ITEMS DM13: Simulation Studies in Item Response Theory

This document contains only the core content slides from the module. In
the digital module all slides can be accessed individually.

Module Organization

The module starts with an introductory section that leads to the main menu
from which learners can select individual sections; this slide deck contains
the slides for the five content sections only as shown below; green images

in this document are clickable hotspot regions:
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DM13 VIDEO (Section 5, Version 1.0)

1. Module Overview

1.1 Module Cover (START)

7 3
NCMI*]

ITEMS Module

Monte Carlo Simulation
Studies in IRT

y I Version 1.0 1
- INTRODUCTION -
1 April 6, 2020

............

Instructors Get Started Designers

1.2 Content Team

Brian Leventhal Allison Ames

James Madison University University of Arkansas

DM13 Slides (Version 1.0) 2/108

4/6/2020



1.3 Design Team

Meet the designers:

=
&

N

Jonathan Lehrfeld

ETS

1.4 Welcome

DM13 Slides (Version 1.0)

André A. Rupp
Consultant

Welcome to the
ITEMS Module!

The woman to the left is Laural

Along with the instructors
she will be guiding you
through the module content
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Untitled Layer 1 (Slide Layer)

1.5 Overview

Hello %TextEntryl143
Thank you for your interest in
this ITEMS module!

The module has four foundational
sections, one advanced section, one
- activity section, various quiz
questions, and additional resources.
jmm————

/B i
In the player menu the slides
for all sections can be accessed
individually along with

resources and a glossary.
|

DM13 Slides (Version 1.0)

Welcome to the
ITEMS Module!

The woman to the left is Laura!

Along with the instructors
she will be guiding you
through the module content

In this module you will learn about
simulation studies in item
response theory (IRT).

| You can navigate freely through

the sections but we recommend
taking them in sequence for the
best learning experience.

Advance to the next slide to get
started and look at the audience
description!

\
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1.6 Target Audience

Target Audience

Anyone who would like a gentle statistical introduction to this topic:

/ « graduate students and faculty in Master’s, Ph.D., or certificate programs \
« psychometricians and other measurement professionals

« data scientists / analysts

+ research assistants or research scientists

« technical project directors

v assessment developers )

However, we hope that you find the information in this module useful no matter
what your official title or role in an organization is!

1.7 Expecations (1)

Let’'s discuss expectations....
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1.8 Expectations (ll)

ITEMS Modules in Context

JAMES MADISON UNIVERSITY. \ a

ADMESHCNS  ACADEMICS  STUGENTLFE  VIST  TUITIONS FINANCALND  ATHLETICS

PSYCHOMETRIC
MF400S ,,
The

/

00 program ightfor
you?

LARRY R. PRICE

1.9 Learning Objectives

Learning Objectives

1. Identify the major considerations for a Monte Carlo simulation study

2. Learnimportant SAS procedures and techniques for data simulation

3. Adapt basic simulation techniques to IRT-specific examples

4. Apply principles from examples to more complex models and scenarios
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1.10 Software Note

Software Note

The instructors use the commercial suite SAS for all parts of the module

If you do not own SAS and work in freeware suites like R or Python
you can still learn about the principles and adopt code relatively easily

1.11 Prerequisites

= Working knowledge of foundational measurement concepts:

Unidimensional IRT models

Person parameters / latent trait parameters
Item parameters / thresholds

Response probabilities and observed scores
Visualizations of key relationships

“FSF PP

=  Working knowledge of foundational simulation concepts:
v' Bias, standard error, and mean squared error

v Replications
v’ Estimation, parameter recovery, and model fit
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1.12 Resources

Resources

Meodule Citation

Leventhal, B., & Ames, A. (2020). Simulation studies in item response theory (Digital
ITEMS Module 13). Educational Measurement: Issues and Practice, 39(2), XX-XX.

Additional Resources

References (Slide Layer)

Resources

PSYCHOMETRIC
METHODS

o e e L R e e T
e T e T LARRY R. PRICE
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1.13 Main Menu

p1 Conceptual Foundations
[30 Minutes]

Bifactor Model [Advanced]

05 [15 Minutes]
02 Total Score Distributions
2 [10 Minutes] >
o o
= 06 S Liation Ac ity -;_»
B L linutes] ]
3 03 Two-parameter IRT Model i
w [30 Minutes] -‘ @
07 lizzes
04 Graded Response IRT Model B T
[20 Minutes]
1.14 Module Cover (END)
-
L . - [T |
= N .
g 1

NCME

= ITEMS Module

4 l( Monte Carlo Simulation

Studies in IRT

—

' 'I END OF «
el INTRODUCTION

|---i"""‘

Instructors Get Started Designers
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2. Section 1: Conceptual Foundations

2.1 Module Cover (START)

= ITEMS Module .

oA

. } ‘( Monte Carlo Simulation
; = Studies in IRT

14 I Version 1.0 \
-SECTION 1 -
1 April 6, 2020

Instructors Get Started Designers

Section 1:

Conceptual

| Foundations
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2.3 Objectives

Learning Objectives

(G p
- Describe the primary steps and Discuss each Monte Carlo
: concepts of a Monte Carlo 2% simulation step in the context of
simulation study item response theory
o o W,
( )
: . 5 . Articulate what a simulation study
Identify the various simulation .
3 . . ) 4. can help a researcher accomplish
+  steps in published literature .
- and what it cannot
\_ W,

2.4 Topic Selection

Simulation
Foundations

DM13 Slides (Version 1.0)

Simulation
Steps
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2.5 Bookmark: Foundations

Foundations of
Monte-Carlo Simulations

2.6 Important Resources

Important Resources

* General resources:

=3 Feinberg, R.R., & Rubright, J.D. (2016). Conducting simulation studies in psychometrics.
Educational Measurement: Issues and Practice, 35(2), 36-49.

Harwell, M., Stone, C.A., Hsu, T., & Kirisci, L. {1996). Monte Carlo studies in item response
theory. Applied Psychological Measurement, 20(2), 101-125.

* Application of a simulation:

Drasgow, F. {1989). An evaluation of marginal maximum likelihood estimation for the two-
parameter logistic model. Applied Psychological Measurement, 13, 77-90.

Escatonal Mezsrment

Conducting Simulation Studies in Fsychometrics

Fochand A Teinteg and Jonathan [. Rubght”, National Board of Medical Examiners
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2.7 Standards

Standards for Monte Carlo Studies

Six standards:

1. Can the problem could be solved analytically?
2. Is the study a minor extension of existing results?

3. Is an appropriate experimental design and analysis of MC
results used?

4. Are locally-written software or modifications of public
software properly documented?

5. Do the results depend on the starting values for iterative
parameter estimation methods?

6. Are the choices of distributional assumptions and
independent variables and their values realistic?

Reference

Reference (Slide Layer)

Reference

Applied Psychological Measurement

Monte Carlo Studies in Item Response Theory

Articie Menu Clase A

Downioad POF T,

D) Reled Anices
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2.8 Introduction (1)

Introduction to Simulation Studies

+"“As few as 200 persons and five items were required for
‘essentially’ unbia: ’ " s [for the 2PL]”
(Drasgow, 1989; di THE 09)
THEORY AND
“*“The 2PL equating P _RACT_le OF_ _ ust to the violation
of local item indep ITEM RESPONSE ao, 2014)

THEORY
*"A 2:1 or larger ral!",qu’"" II II arameters
produced stable it I ‘l ll ' l i ter estimates [for
the partial credit r. Ill’ l ' [ |l 'k, 1990; discussed

in de Ayala, 2009) R.J.de Ayala

2.9 Introduction (lIl)

Introduction to Simulation Studies

®*  How were these sample size heuristics and claims determined?

¥ Monte Carlo simulation (MCS) techniques were used.

¥ In MCS, data are created by researchers based on a model and
used to answer a methodological research question.

= Applications of MCS techniques in IRT:

v" Evaluating estimation procedures or parameter recovery,
v" Evaluating the statistical properties of an IRT-based statistic, or

v' Comparing methodologies used in conjunction with IRT.
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2.10 Example: Bias

Example: Estimation Bias

Evaluating estimation procedures or parameter recovery

Research Question:

Are the item parameter estimates derived from this new
estimation procedure, on average, close to their true values at
varying sample sizes?

lllustration:
Introduction to Simulation Studies (Slide Layer)

Introduction to Simulation Studies

If the center of the target is the “true” population parameter. When estimates are

clustered around the “true” parameter, the estimator is said to be unbiased.

Biased Unbiased
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2.11 Example: Type-I Error

Example: Properties of a Statistic

Evaluating the statistical properties of an IRT-based statistic

For example, a goodness-of-fit statistic is evaluated

Research Question:

What is the type-| error rate of this statistic?

Ilustration:
Type-I Error

Type-I Error (Slide Layer)

Type-| Error

Finding: Finding:

No Misfit Misfit

T:l‘: ::;g:l Correct Decision! v/ Typel Errm&

True Model: Correct Decision! v
Type ll Error& (Power)

Misfit
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2.12 Caveats

[ MCS are not a replacement for empirical studies that use real data! ]

They cannot answer questions such as:

v “Is differential item functioning (DIF) present in a set of items?”

v' “Is the intervention effective for deterring cheating on assessments?”

“How motivated were students in responding to survey items?”

v" “Is this test form easier or more difficult than the previous one?”

2.13 Bookend: Foundations

This is the end of this part.

Topic
Selection
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2.14 Bookmark: Simulation Steps

Simulation Steps

2.15 Step Selection
- 1. Specifying the IRT research question(s) ‘
2. Defining and justifying conditions

3. Specifying the experimental design and outcome(s) of interest

4. Simulating data under the specified conditions

5. Estimating parameters

6. Comparing true and estimated parameters

7. Replicating the procedure a specified number of times

8. Analyzing results based on the design and research questions

. Topic
Click on each row to learn more p‘
Selection
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2.16 Research Questions (1)

Step 1: Research Question(s)

The research question will guide all other aspects of the simulation

“Articulating a clear research question ... forces the researcher to ensure

Feinberg & Rubright, 2016

“... relies heavily on knowledge of a literature.” -
Harwell, Stone, Hsu, & Kirisci, 1996 ‘-

2.17 Research Questions (1)

Step 1: Example

that the exact design choices made align with the question being asked.”

&

Drasgow (1989) provides background from a literature review:

* Large sample sizes and long tests
®* Common situations in which these are unrealistic or untenable

N

4

Example research question from Drasgow (1989):

What is the range of conditions that allow accurate calibration of two-

parameter logistic items by marginal maximum likelihood estimation? _)

DM

Reference
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Reference (Slide Layer)

Reference

An evaluation of marginal maximum likelihood estimation for the two-parameter logistic model.

Cecost Ramtomis B @ < Database APAPSYCING  Joumal Aficle

Citation

Drasgow, F. (198%). An evaluation of marginal maxir

ym ikefihood es
Paychalogical Measurement, 13(1), 77-90. ht pH0.

on for the two-parameter logistic model. Appied

Abstract
IVESIgaNEd e ACCURAEY Of MArgInal MAXIMU IIKEINGCS ESHIMales of e Rem Paramelersof e 2-parameser KgISTic Mmook
tes were obtained for 4 sample sizes (200, 300, 500, and 1.000) and 4 test kengihis (5., 10, 15, and 25tems); joint
ATIUM MO0 e Were a0 Computed for e 2 longer Was repicaed 10 times, whih
allowed evaluation of the estmated flem characieristic cus arameter estimates, and estinaled standand
‘ertors of Rem parameer estimates for Individual ftems. Results shaw that fems typical of widely used job satistaction scale and
mogerately easy lests had sabstactory marginal estmates for al sample sizes and lest lengths. Larger samples were required for
items with extreme dif o was substantially Betier than joint maximum
skeahood estimation. (PsycINFO Database Record (c) 2016 ARA, ail ights reserved)

2.18 Bookend: Step 1

This is the end of this step.

Step
Selection
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2.19 Justifying Conditions

Step 2: Justification

=  The research questions dictate the independent variables

and resulting conditions to be included in the simulation

=  Conditions must be justified and clearly delineated

Example from Drasgow (1989):

= Test length: 5 to 25 items
= Sample size: 200 to 1,000 simulated examinees

= Justification: These ranges encompass the values seen
in many applied studies at the time

2.20 Bookend: Step 2

This is the end of this step.

Step
Selection
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2.21 Experimental Design (I)

Step 3: Experimental Conditions (l)

“Model parameters also represent an independent variable in an MCS”

Harwell, Stone, Hsu, & Kirisci, 1996
\_ J

f'Fixed effect: Parameters are represented as (often equally-spaced) values \
across a fixed range or as estimates from a previously calibrated test
=  Example: 9 b parameters are evenly spaced from -2 to 2

=  Advantage: Simple setup with known values

=  Disadvantage: Limited generalizability )

-

-2 -15 -1 -0.5 0 05 al 15 2

- by by bs b, by be by by by

2.22 Experimental Design (1)

Step 3: Experimental Conditions ()

Random effect: Parameter values are sampled from a specified distributior

= Example: b~ N(0,0° =4)
* Advantage: Some generalizability is obtained
* Disadvantage: Unusual combinations of parameters might occur
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2.23 Experimental Design (1ll)

Step 3: Experimental Conditions (l11)

“Researchers also must consider the relationship between the
number of independent variables, the efficiency of the study,

and the interpretability of the results.”
Harwell, Stone, Hsu, & Kirisci, 1996

Example from Drasgow (1989)

= Test length (4 levels: 5, 10, 15, 25)

= Sample size (4 levels: 200, 300, 500, 1000)

= |tem parameters (2 levels: typical, extreme)

= 4 x4 x2 fully crossed design = 32 total combinations

2.24 Experimental Design (V)

Step 3: Experimental Conditions (IV)

Type and number of independent variables guide selection of

experimental design

Example from Drasgow (1989)

= Factorial design: Small number of independent variables
with relatively few values

= Investigative focus: Each combination of the conditions is
important and will be used in the simulation
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2.25 Experimental Design (V)

Step 3: Outcome Measures
Experimental Qutcome
Design | ’ Variables

Example: Accuracy of parameter estimation

Research
Question

Outcome: How well the “true” parameter value is recovered
Standard Mean Squared
Error Error

Bias (Slide Layer)

Outcome: Bias

* Average deviance between the “true” and estimated values of the parameter

* Systematic error

?:1(§i - eTrue)
n

B;: Parameter estimate from replication i
Orpye: True parameter value

n: Total number of replications m
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Standard Error (Slide Layer)

Outcome: Standard Error

* Standard deviation across estimated values

* Random error

(0 -0
n—1

@ is the average parameter value

9} is the estimated parameter value of replication i

n is the replication m

Mean Squared Error (Slide Layer)

Outcome: Mean Square Error

* Average squared deviance between the estimated and true values

* Total error

1 (8 — Orrue)”

n—1

é,: Parameter estimate from replication i
Oppye: True parameter value
n: Total number of replications
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2.26 Bookend: Step 3

This is the end of this step.

Step
Selection

2.27 Simulating Data (I)

Step 4: Data Simulation

1. Generate individual samples for each replication

( N

2. Generate a large number of responses (the population)
and then randomly sample from the population so that
each sample serves as a replication
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2.28 Simulating Data (1)

Step 4: Person Parameters

Simulate each individual’s latent ability

Common Choice: 8 ~ N(0,1)

2.29 Simulating Data (1)

Step 4: Response Probabilities

Combine latent ability with item parameters
to obtain a matrix of response probabilities

Dichotomous IRT Polytomous IRT

b=1
08

06

P(U=1)

04

02- a=2

0.0 dowme - . . . 00 - T
-50 -20 -10 00 1.0 0 30

-4 2 0 2 4 §
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2.30 Simulating Data (IV)

Step 4: Dichotomous Responses

Transform probabilities into responses

= P(correct response) = high
Response = 1

Correct

= P(correct response) = low

Response = 0

g
&
o

This is the end of this step.

Incorrect

2.31 Bookend: Step 4

Step
Selection
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2.32 Estimating Parameters ()

Step 5: Parameter Estimation

('

w

= Available tools:

¥v" Commercially available programs (e.g., Winsteps or Bilog)
¥ Open source packages (e.g., R package Itm or Stan)
> ¥ Their own routine (e.g., Fortran, SAS, or Basic)

£

Adequacy of the estimation algorithm must be documented

(" ®* Validation evidence examples: h
¥’ Using the program to analyze a well-known dataset
¥ Analyzing item responses with perfect fit to an item response
function in which case the estimation routine should return
the exact item parameters
. J

2.33 Estimating Parameters (ll)

Step 5: Example

Example from Drasgow (1989)

A FORTRAN program was written to estimate the a
(discrimination) and b (difficulty) parameters of the 2PL

[ = Validity evidence was not provided ]

Fortran
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2.34 Estimating Parameters (lll)

Step 5: Addendum

Example from Drasgow (1989)

Interest was in parameter recovery for the 2PL so data were

generated from the 2PL
. -

s N

In some MCS studies the data-generating model is more

complex than the analysis model so that misfit is introduced
(e.g., Orlando & Thissen, 2000)
. /

2.35 Bookend: Step 5

This is the end of this step.

Step
Selection
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2.36 Outcome Measures

Step 6: Outcome Measures

Example from Drasgow (1989)

= Bias of discrimination and difficulty parameter estimates

= Distance between the true 2PL response curve and the
estimated response curve

= Comparison of observed and mean estimated standard errors

2.37 Bookend: Step 6

This is the end of this step.

Step
Selection
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2.38 Replications

Step 7: Replications

‘\

“More replications are always better in terms of producing :
more accurate and reliable estimate of the parameters of
interest.” Feinberg & Rubright, 2016

- /

s ™
The purpose of the study has an important effect on the

| number of replications selected. J

Study Purpose Replications

Parameter Recovery 500-1000+

Bayesian MCS 10-100

Comparing IRT-based methodologies 10-100
2.39 Bookend: Step 7

This is the end of this step.

Step
Selection
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2.40 Analyzing Results

Step 8: Analysis of Results

[ The independent and outcomes variables will dictate the analysis ]

Example from Drasgow (1989)

= No inferential results were reported
= Summary statistics were graphically displayed

g

2.41 Bookend: Step 8

This is the end of this step.

Step
Selection
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2.42 Simulation Standards

Standards for Monte Carlo Studies

~ ™
1. Can the problem could be solved analytically?
2. Is the study a minor extension of existing results?
N >,
3. Is an appropriate experimental design and analysis of MC results used?
' a
4. Are locally-written software or modifications of public software properly
documented?
N w
y N
5. Do the results depend on the starting values for iterative parameter
estimation methods?
- >
4 N
6. Are the choices of distributional assumptions and independent variables
and their values realistic?
A\ J
2.43 Summary

\

(- Important steps of Monte Carlo simulation studies:

&

v Always begins with a research question, and all aspects
follow from the guestion

v Simulations are not a substitution for empirical work as

they are designed to answer methodological questions j

-

-

= Demonstrated all steps from Drasgow’s 1989 parameter
recovery study

#

-

= Next steps: implement the software steps in SAS ]
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2.44 Bookend: Section 1

This is the end of this section.

Main Menu

2.45 Module Cover (END)

N( IME

ITEMS Module

Monte Carlo Simulation
Studies in IRT

Instructors Get Started
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3. Section 2: Total Score Distributions

3.1 Module Cover (START)

NCME

o ITEMS Module

. } ‘( Monte Carlo Simulation
; = Studies in IRT

~ A I Version 1.0 \
‘ ! -SECTION 2-
A | April 6, 2020

| 'l

Instructors Get Started Designers

3.2 Cover: Section 2

Section 2:

Total Score
| Distributions
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3.3 Objectives

Learning Objectives

'q a4
1. Identify situations for total 2. Articulate rationale behind total
score simulations score simulation methods
. v -
( Y
3. Describe the process for total 4. Modify example code for
score data simulation specific research scenarios
o A

3.4 Total Score Distributions

Total Score Distributions

Total score:
sum of all the scored items

Total score distribution:
distribution of the sample’s
total scores

Mean X 50
Std. Dew. X 487
Mean Y 6143

Std.Dev. Y 483

a0 0 & L]

Scorex

ot Seces Divwaubin G X

Vet Sea Davbuen GraunY)
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3.5 Simulation Goal

Simulation Goal

Simulate total scores for 1000 individuals to a 50-item test with
a specific mean, standard deviation, and other properties

1 1

Person Score

1 26

2 31
?acl? Tow represents an 3 50
individual’s total score

a4 46

1000 37

3.6 Topic Selection

Normal Distributions

Skewed Distributions

Frequency Distributions
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3.7 Bookmark: Normally Distributed Data

Normal Distributions

3.8 Standard Normal (1)

Generate Random Normal Values

X = rand("Normal",50,5);

Yields normally distributed data (mean = 50, standard deviation of = 5)

Result: We want:
i 56.2034 Test scores are 1 20
2 44,0303 typically 2 45
__——| recordedin
3 48.3771 whole numbers, 3 48
n RGET not decimals. a 47
5) 51.9494 5 52
6 53.7597 6 54
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3.9 Standard Normal (1)

Truncate Generated Values

x = rand("Normal",50,5); round () : Roundsthe

Scorex=round (x, 1) ; }———"_ variable or constant to the

nearest integer.

person X Scorex
1 56.2034 ) 56
2 44.9303 45
2 48.3771 48
4 46.6160 47
15 51.9494 52
6 53.7597 54

3.10 Bookend: Normal Distributions

This is the end of the this part.

Topic
Selection
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3.11 Bookmark: Skewed Data

Skewed
Distributions

3.12 Skewed Distribution (I)

Skewness Formula

lé N
= Generate a random standard normal value X and compute:

skewX=-c+ bX+ cX? + dX3
. _J

!

N
= b, ¢ and dcome from Fleishman’s power method implemented
via coefficient table or Proc NLP

Example l l

skew = 1, kurtosis =5

b= 0.108968 \.,\ ‘I,f
c=0.730401 '\\ /

d=0.079435

Negative Skew Positive Skew
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3.13 Skewed Distribution (II)

Skewness & Kurtosis Values

T P (| 1 it
-3.0-25-20-15-1.0-0.5 0.0 0.5 0 1.5 200 25 3.0
Shew Values

3.14 Skewed Distribution (lll)

Skewed Distribution

%let n person=100;

data TotalScore;
do person = 1 to &n_person;

x = rand("Normal",0,1);
skewx=-.108968+.730401*x+.108968*x**2+,079435*x**3;
output;

end;

run;
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Results (Slide Layer)

Adding Skew

proc means data=TotalScore skew kurt mean std;
var skewx;

run;

Skewness Kurtosis Mean Std. Dev.

1.021336 5.084481 0.005539 1.008835

These may not be the mean and
standard deviation that we want

so transformations are necessary “

3.15 Skewed Distribution (IV)

Transformation & Rounding

%let n_person=100;
%$let sd=5;
%let mean=50;

data TotalScore;

do person = 1 to &n person;

x = rand("Normal",0,1);
skewx=—.108968+.730401*x+.108968*x**2+_079435+x**3;
score=round (skewx*&sdt&mean, 1) ;

output;

el x=z%c+u

run;
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Results (Slide Layer)

Adding Skew

proc means data=TotalScore skew kurt mean std;
var skewx score;

run;

Variable Skewness Kurtosis Mean Std. Dev.

m 1.021336 0.005539 1.008835

m 1.014059 5.009353 50.0309 5.049544

3.16 Bookend: Skewed Distributions

This is the end of the this part.

Topic
Selection
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3.17 Bookmark: Data from Freq Distribution

Frequency Table
Distributions

3.18 Frequency Table (1)

Generating Values from a Frequency Table

= Simulate discrete values from a frequency distribution

r ™)
= The tabled distribution takes on the values 1, 2, ..., n
with specified probabilities

rand ("Table",pl,p2..):

DM13 Slides (Version 1.0) 45 /108

4/6/2020



3.19 Frequency Table (l1)

0 0.025
1 0.050

2 0.200 53

3 0.250 .

4 0.200 -

5 0.100 .

6 0.075

7 0.025 il I I o I e <
3 0.040 ) 1 2 3 4 5 & 1 8 9 10
9 0.025

10 0.010

3.20 Frequency Table (1ll)

Implementation

data catScore;
do person = 1 to &n_person;

Score = rand("Table"™,
0.025,0.05,0.2,0.25,0.2,0_.1,0.075,0.025,0.04,0.025,0.01};

Vector of the probability of scores from O to 1
Scorex=Score-1;

—

SRl SAS simulates scores from 1 to 11 but we want
end; them from 0 to 10 so we need to subtract 1
run;
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Results (Slide Layer)

Generating Values from a Frequency Table

Estimated Generating

Score X A :
proportion  proportion

0 0.019 0.025
. 1 0055 | 0050
029 2 0.179 0.200

5 s 3 0269 | 0250
§ 4 0.195 0.200
i 5 0121 | 0.100
008 & 0.073 0.075
. .I I-..‘ 7 0019 | 0025

0 1 2 3 4 5 L] 7 B @ 10 8 0_037 0_040

= Estimated Proportion = Generating Proportion 9 0.027 | 0.075

10 0.006 0.010

3.21 Bookend: Frequency Table Distributions

This is the end of the this part.

Topic
Selection
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3.22 Bookend: Section 2

This is the end of this section.

Main Menu

3.23 Module Cover (END)

NCME

ITEMS Module

Monte Carlo Simulation
Studies in IRT

|

Instructors Get Started Designers
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4. Section 3: Two-parameter Model

4.1 Module Cover (START)

NCME

o ITEMS Module

. } ‘( Monte Carlo Simulation
; = Studies in IRT

~ A I Version 1.0 \
‘ ! -SECTION 3-
. 1 April 6, 2020

| 'l

Instructors Get Started Designers

4.2 Cover: Section 3

Section 3:

2PL Model
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4.3 Objectives

Learning Objectives

'S

-

1. Identify key parameters in the 2
PL model for simulation

2. Describe methods of how to
chose generating parameters
v, -

7~

.

3. Articulate the process for item
response simulation using the 2PL

4. Modify example code for
specific research scenarios

.-

4.4 Simulation Goal

Simulation Goal

Simulate item responses for 100 individuals to a 14-item test

Each item is going to be dichotomously scored as

v" 1=Correct

v" 0= Incorrect

DM13 Slides (Version 1.0)

Goal dataset:

Each row
represents an
individual's
response set

Item1l HiHem2 [tem3 .. Item 14

1 1 0 1

0 1 1 0

0 1 q 0
50/ 108
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4.5 Topic Selection

Two-parameter

Logistic (2PL) Model el

4.6 Bookmark: Two-paramter Model

2PL Model
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4.7 Two-parameter Model ()

Two-Parameter Logistic (2PL) Model (1)

1
PJ(UJ = 1|wj' 9)]: 1+ e—Daj(B—bj)

-
= Probability an individual with a given ability @ correctly
answers item j that has item parameters w;

= U response on item j (1 = correct, O = incorrect)

= w;is the vector of all item parameters

= @is an ability value on the trait of interest

4.8 Two-parameter Model (Il)

Two-Parameter Logistic (2PL) Model (II)

1
1 - e—Daj(G—b}-)

P;(U; = 1|w;, 0)

l- e is Euler’s number (approx. 2.718) I

= Disthe scaling parameter
v HerewesetD=1

\_ ¥" Other common value is D = 1.702

=  g;is the discrimination parameter for item j

L = b, is the difficulty/threshold parameter for item j
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4.9 Item Characteristic Curves (I)

Item Characteristic Curves ()

P(U=1)

4.10 Item Characteristic Curves (1)

Item Characteristic Curves (ll)

Pruet)
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4.11 Bookend: Two-parameter Model

This is the end of this part.

Topic
Selection

4.12 Bookmark: Generating Parameters with 2PLM

Data Simulation

DM13 Slides (Version 1.0) 54 /108

4/6/2020



4.13 Step Selection

Generating Combining Computing

Parameters | Parameters Scores

4.14 Person Parameters

Person Parameters

%2let n_person = TE{0re) -
data person parm;

dc i = 1 to &n _person;

theta=rand('normal',0,1);

output;
end;
keep theta;

run;
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4.15 Item Parameters

Item Parameters

- - ﬂlat.a item parms;
= (Create a dataset that contains item input a b;
parameters. cards;
L J .7 =2
A7 =ik
d . - 3 17 =aE
=  This may be based off of empirical 1.7 0
estimates, previous literature, etc. 1T o5
\, v al -7k Ak
L7t 2
ﬂ_ You may randomly select item \ 1.8 =2
parameters as well. 1.5 -1
L& =55
1L @
= Literature can be helpful in i‘g 1._5
determining what distribution to 1: g 3
randomly select from. :
\_ W, \

4.16 Bookend: Step 1

This is the end of this part.

Topic
Selection
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4.17 Parameter Matrix (1)

Parameter Matrix (l)

=  We need in the same data set / parameter matrix:

v"an individual’s ability (8)
item parameters (a;and b))

v

=  \We want our data set / parameter matrix to look like this:

Theta

-1.43

2.81

a

1.7/

1L77

117

by
-2

-2

Q14

bis

4.18 Parameter Matrix (ll)

a |
1 17
2 17
3 17
4 17
5 17
6 17
7 17
3 19
9 19
10 19
1 19
12 18
13 19
1 19
Goal:

Parameter Matrix (I1)

var aj

i Tuny;

Eprcc transpose data=item parms cut=a wide prefi:

rasaE OF
FORNER
| oamusace

[ 2

?PI‘CIE transpose data=item parms out=b wide prefi

var b;

......

data items wide;

drop _name ;

merge a wide b wide;
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4.19 Parameter Matrix (lll)

Parameter Matrix (ll1)

édata all parms;

: set person parm;

] If N =1 then set items wide ;
irun;

al ] o [ 3 [ o ) L] Pl At Al an [l ] 3

] (] 17 7 13 ] 13 3 13 13 1]

7 17 17 " 13 ] 15 3 it L] 15

? i 1 14 13 ] " ] 1 18 1

7 ] 7 1] [] 3 15 3 1 ] L]

1 1 1 ] ] i 13 H 1§ ] u

1 17 17 ” 13 ] L] 3 it 13 "

" 1 7 ] 13 3 [t} 3 13 ] L]

17 1 17 17 19 3 18 3 ] 1] L]

1 17 1 1 13 ] L] L] u 18 "

12 17 17 1 1% ] L] 3 it} 1§ 1"

17 1 17 ] 15 3 18 3 13 1 u

L 1 1 17 1 1% ] 18 3 it 13 L}

I Axenay u 1H k) [H] 13 ] L] 3 it} 13 13
[ g ] 1 {h) [ f] 3 1§ 3 1§ 1] L]
[ it 17 1 " 13 i 1% L] L 15 "
[ 12 17 17 4] 1% ] L] 3 ] 13 1]
T " u 7 1] 15 3 " 3 13 13 L]
1 1 4] 1] L] 3 13 3 1 ] u

4.20 Bookend: Step 2

This is the end of this part.

Topic
Selection
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4.21 Score Computation (I)

Response Probabilities

We want a data file that looks like: Let’s consider one individual:

tem1 ltem2 Hem3 .. Item14 Theta g, by - au b
-1.43 1.7 -2 .. 19 2

1 1 0 1
0 1 1 0
0 1 1 0

1
Pl =1|w: ) = ——— M08
(U = 1]w;,6) 1+ e-a(0-2)

1 725

1) = 14+e-17(-1.43-(-2)) =-

For item 1: P(U,

" 1
For item 14: P(U14 = 1) = m = .0015

4.22 Score Computation (ll)

Response Computation (I)

®  Incorporate randomness into the process

Choose a random number between 0 and 1 with equal probability
from a uniform distribution

v"If the randomly selected value is less than or equal to .725,

assign a score of 1
v If the randomly selected value is greater than .725,

assign a score of 0

Probability of Correct Response Probability of Incorrect Response
|

}
725

. . — _ 1 _
For item 1: P(U]_ = 1) —m — S
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4.23 Score Computation (lll)

Response Computation (I)

idata responses;

set all parms;

array a{&n_item} al-a&n item;

array b{&n item} bl-b&n item;

array p{&n_item} pl-p&n item;

array item{&n item} iteml - items&n item;

4.24 Score Computation (IV)

Response Computation (l11)

run;

data responses;

set all parms;
array a{&n_item} al-a&n item;
array b{&n_item} bl-bs&n_ item;
array pl{&n item} pl-pé&n item;
array item{sn item} iteml - item&n item;
do j =1 to &n_item;
plj1=1/ (1+exp(-(aljl*(theta-b[jl1)))) -
y=rand{'uniform') ;
if y<=pl[j] then item[j]l=1;
else if y>»p[]Jj] then item[]j]=0;

end;
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Results (Slide Layer)

Results
Obs pi 4 r3 pd pe pé pT item1 itemZ item3 itemd item3 item6 item7
20 096695 084241 069557 049407 029448 015139 003156 1 1 1 0 1 1 o
21 080752 064193 043382 0.24671 012279 0.05645 001081 0 1 0 o 0 0 0
22 074623 034946 018673 008937 004026 001761 000326 A 1 1] 1 1 0 o
23 009891 000404 098616 006821 002866 084764 050406 1 1 1 1 1 1 1
24 098711 093327 085669 0.71870 052200 0.31822 007857 1 1 1 1 ] o 1
25 090371 063161 042280 023851 011807 005412 001034 1 1 o 1 0 0 o

4.25 Score Computation (V)

Data Set Cleanup

ata responses_only;
set responses;
keep item:;

e ten2 I ten) I =] | = I =3 I 51 1 = | ™0 10
Ve[ 1 1 1 v ] ] 1 1 T
2 [] ' ] 1 0 ] 1 [} 1
3 1 1 1 ) o ] 1 1 a
[ 1 1 1 ) o ] 1 1 1
T ] i 1 1 0 0 ] 1 1 1
3 ] ] [] ] 0 ] 1 1 0
7 1 1 1 1 1 ] 1 ] 1
[ ' 1 1 1 1 ] ) 1 1 1
5 1 1 1 1 o u 1 0 1
] 1 1 1 1 1 1 u 1 1 .
" o [ [ [] o 0 o 0 1 ]
7] 1 1 0 1 0 1 ] 1 1 2
13 1 1 1 1 1 1 ] 1 1 1
W 1 1 1 1 1 ] o 1 1 [
(| 1 1 1 1 1 ] (] 1 1 1
" 1 1 1 o 0 a 1 u 1
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4.26 Bookend: Step 3

This is the end of this part.

Topic
Selection

4.27 Parameter Validation (I)

Parameter Validation

One common technique is to simulate scores for a large number
of individuals (and number of items, if possible)

Two methods:

=  Fit to the population

=  Graphical
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4.28 Parameter Validation ()

Person Parameters

Simulate item responses for 10,000 individuals

$let n person = 10000;

Percent

-35 -25 15 05 05 15 25 35

Theta

Results (Slide Layer)

Percent

-35 -25 -15 -05 05 15

25 35
Theta
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4.29 Parameter Validation (Ill)

Item Parameters

Item 10 Item 14
10 _ — 1.0+ a .
b=-05 b=2 P
08 08 /
= 08 = 061
E) 3
o 04 a 04'
02 a=19 D2J #=19
004 T T 0o |\
4 2 0 2 4 -4 2 1] 2 4
Theta Theta

We can interpret parameters graphically and will focus on item difficulties

4.30 Bookend: Step 4

This is the end of this part.

Topic
Selection
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4.31 Replications (1)

Replications

“within each condition, there are often a certain number of replications.
That is, for many research questions, it may be necessary to repeat the
data generation process over multiple occasions—that is, replications—
so that the empirical estimate of the sampling distribution (due to the

simulation) of various statistics of interest may be ohserved”

Feinberg and Rubright, 2016

4.32 Replications (Il)

Replications

let n reps=50;
macro repeatIRTgen;
%do rep = 1 %to &n reps;
[data generation commands]

%end;
mend repeatIRTgen;
repeatIRTgen;

{libname sim 'C:\Users\desktop\simulation';

ata sim.Datas&rep;
set responses;
keep item: theta;

irun;
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4.33 Replications (lll)

What Do You Output?

What you save will depend on your research questions

Examples
= |f you are looking at item parameter recovery

= save true item parameters for each replication

= [f you are investigating person parameter recovery

— save true person ability parameters for each replication

= |f you are investigating a new model that does not have the same
parameters and are looking at a comparison between estimated
expected score and true score

—> save the true scores of persons

4.34 Replications (IV)

General Setup

libname sim 'C:/Users/[...]/Desktop/simulation’;
JRkkkke ki k kR dmacra variables FRdwkkke kR
%let n perscn = 100;
%let n_reps=30;
et b el e e e e e ok sk ok e e e e e e e e e e ke ok R e e e e e e e e
data item parms;
input a b;
cards;
=2

=58

B e NS S SR S Sy Sy SN
R e TR T T P R I P R P I P
Y

run;

proc sql noprint;

select count(a) into :n item trimmed from item parms;
run;
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4.35 Replications (V)

Generating Person Parameters

%macro repeatIRTgen;

%do rep = 1 %to &n_reps;

proc datasets library=work noprint;
save iltem parms;

run;

quit;

data person_parm;
do i = 1 to &n person;
theta=rand('normal’',0,1);
output;
end;
keep theta;
run;

Full code is available in the “Resources” of the module

4.36 Replications (VI)

Merging Item and Person Parameters

1 proc transpose data=item parms out=a wide prefix=a;
2 var a;

3 run;

4

5 proc transpeose data=item parms out=b wide prefix=b;
13 var b;

7 run;

8

9 data items wide;

10 merge a wide b _wide;

11 drop _name_;

12 run;

13

11 gdata all parms;

15 set person_parm;

15 If N =1 then set items_wide ;

run;
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4.37 Replications (Vi)

Simulating Responses

data responses;
set all parms;

array a{sn_item} al-a&n item;

array p{sn_item} pl-psn item;

array item{&n item} iteml - itemen item;

do j =1 to &n item;

ik
2
=
4 array b{&n_item} bl-b&n item;
5
6
7
2]

plil=1/ (1+exp(-(alj1* (theta-b[j1))));

9 y=rand({'uniform') ;

10 if y<=p[j] then item[j]l=1;

i1l else if y>p[j] then item[j]=0;
12 Enel-

13 run;

4.38 Replications (Vi)

Saving Generated Data Sets

data sim.Data&rep;
set responses;
keep item: theta;
run;

%end;
%mend repeatIRTgen;

%$repeatIRTgen;

DM13 Slides (Version 1.0)

/

Name

E datal.sas7bdat
Ez data2.sas7bdat
E data3.sas7bdat
E datad.sas7bdat

E: data5.sas7bdat

\
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4.39 Bookend: Step 5

This is the end of this part.

Topic
Selection

4.40 Other Useful Tips

Other Useful Tips

= You want your results to be reproduced

—> use a random seed

= Macros are very difficult to debug

—> develop macros only at the last step

= ltis tedious to change after hard-coding values

—> start with macro variables

= Data validation usually doesn’t go into a publication but is incredibly important

—> perform data validation

=  Don't reinvent the wheel unnecessarily

—> call outside programs when appropriate
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4.41 Bookend: Section 3

This is the end of this section.

Main Menu

4.42 Module Cover (END)

NCME

ITEMS Module

Monte Carlo Simulation
Studies in IRT

‘ l
4
l END OF
; SECTION 3

Instructors Get Started Designers

|
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5. Section 4: Graded Response Model

5.1 Module Cover (START)

NCME

o ITEMS Module

. } ‘( Monte Carlo Simulation
; = Studies in IRT

~ A I Version 1.0 \
‘ ! -SECTION 4 -
A | April 6, 2020

| 'l

Instructors Get Started Designers

5.2 Cover: Section 4

Section 4:

Graded
Response

Model
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5.3 Objectives

Learning Objectives

r ' b,
1. Identify key parameters in the 2. Describe how GRM simulation is
graded response model an extension of 2PL simulation

AN .

4 Y A
3. Articulate the process for item 4. Modify example code for
response simulation using the GRM specific research scenarios

\_ A J

5.4 Simulation Goal

Simulation Goal

= Simulate item responses for 500 individuals to a 10-item survey

according to the graded response model

=  Each item will be polytomously scored with responses 0, 1, 2, 3, and 4

= |deally, we want to end with a data file that looks like:

Person Item1l Item2 Item3 .. Item 10

Each row represents an
individual’s response set
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5.5 Topic Selection

Graded Response Data
Model Simulation

5.6 Bookmark: GRM

Graded Response
Model
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5.7 GRM (1)

Overview

Probabilities (p;;y ) for individual score categories are defined as

differences between cumulative probabilities (p,-}k)

Example

Pf}k=3 - PE}k=4 = Dijk=3
= - B -l DR

Each p;jy is modeled as a 2PL

5.8 GRM (I)

Core Formula

, B 1
P/ (Y 2k|9)—m

= Cumulative probability an individual with a given ability or trait @
selects or receives a category score of k or higher for item j

= Ujresponse on item j

= @is an ability value on the trait of interest

= g;is the slope/discrimination parameter for item j

= by is the threshold parameter for item j and category k

*=  Disthe scaling parameter

v HerewesetD=1
¥ Other common value is D = 1.702
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References (Slide Layer)

Reference

o espanse Theory pp 85100 | Cite as

Graded Response Model

Abstract

The graded resp

Keywords

Latent Trait Item Parameter Homogeneous Case Partial Credit Grade Response Model

5.9 GRM (Ill)

Response Probabilities

1
a8 e—Daj(e—bjk)

P (U; = k|o) = :

Item j with Categoriesk = 0,1, ..., K

P(U;=0)=1-P(U; = 1]6) k=0
Pi(U; = k) = P; (U; = k|8) — P (U; = k + 1]0) 1<k<K-1
Pi(U; = K) = P (U; = K|6) k=K
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5.10 GRM (IV)

Example: =1

1 .036 1

2 .280 .964
3 .232 .684
4 .093 A52
5 .359 359

Category Probabilities

Cumulative Probabilities

::‘, ] L3 ‘ i ‘: " /“ / /f /

/
/N )
Al
02 e 02
01 5 o /:_)__7__ {4_\5\ 0l )
- — - - e 00 —
0 20 a0 00 o 20 30 o
[

5.11 GRM (V)

Thresholds

®* bjiis the threshold parameter for item j and category k

* b is the point on the 6 scale in which a respondent has a
0.5 probability of selecting that category or greater

* For an item with K categories, there are K — 1 thresholds
Example

For an item with 5 categories scored 0, 1, 2, 3, and 4,

there are four thresholds such that:

bjy < by < bz < by,
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Graphic (Slide Layer)

a=19 b1=—2 b2=—1 b3=0 b4=1
1.0 e met
0.8

0.6

Prabability

04+

0.2

00-
-4 -2 0 2 4

5.12 Bookend: GRM

This is the end of this part.

Topic
Selection
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5.13 Bookmark: Data Simulation

Data Simulation

5.14 Step Selection

Generating Combining Computing Computing

Parameters Parameters Probabilities Scores
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5.15 Person Parameters

Person Parameters

%let n person

=5(010) 5

data person parm;

&N_person;

ClnEite=eano (¥ mamEmsil Y 0], k) g

do i =1 to
output;
end;

keep theta;
run;

5.16 Item Parameters

Item Parameters

@ ™)
= (Create a data set that contains

item parameters
\ y

(: : ™y
=  This may be based off of

empirical estimates, previous
literature, etc.

—
®  You may randomly select item
parameters as well

® Literature can be helpful in
determining what distribution
to randomly select from )

DM13 Slides (Version 1.0)

Create a value named theta.

Randomly select theta value
from a normal distribution
withmean=0and var=1

data item parms;
input a bl b2 b3 b4;

cards;

1.2 = =1 0] 1
1.2 =1.5 T 5 ]
1.2 S 0 1 2
Tiz Sy 5 dubh o5
E o 0 a5 1 L]
1.8 =7 =1 0 1
g R B B 5 =B
Eons =1 0 1 2
1.9 = B 1ah ]
149 ] =5 1 o5

run;
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5.17 Bookend: Step 1

This is the end of this part.

Topic
Selection

5.18 Parameter Matrix (1)

Parameter Matrix (1)

=  We need in the same data set / parameter matrix:
¥ anindividual’s ability parameter 8

v' item parameters a; and by

=  We want our data set / parameter matrix to look like this:

1.43 1.2 -2 -1 0 1 1.9 0 5 1 1.5
2.81 ks -2 -1 0 1 1.8 0 5 1 1.5
0.09 1.2 -2 -1 0 1 1.2 0 5 1 1.5
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5.19 Parameter Matrix (1l)

Parameter Matrix (I1)

proc transpose data=item parms out=a wide prefix=a;
var a:
run;

proc transpose data=item parms out=bl wide prefix=bl :
var bl;
run;

proc transpose data=item parms out=b2 wide prefix=b2 ;

var b2; Turn
run;

parameters
proc transpose data=item parms out=b3 wide prefix=b3_; into wide form
var b3;
run;

proc transpose data=item parms out=b4_wide prefix=b4 ;
var b4;
run;

data items wide;
merge a_wide bl _wide b2 _wide b3_wide b4_wide;
drop _name ;

Tun;

5.20 Parameter Matrix (11)

Parameter Matrix (1)

idata all parms;

=) S€t person parm;
) if N =1 then set items wide ;

irun;

pr—— o pp—— ” pre—— y L3 ey e e
T 0 0 o T - T
i3 . H it “ H
I R I i - H
i » o ou I " - H
i » > s . s H
i3 - I . - H
‘- b R I H » H
2 - I s e - H
T : R i LT iH N H
12 - I - " - H
" wooon I - i a H
H W H S " - H
H W " W i a H
H wooom I wooom " o H
i M . " " . " as H
H wooom H wooom iH ;! H
12 I s i " s i o H
i 2 wooom 1 wooom iH o H
12 wooom i oo . P H
wooom 1 wooom o H
oo " oo o H
i : W 1 wooom o H
i 3 oo " oo o H
12 wooom H W a
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5.21 Bookend: Step 2

This is the end of this part.

Topic
Selection

5.22 Cumulative Probabilities

Cumulative Probabilities

ay byy by

bias bygy .

1

SIS

PU 21 = 1 + e-12(143-(-2)

P(U, =2)= S S 949
U22)= 1+ e-12(143-(-1)

P(U; =23) = —1 =.848
Uy 23)= 1+ e-12(143-(@) ~ °

P(U, = 4 SV — 2
(Ur24)= 1+ e-12(143-(1)) (2
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5.23 Category Probabilities

Category Probabilities

P;j(U; =0)=1-P;/(U; 2 1|6)
== opd =015

Pj(U; =1) =P/ (U; 2 1/|0) - P/ (U; = 2|6)
= 984 — 949 = 035

P;(U; = 2) = P/ (U; = 2|6) - P} (U; = 3|6)
949 — 848 = 101

P;(U; =3) = P/ (U; 2 3|6) — P/ (U; = 4(6)

.848 — .626 = .221

P;j(U;=4) =P (U; = 4/9)
= .626

5.24 Bookend: Step 3

This is the end of this part.

Topic
Selection
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5.25 Response Computation (I)

Response Computation ()

Prob prob  prob Prob Prob
of 4

* Choose a random number between 0 and 1 with equal F{f(Uj = 0) =.016
probability from a uniform distribution PJ(U_, = 1) =.035

P(U;=2)=.101
Pi(U;=3) =221
Pi(U; = 4) = 626

* [f the random number falls between response categories
k-1 and k then response category k is assigned to the item

5.26 Response Computation (ll)

Response Computation (l1)

data responses;
set all parms;
array a{&n item} al-a&n_item;
array bl {&n item} bl 1-bl &n item;
array b2 {&n item} b2 1-b2 &n item;
array b3 {&n item} b3 1-b3 &n item;
array b4:{&n:item} b4:17b4:&n:item;

array pO{&n item} p0 1-p0 &n item;
array pl{&n item} pl 1-pl &n item;
array p2{&n item} p2 1-p2 &n item;
array p3{&n:item} p3:17p3:&n:item;
array p4{&n item} p4 1-pd &n item;

array item{&n_item} iteml - item&n item;
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5.27 Response Computation (Ill)

Response Computation (lII)

do j =1 to &n item;
pl star=1/(l+exp(-(aljl*(theta-bl [j1)))})/
p2_star=1/{(1l+exp(-(al[j]l*(theta-b2 [j1)))): Calculate cumulative
p3_star=1/(1l+exp(-(aljl* (theta-b3 [j1)))})/ probabilities
p4_star=1/(l+exp(-(aljl* (theta-b4 [j1))))/

p0[jl=1-pl_star;
pl[jl=pl_star-p2_ star;
p2[jl=p2 star-p3 star;
p3al =p3:star—p4:star;
p4[jl=p4 star:

Calculate score
probabilities

score temp=rand("Table", p0[jl, plljl, p2[jl, p3I[J1, p4[Jl)}:
item[jl=score temp-1:

end; ¢ y e s |
| Convert scores (0-4) | [ -Assign scores {1-5}

5.28 Data Set Cleanup

Data Set Cleanup

data responses only;
Keep only variables set BSOS,
with prefix “item” keep item:;

run;

= tem2 | tem3 Bemd | tem5 | dem6 |  tem? | mem8 | ems | temi0 |

1 4 3 3 4 4 4 4 3 2 3

2 4 k] 2 2 4 4 4 1 k) 3

3 4 3 2 2 4 4 3 4 3 4

L) 3 2 2 o 0 3 1 1 0 0

5 4 3 3 1 0 3 L] 2 3 ]

6 3 3 2 1 0 4 3 2 1 4

7 3 1 2 1 1 2 ] 3 2 1

F] 3 2 0 0 ] 2 3 0 0 0

3 3 1 1 3 L] 1 [} 1 2 ]
0 1 2 a 1 4 3 1 2 2 o

n 2 4 4 4 4 4 4 1 4 1
R 3 2 2 2 0 3 3 3 1 3
e 1 1 0 0 F] 0 0 1 0 ]
i H 4 ] 1 1 1 H 3 1 1

15 3 o ] 0 [] 3 [] 0 0 ]
1% 1 ] 0 0 [] 3 0 0 0 0
7 3 1 ] 0 ] 2 2 0 2 0

18 2 4 1 ] 3 1 3 4 1 2
1% 1 2 a 1] 1 [] L] [] L] 0

2 0 3 0 0 [] 0 [] 0 0 0
21 2 2 1 3 E) 2 E) 2 3 3

2 2 1 1 0 0 3 2 0 1 4
=] 2 3 2 ° 1 1 2 0 ! s
1] ‘ 4 3 1 0 3 4 2 2 3
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5.29 Item Parameter Validation

Item Parameter Validation

£ s % 06
é 04 & 044
02- 02-
0o T T T —"'—r 00 T T T T T
4 2 1] 2 4 -4 2 0 2 4
Theta Theta
a=1.9 bl=0 b=2.5 b3=1 b4=1.5
5.30 Bookend: Step 4

This is the end of this part.

Topic
Selection
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5.31 Bookend: Section 4

This is the end of this section.

Main Menu

5.32 Module Cover (END)

NCME

ITEMS Module

Monte Carlo Simulation
Studies in IRT

|

Instructors Get Started Designers
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6. Section 5: Bifactor Model [Advanced]

6.1 Module Cover (START)

NCME

o ITEMS Module

. } ‘( Monte Carlo Simulation
; = Studies in IRT

~ A I Version 1.0 \
‘ ! -SECTION 5 -
A | April 6, 2020

| 'l

Instructors Get Started Designers

6.2 Cover: Section 4

Section 5:

Bifactor
Model

[Advanced]
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6.3 Objectives

Learning Objectives

r ' b,
1. Articulat h ti
euiate res?arc e 2. Describe a data generation
related to the bifactor model for ik :
) ) . process for multidimensional data
simulation studies
AN .
4 Y A
3. Adapt sample code to conduct 4. Interpret results from a bifactor
a simulation for bifactor models simulation
\_ A J

6.4 Topic Selection

Data
Simulation

Bifactor Model

Section End
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6.5 Bookmark: Bifactor Model

Bifactor Model

6.6 Bifactor Model (I)

Overview

[ . Bifactor models are multidimensional

v General factor: Primary trait of interest

v" Specific (secondary) factors: Capture the residual item
relationships beyond those accounted by the general factor

p
C Each response is determined by the general and no more than one ]

3 specific factor

= The specific factors are orthogonal to the general factor (uncorrelated)
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6.7 Bifactor Model (1l)

Visualization

Unidimensional IRT Bifactor IRT

6.8 Bifactor Model (Ill)

Iltem Parameters

~
= Discrimination parameters for each

item on the general trait
- w

=  Discrimination parameters for each
item on the relevant specific trait
o

= One difficulty parameter per item

(not shown in graphic)
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6.9 Bifactor Model (1V)

Core Formula

1
P}(U} - 1|wf’9) - 1 4 e~ (@js18s1+0)s52052+ajg05+d)

t1 Tttt 1ttt

Pj-: Response probability for item j

Uj: Response on item j
1: correct
0: incorrect
U; = 1: We are specifically modeling the probability of a correct response

w;: Vector of all item parameters for item j

6: Vector of person parameters (general and specific)

6.10 Bifactor Model (V)

Item Parameters

1
1 + e—(aj31951+a}-52952 +aj99g+dj)

L S B B |

(U = 1], 0) =

@js1: discrimination parameter for item j on specific trait 1

Qjs: discrimination parameter for item j on specific trait 2

gt discrimination parameter for item j on the general trait

d;:  difficulty / threshold parameter
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6.11 Bookend: Bifactor Model

This is the end of this part.

Topic
Selection

6.12 Bookmark: Data Simulation

Data Simulation
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6.13 Simulation Goal

Simulation Goal

7

=  Simulate Item Responses for 1000 individuals to an 10-item test

according to the bifactor IRT modef

=  Eachitem will be dichotomously scored as:
1= Correct

0 = Incorrect

= |deally, we want to end with a data file that looks like:

Item1l Item2 Item3 .. Item10
Each row represents an 1 1 0
individual’s response set 0 1 1 0
0 1 1 0

6.14 Step Selection

Simulation Steps

1. Specifying the IRT research question(s)

0

2. Defining and justifying conditions

3. Specifying the experimental design and outcome(s) of interest
4. Simulating data under the specified conditions g
5. Estimating parameters

6. Comparing true and estimated parameters

7. Replicating the procedure a specified number of times

8. Analyzing results based on the design and research questions

Click on each row to learn more Topic
Selection
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6.15 Research Questions

Step 1: Research Question(s)

= Example: Cai, L., Yang, J., & Hansen, M. (2011). Generalized full-information
item bifactor analysis. Psychological Methads, 16(3), 221-248.

Research Question: What are the bias and precision of the item parameters
from a mixed format (dichotomous and polytomously scored) bifactor
assessment?

=  Example: Fukuhara, H., & Kamata, A. (2011). A bifactor multidimensional item
response theory model for differential item functioning analysis on testlet-

based items. Applied Psychological Measurement, 35(8), 604-622.

Research Question: What is the accuracy of estimating DIF magnitude by the
\L proposed bifactor MIRT DIF model? _)

6.16 Bookend: Step 1

This is the end of this step.

Step
Selection
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6.17 Justifying Conditions

Step 2: Justifying Conditions

= (Cai, Yang, & Hansen (2011)

Discrimination on the dichotomous and polytomously
scored items

= QOur simple example will manipulate sample size
n =500
n = 2000

6.18 Bookend: Step 2

This is the end of this step.

Step
Selection
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6.19 Experimental Design

Step 3: Experimental Design

4 N
= (ai, Yang, & Hansen (2011):

Bias and estimated standard errors of the item parameters

Y

>,
{

= Our simple example will focus on bias of the item parameters

E?:l (631 - wtrue)

n

bias =

* @j is the estimated item parameter for replication i
* Wyrye is the generating item parameter
* nis the number of replications

6.20 Bookend: Step 3

This is the end of this step.

Step
Selection
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6.21 Remaining Steps

Remaining Steps

L Generate person parameters

[ u Generate item parameters ]

of correct response for each person to each item
—

= Estimate item parameters !

="  Compare true and estimating parameters

L] Replications l

—_—

=  Apalyze results based on research question

=  Simulate the item response by computing the probability ]

6.22 Person Parameters

Step 4: Person Parameters

%let n person = 500;
data person parm;
do i =1 to &n person;
thetas=rand('normal',0,1);
thetam=rand('normal',0,1);
thetag=rand('normal',0,1);
output;
end;
keep thetas thetam thetag:;

run;
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6.23 Item Parameters

Step 4: Item Parameters

=  Borrow item parameters AL e 4
from DeMars (2013) 1 1.06 0.44 0 -0.01
= Loadings not in the 2 1.59 0.45 0 -0.13
model are fixed to 0 3 0.98 036 0 0.44
4 0.88 0.48 0 -0.34
5 0.27 0.33 0 1.26
6 1.04 0 0.51 -0.77
7 0.61 0 0.23 -0.07
8 aLsgt 0 0.45 -0.14
9 0.96 ] 0.46 2.22
10 1.20 0 0.42 0.18

6.24 Parameter Matrix (1)

Step 4: Parameter Matrix (1)

data item parms;
input ag as am d;
SEEE EE

1.06 .44 0 -.01
Aol ols (1) =4l5]
0.98 .36 0 0.44
0.88 .48 0 -.34
a7 28 0 La2E
Aoy (o) Sial = 7))
Mol O 5258 =s07
1.34 0 .45 —-.14
0.96 0 .46 2.22
1.20 0 .42 0.18
;

run;
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6.25 Parameter Matrix (Il)

Step 4: Parameter Matrix (Il)

= We want our data set / parameter matrix to look like this:

Thetag Thetas Thetam a_gl a_sl a_ml d_1
-1.43 1.02 0.22 1.06 0.44 0 -2
2.81 -0.05 0.57 1.06 0.44 0 -2
0.09 13 -0.25 1.06 0.44 0 -2

®=  Each row represents an individual

" Individuals are all answering the same items so the item
parameters are the same for each line

6.26 Parameter Matrix (lll)

Step 4: Parameter Matrix (111)

proc transpose data=item parms out=as_wide prefix=as;
wvar as;
run;

proc transpose data=item parms out=am wide prefix=am;
var am;
run;

proc transpose data=item parms out=ag wide prefix=ag;
var ag;
run;

proc transpose data=item parms out=d wide prefix=d;
var d;
run;

data items wide;

merge as wide am wide ag wide d_wide;
drop _name_;

run;
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6.27 Parameter Matrix (IV)

Step 4: Parameter Matrix (IV)

. Let’s consider one individual and the first item:

thetas thetam thetag asl aml agl dl1

154 -130 031 044 0 1.06 -0.01

L] We want a data file that looks like this: ‘
Item 1 Item 2 Item 3 w  ltem 10
1 1 0 1
0 1 1 0
o] 1 1 0

6.28 Parameter Matrix (V)

Step 4: Parameter Matrix (V)

data responses;
set all parms:
array as{&n item} asl-asen item;
array am{&n_item} aml-am&n item;
array ag{sn item} agl-agén item;
array d{&n_item} dl-d&n_item;
array p{&n_item} pl-p&n item:
array item{sn item} iteml - item&n item;
do j =1 to &n item;

plil=1/ (1+exp(-{(as[j] *thetas+am[]j] *thetam+ag[j] *thetag+d[j])

y=rand ('uniform') ;
if y<=p[j] then item[j]=1:
else if y>p[j] then item[]j]=0:

1
T+ o~ (@s105 i O #5105+ 450

end;

Py(U; = 1|w;,0) =

run;
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6.29 Bookend: Step 4

This is the end of this step.

Step
Selection

6.30 Parameter Estimation

Step 5: Parameter Estimation

Estimate the bifactor model in PROC IRT

proc irt data=responses:
var iteml-itemlO:
factor Factorg===> iteml-itemlO,

Factors===> iteml-item5= 1. loadZ load3
load4 loadb,

Factorm===> itemé-itemlO= 1. load7 loads
load9 loadlO:

ods output ParameterEstimates=dl slope=al;
run;

quit;
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6.31 Bookend: Step 5

This is the end of this step.

Step
Selection

6.32 Parameter Comparison (l)

Step 6: Parameter Comparison (I)

data bias;

merge item parms dl al;
biasd=d-Estimate;
biasag=ag-Factorg;
biasas=as-Factors;
biasam=am-Factorm;
item=_n_;

run;
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6.33 Parameter Comparison (1)

Step 6: Parameter Comparison (1)

items a biasag biasas biasam biasd

£
.00 -0.0 8
3 0.98) 0.03178
4 0.88§ -0.0007 0.0003
5 -0.0299
6 1.04§ -0.1116
7 -0.0184
8 1.34§ -0.041e6
9 096 -0.0267 .
10 0.01481 -0.0067
6.34 Bookend: Step 6

This is the end of this step.

Step
Selection
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6.35 Replications (1)

Step 7: Replications

%macro IRTsim;
%do rep = 1 %to &n reps;

[Data generation steps]

[Model estimation steps]
[Compute bias steps]

%end;
#mend IRTsim;

2 IRTsim;

6.36 Replications (ll)

Step 7: Keeping Track of Conditions (I)

Zmacro IRTsim;

%do np = 500 %to 2000 %by 1500;

%do rep = 1 %to &n_reps;
[Data generation steps]

[Model estimation steps]
[Compute bias steps]
%$end;
%$end;
%mend IRTsim;
$IRTsim;
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6.37 Replications (Ill)

Step 7: Keeping Track of Conditions (ll)

data responses; set all_parms:
array as{&n item} asl-ass&n item;
array am{&n_item} aml-am&n item;
array ag{&n_item} agl-agé&n item;
array d{&n_item} dl-dan_item;
array p{&n_item} pl-ps&n_item:
array item{&n item} iteml - iteman item;
do j =1 to &n item;
pljl=1/(1+exp(-(as[]j]l*thetas+am[]j]*thetamtag[]]*thet
+d[j1)) )¢ y=rand ("uniform') ;
if y<=p[j] then item[jl=1:
else if y>p[j] then item[j]=0;
end;
drop Jj;
rep=&rep;
n=&nNp;

6.38 Bookend: Step 7

This is the end of this step.

Step
Selection
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6.39 Analyzing Results

Step 8: Analyzing Results

n =500 n = 2000
2 | A
& 1+
L]
= A .
0—- _.-.As.:..‘.._...‘ _____ ._...'_._.’:,.c.._..........,. .
4 + =
] I | I | | I I
4 0 1 2 4 0 1 2
Generating parameter
* Bias (d) 4 Parameter Estimate (d)
6.40 Bookend: Step 8

This is the end of this step.

Step
Selection
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6.41 Bookend: Section 5

This is the end of this section.

Main Menu

6.42 Module Cover (END)

NCME

ITEMS Module

Monte Carlo Simulation
Studies in IRT

‘ l
4
l END OF
; SECTION 5

Instructors Get Started Designers

|
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