i y2 ¥3 v4 yb y6 7 y8 Vil yi0 yi1 yi2 yi3 vi4 yi5
Time ;| 0.0000 : 0.0000 0.0000 ; 0.0000 : 0.0000: 0.0000 0.0000 0.0000 ;: 0.0000 : 0.0000 0.0000 0.0000 0.0000 ;: 0.0000 0.0000

Lagt | 0.0000: 0.0000 0.0000 | 0.0000: 0.0000: 0.0000 0.0000 0.0000 i 0.0000: 0.0000 0.0000 0.0000 0.0000 i 0.0000 0.0000

Lag2 i 0.0000: 0.0000 0.0000 | 0.0000: 0.0000: O.0000 0.0000 0.0000 i 0.0000: 0.0000 0.0000 0.0000 0.0o000 ¢ 0.0000 0.0000

E| Data_Restructure.sav
i Modell




We then proceed to create a model where we allow for DIF for Item13 on covariate X2. This is
done by right clicking “Model 1” followed by “Copy Model” which automatically generates
“Model 2” with the same exact syntax as “Model 1” for editing.

File Edit View Model Window Help
= H &9 Y4

= Data_Restructure.sav | Syntax (1) Model

[Vodell == —mee ol
H ynt Cluster Number of cases 5000
er of time points 75000
DFactor yarameters (Npar) 47
Regression ated Constraints 0
Random Seed 281414
Step3 Best Start Seed 231414
: odel3 Markov
(- Data_Restru istics
L Modell Estimate = of freedom (df) 4953 p-value
H . L-squared (L7) 28056.3132 4.2e-3155
= D;__t:“{:?;;u Shelt Ec‘”at'c_:“ W-squared 381392.9522 12672790
Bootstrap Chi Cressie-Read 1103321988 48219549
Bootstrap -2LL Diff BIC (based on L¥) 141293445
AIC (based on L) 18150.3132
Generate Syntax IC3 (based on L?) 13197.3132
Copy Mnd)al JAIC (based on L%) 190823446
B [BiC (based on %) 16095752
Show Errors Mssimilarity Index 07719
Check Syntax Total BVR 6394804
Resume tatistics
Stop og-likelihood (LL) -42712 2540
Log-prior -242.4158
Delete Log-posterior -42054 6698

We edit the equations for Model 2 by adding X2 to equation y13. This effective models for
uniform DIF of item 13 on X2. This revised equation shows that responses on y13 are not merely a
function of the underlying “theta” trait value, but also dependent on group characteristic X2 (e.g.,
income, GPA, socioeconomic status, etc.).

equations
(1) theta;
theta <- x1 + x2 ;
c <- 1 | itemnr;
yl <=1 + (+) theta + (100) c;
y2 <- 1 + (+) theta + (100) c;
y3 <=1 + (+) theta + (100) c;
yd <=1 + (+) theta + (100) c;
y5 <=1 + (+) theta + (100) c;
y6 <- 1 + (+) theta + (100) c;
y7 <=1 + (+) theta + (100) c;
y8 <- 1 + (+) theta + (100) c;
v9 <=1 + (+) theta + (100) c;
yl0 <= 1 + (+) theta + (100) c;
yll <= 1 + (+) theta + (100) c;
yl2 <- 1 + (+) theta + (100) c;
yl3 <- 1 + (+) theta + x2 + (100) c;
yld <- 1 + (+) theta + (100) c;
yl5 <= 1 + (+) theta + (100) c;

We run this model to examine whether the parameter associated with X2 on the equation y13 <-
(+) + x2 + (100) c; Iissignificant, demonstrating the uniform DIF is
significant.

1 + theta



In the “Parameters” tab, we can scroll down to see that -1.0771 is the DIF parameter for X2 and it
is significantly different from zero at 3.7e-16.

Puecor - T T

Eile Edit View Model Window Help

EH L@ &0 ) e K

|- Data_Restructure.sav yi0 e icl2) 100.0000
-- Modell - L* = 28056.3132
del? - LF = 276712722 yi1(0) i i1 0.0000 . . . 223655 1 2.3e8
Syntax yi1(1) e i1 0.9766 0.2065 47252 2.3e8
yi1 < i theta 11783 0.1510 7.8082 5.8e-15 50.9678 1 5.8e-15
S EE yit e G 0.0000
Bivariate Residuals yii <) 100.0000
i e EstimatedValues-Model
. Model3 y12(0) & 1 0.0000 . . . 05212 1 0.47
|- Data_Restructure.sav yiz(1) e 1 04935 ¢ 06837 07220 0.47
C Modell vii € theta 04868 0AEET T EAT0d T H004E T 1005 17 iniE
|- Data_Restructure.sav yiz i&iem 0.0000
 Modell yi2 e g 100.0000
yi3(0) e 1 0.0000 . . . 0.8227 1 0.36
yi3(1)ie i1 01659 01825 0.9071 .35
yi3 < theta 1.1407 0.1438 T.9§§4 2 1e-15 %2.9391 1 2.1e-15
yi3 € X2 -1.0771 0.1322 | -8.1486 3.7e-185 56,3997 1 3.7e-18
y13 & cl1) 0.0000
yi3 & i) 100.0000

Because it is significant, we then proceed to examine the BVRs again to look for the next item-
covariate pair that has the largest BVR.

We continue testing for DIF in this manner until we find that the highest flagged BVR value is no
longer significant.



Syntax for 1PLM (No DIF)

equations

(1) theta;

theta <- x1 + x2 ;

yl <=1 + (1) theta;
y2 <= 1 + (1) theta;
y3 <=1 + (1) theta;
yd <- 1 + (1) theta;
y5 <=1 + (1) theta;
y6 <- 1 + (1) theta;
y7 <=1 + (1) theta;
y8 <- 1 + (1) theta;
y9 <- 1 + (1) theta;
yl0 <= 1 + (1) theta;
yll <= 1 + (1) theta;
yl2 <= 1 + (1) theta;
y1l3 <= 1 + (1) theta;
yld <= 1 + (1) theta;
yl5 <= 1 + (1) theta;

Syntax for 1PLM (DIF on Item 13 for covariate x1)

equations
(1) theta;
theta <- x1 + x2 ;
yl <=1 + (1) theta;
y2 <- 1 + (1) theta;
y3 <=1 + (1) theta;
yd <=1 + (1) theta;
y5 <=1 + (1) theta;
y6 <- 1 + (1) theta;
y7 <=1 + (1) theta;
y8 <- 1 + (1) theta;
y9 <- 1 + (1) theta;
yl0 <= 1 + (1) theta;
yll <= 1 + (1) theta;
yl2 <- 1 + (1) theta;
yl3 <- 1 + (1) theta + x1;
yld <- 1 + (1) theta;
yl5 <= 1 + (1) theta;




Syntax for 2PLM (No DIF)

equations

(1) theta;

theta <- x1 + x2 ;

yl <- 1 + (+) theta;
y2 <= 1 + (+) theta;
y3 <= 1 + (+) theta;
yd <- 1 + (+) theta;
y5 <= 1 + (+) theta;
y6 <- 1 + (+) theta;
y7 <- 1 + (+) theta;
y8 <- 1 + (+) theta;
y9 <- 1 + (+) theta;
yl0 <- 1 + (+) theta;
yll <- 1 + (+) theta;
yl2 <- 1 + (+) theta;
y1l3 <= 1 + (+) theta;
yld <- 1 + (+) theta;
yl5 <= 1 + (+) theta;

Syntax for 2PLM (DIF on Item 13 for covariate x1)

equations
(1) theta;
theta <- x1 + x2 ;
vyl <- 1 + (+) theta;
y2 <- 1 + (+) theta;
y3 <- 1 + (+) theta;
yd <- 1 + (+) theta;
y5 <=1 + (+) theta;
y6 <- 1 + (+) theta;
y7 <= 1 + (+) theta;
y8 <- 1 + (+) theta;
y9 <- 1 + (+) theta;
yl0 <= 1 + (+) theta;
yll <- 1 + (+) theta;
yl2 <- 1 + (+) theta;
yl3 <= 1 + (+) theta + x1;
yld <- 1 + (+) theta;
yl5 <=1 + (+) theta;




Note: the Graded response model equations are the same for the 2PLM. The only difference
is that the responses are “cumlogit”.

variables

dependent yl cumlogit, y2 cumlogit, y3 cumlogit, y4 cumlogit,
y5 cumlogit, y6 cumlogit, y7 cumlogit, y8 cumlogit, y9 cumlogit,
y1l0 cumlogit, yl1l cumlogit, yl2 cumlogit, yl1l3 cumlogit, yl4
cumlogit, yl15 cumlogit;

independent itemnr nominal, x1, x2 rank=5;

latent
theta continuous;

equations

(1) theta;

theta <- x1 + x2 ;

yl <=1 + (+) theta;

y2 <=1 + (+) theta;

y3 <=1 + (+) theta;

yd <- 1 + (+) theta;

y5 <=1 + (+) theta;

y6 <- 1 + (+) theta;

y7 <=1 + (+) theta;

y8 <=1 + (+) theta;

y9 <=1 + (+) theta;

yl0 <= 1 + (+) theta;

yll <- 1 + (+) theta;

yl2 <- 1 + (+) theta;
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