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1.5 Welcome

1.6 Overview

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

3 ]
LR -
The module has five content ‘

sections, an applied activity
section, and various quiz
questions.

/R BN |
In the player menu the slides
for all sections can be accessed
individually along with resources

and a glossary.
|

DMO4 SLIDES

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.

Please type your name here:

In this module you will learn about

best practices around diagnostic
measurement models.

| 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!

\

3/110

Version 1.4



1.7 Target Audience: General

Target Audience: General

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

= graduate students in Master’s , Ph.D. or certificate programs
= psychometricians and other measurement professionals

= data scientists / analysts

= research assistants or research scientists

= technical project directors

= assessment developers

We hope that you find this module useful no matter what your
title or role in a professional organization or institution is!

1.8 Target Audience: Specific

Target Audience: Specific

There are two broad groups of users who we think will be interested in and

benefit from the checklists presented in this module

\_ J

Click on the buttons above to learn more or, alternatively,
advance to the next slide to continue with the introduction
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1.9 Target Audience: Scientific Users

Target Audience: Scientific Users

Estimating DCMs requires the use of specialized software (e.g., Mplus, SAS, R),
significant time investment, as well as psychometric expertise / experience

Therefore, we envision that the ‘Estimation’, ‘Model Fit Evaluation’ and
‘Interpretation’ checklists will mostly likely appeal to scientific users

These include:
= data analysts / scientists
= research assistants or research scientists

= psychometricians and other measurement professionals
= graduate students in Master’s, Ph.D. or certificate programs

1.10 Target Audience: Applied Users

Target Audience: Applied Users

The ‘Reporting’ checklist is general and provides a template for reviewing
the quality of the methodology and reporting of DCM studies

Therefore we envisage that this checklist will likely appeal to applied users:

= journal editors

= peer reviewers

= funding agencies
= readers
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1.11 Scope (1)

Let’'s discuss expectations....

1.12 Scope (1)

ITEMS Modules in Context

DIGNDSTIC
MEASUREMFAT

Thep =, and

«

»"An ré A. Rupp

«Jonathan Templin
Robert A. Henson
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1.13 Scope (1)

Scope of Module

This madule guides the learner through the application of
Diagnostic Classification Models (DCMs) to real-world data using
four succinct and easy-to-follow checklists:

il Estimation Checklist

v

2 Model Fit Evaluation Checklist

v

3 Interpretation Checklist
¥
4 Reporting Checklist

1.14 Prerequisites

In order to maximize your learning experience within
this module, you should ideally have:

"  Basic experience using SAS

=  Basic experience using Mplus

® Basic understanding of the core concepts of
structural equation modeling (SEM)

However, no previous knowledge or experience with
DCMs is necessary
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1.15 Objectives (1)

Learning Objectives: Background

Understand the benefits of DCMs aver other classification models

2 Understand key statistical properties and foundations of DCMs

3 Understand the type of outputs generated by DCMs

Background

4 Learn various labels used to describe DCMs

5 Understand the basic goals for and key terminology around DCMs

1.16 Objectives (1)

Learning Objectives: Framework & Checklists

6  Understand the key statistical properties of the LCDM

Understand differences between the LCDM and ANOVA

LCDM
Framework

8 Understand the motivation and purpose of DCM checklists

9  Understand the purpose and benefits of checklists in general

10 Learn how checklists are used in applied settings

Checklist
Development

11 Understand the structure of the four DCM Checklists
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1.17 Objectives (1)

Learning Objectives: Usage & Activity

12 Understand how to use the DCM checklists in order to
estimate, evaluate, interpret and report the results of a
DCM analysis

Checklist
Usage

Specify and estimate an LCDM and C-RUM using real-life data
and Mplus

Perform relative model fit analyses and choose a best-fitting
model

Interpret the resulting parameter estimates and perform
basic computations

Activity

16 Translate the findings into a brief diagnostic score report

1.18 Resources

Resources

Carragher N., Templin J., Jones P., Shulruf B., & Velan G. M. (2019).
Diagnostic measurement: Modeling checklists for practitioners (Digital
ITEMS Module 04). Educational Measurement. Issues and Practice, 38,

89-90. Available online at https://ncme.elevate.commpartners.com/

Module Citation

(11| Tube

Additional References Jon Templin's Channel
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1.19 Main Menu

Conceptual Foundations

n [20 Minutes]

05 Checklist Usage
[30 Minutes]
LCDM Framework
[10 Minutes] r
06 . dlf\ctlvity
20" “inutes]

., Other Diagnostic Models . -
= [10 Minutes]

Theory
8d11deid

0
07 tlizzes
[10

04 Checklist Development
[10 Minutes]

This slide deck covers the first five content sections only.

2. Section 1: Conceptual Foundations

2.1 Cover: Section 1

Welcaime Section 1:

%LearnerName%:!
Conceptual
Foundations
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2.2 Learning Objectives: Section 1

Learning Objectives

1. Understand the benefits of DCMs over traditional classification models

2. Understand key statistical properties and basic foundations of DCMs

3. Understand the type of outputs generated by DCMs

4. Learn various labels used to describe DCMs

5. Understand the basic goals for and key terminology around DCMs

2.3 Topic Selection

General Motivation: Modeling Approaches:
Diagnostic Measurement IRT vs. DCMs
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2.4 Bookmark: General Motivation

General
Motivation

2.5 General Motivation (I)

General Motivation ()

Assessments are ubiquitous:

= primary, secondary and tertiary education

= screen or diagnose a medical or psychological condition
® music examinations

= eye-sight tests

= DNA or genetic testing

mNlEEest

= personality tests

= driving test. ..

You take an assessment, you get a score, which is used for decision-making
(e.g., to provide educational or clinical classifications using a cut-point).

But what if tests gave you more than just a single score...?
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2.6 General Motivation (ll)

General Motivation (ll)

What if the assessment gave you:

= fine-grained information on multiple skills for a content area
= classification of learners into groups with similar skill profiles
= adaptive assessment that is fine-tuned to skill profiles

-> diagnostic measurement & diagnostic classification models (DCMs)

2.7 Applications of DCMs

Applications of DCMs

Psychiatry

=  DSM symptoms that a person endorses
-> leads to a differentiated clinical diagnosis / tailored treatment

Organizational Psychology

=  Skills of an applicant that are matched to job requirements
->» leads to more informed acceptance / rejection decision

® employee’s or firm’s performance to diagnose where deficits occur
-> more tailored professional development

Education

= Competencies or skills that a person has /has not mastered
-> leads to instructional interventions / learning support
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2.8 lllustration

Hlustration

Using CTT and IRT models
(norm-referenced):

@ = Jake obtained a score of 20 Q

Jake is at the 60" percentile

= Jake has an ‘intermediate’
level of performance

= Jake passed the exam

Using DCMs
(criterion-referenced):

= Jake is proficient in
addition
= Jake is proficient in

subtraction

= Jake should work on
multiplication

= Jake should work on
division

Some DCMs also allow for higher-order summaries of performance on
higher-order attributes / dimensions

2.9 Terminology: Model Labels

Terminology: Model Labels

Cognitive diagnosis models

Cognitive psychometric models

Skills assessment models

Latent response models

Restricted (constrained) latent class models

Multiple classification models

Structured located latent class models

Structured item response theory models
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2.10 Terminology (ll)

Terminology: Resources

The next slide provides some basic
terminology for the ITEMS module

Additional terms are explained in the
‘Glossary’ section of the player interface for
this ITEMS module

An extensive glossary is also provided in
the book ‘Diagnostic Measurement: Theory,
Methods, and Applications’

2.11 Basic Terminology

DIAGNOSTIC
MEASUREMENT

Theory, Methods, and Applications

=

Robert A. Henson

Terminology: Mini Glossary

Term Conceptually

Attribute Unobservable features
| Diagnosis . Clinical evaluation
| Dimension . Construct aspect

Item . Stimulus
| Latent variable . Dimension
| Latent class . Group of learners
Q-matrix . Design mapping

Psychometrically

Statistical variable
Statistical classification
Statistical variable
Statistical variable
Statistical variable

Set of observations

Matrix with numbers

Click on each row to see an additional explanation. m
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2.12 Attribute

Attributes

®  Conceptually, the term attributes refers to skills, dispositions, or any other
constructs that are related to the behavioral procedures or cognitive
processes that a learner must engage in to solve an assessment item

"  Psychometrically, attributes refer to unobserved (latent) variables in a
statistical model (DCM), which are measured through the assessment
items and encoded in a Q-matrix [see definition]

QUESTIONS
1-cZAe c D
2- ase@®
3- ABx oD
4- AR D
5- A sl0

6.:AJECD m

2.13 Diagnosis

Conceptually, a diagnosis can refer to a comprehensive clinical evaluation
of a person, sometimes with reference to a clinical manual such as the
DSM

®  Psychometrically, a diagnosis refers to the classification of a learner into
one of several unobserved (latent) classes via a statistical model (DCM)
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2.14 Dimension

®  Conceptually, a dimension can refer to an aspect or facet of a cognitive
response process that a learner engages in while responding to an
assessment item

" Ppsychometrically, a dimension is a statistical variable on which learners
can be ordered from low to high to facilitate rank ordering of learners (IRT)
or classify learners (DCM). Dimensions are also known as attributes [see
definition] and encoded in a Q-matrix [see definition]

Standard Daviations m

2.15 Item

®  Conceptually, an item is a physical or digital stimulus presented to a
learner to which they respond by selecting a response from various
options presented or by providing a constructed response

| E——— |

= psychometrically, an item is related to a statistical variable, which is the
score that the learner received for their response to the item
(dichotomous or polytomous)

Data File i
Example
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2.16 Data File: Example

Data File: Example

[ Columns = Items I
Item 1 Item 2 Item 3 Item 4 ltem 5 ltem &
s Individual 1 1 o 1 0 1 1
Individual 2 1 0 0 0 0 0
@
=
:E Individual 3 0 1 1 1 0 1
:E
T Individual 4 1 0 ] 1 0 0
n
2
2 Individual 5 1 1] 0 ] 0 0
Individual 6 0 1 1 1 0 1
—
Individual 7 1 o 1 0 1 0
Individual 8 1 0 0 1 0 1
Cells = Observed Item Response
(0 = incorrect / not endorsed, 1 = correct / endorsed)
2.17 Latent Variable

Latent Variable

®  Conceptually, a latent variable is a dimension along which we compare
learners whose meaning is anchored in our definition of the construct
that the assessment is measuring

®  Psychometrically, a latent variable is an unobserved statistical quantity
that we estimate using the observed scores from learners along with the
associated item parameters for the assessment items

©

© ©
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2.18 Latent Class

Latent Class

®  Conceptually, a latent class is an unobserved grouping of learners that
share similar characteristics — in the case of DCMs, this is the same set of
attribute mastery statues / attribute profiles

" Ppsychometrically, a latent class is an unobserved classification state into
which learners are sorted by estimating model parameters. The number ol
latent classes is pre-determined by the number of attributes and the
number of mastery levels. The latent classes are mutually exclusive

2.19 Q-matrix

®  Conceptually, a Q-matrix shows the association between items and
dimensions for an assessment or indicates which items provide
measurement information about which dimensions

"  Psychometrically, a Q-matrix is a two-dimensional table (rows represent
items, columns represent attributes) with numeric entries (typically 0s
and 1s) that is used to compute the response probabilities for individual
items and latent classes under a given DCM

Attribute 1 | Attribute 2 Attribute 3
(Item 1 0 1 0
Item 2 1 0 0
Item 3 1 1 0
\ Iltem4 X 0 1 1 5

Q-matrix
Example
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2.20 Qmatrix: Item-attribute Alignment

Q-matrix: ltem-attribute Alignment

= A Q-matrix is a central feature of DCMs and specified a priori to indicate
which latent attributes are measured by each item (i.e., item-attribute
alignment)

= A Q-matrix is identical to the
factor pattern matrix in a
confirmatory factor analysis

2.21 Q-matrix: Example

Q-matrix: Example

visval

verbal |-

Highest level of
Item Attribute 1 Attribute 2 interaction

1 1 0 1

1] 1 1
4 1 0 1
5 1 0 1
6 1 0 |
i : | 0 1
8 : | 0 1
9 1 1 iz
10 1 0 1
11 2
12 2
13 2

el seregrpn }-' en_;:'_i
» -

"ol wordmean )-‘-_arr_u.-

Attribute columns: 1 = attribute is measured, 0 = attribute is not measured

Level of interaction: 1 = main effect, 2 = 2-way interaction

DMO4 SLIDES
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2.22 Q-matrix: Specification

Q-matrix: Specification

® The specification of a Q-matrix underlies all inferences resulting from a
DCM analysis. Therefore, accurate specification of the Q-matrix is
critical as it affects model fit and interpretation

= |In education, the initial specification of a Q-matrix typically requires
content-specific learning theory and expert insights from teachers,
researchers and psychometricians

= Verifying the item-attribute alighment is a complex process that
requires substantial qualitative research to identify the specific mental
processes that examinees use to respond to items

2.23 Q-matrix: Retrofitting

Q-matrix: Retrofitting

= Since large-scale
applications of DCMs are
still in their infancy, there
are few studies that have
prospectively created tests
designed to be modeled
with a DCM

Consequently, most studies
unfortunately use
retrofitted data from
assessments that were

not originally designed

for analyses with DCMs
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2.24 Bookmark: Modeling Approaches

Modeling
Approaches

2.25 Overview

Overview

Multiple continuous variables Multiple discrete variables
Continuous score profiles Classifications into latent classes
Item difficulty and discrimination Item guessing and slipping
Parametric estimation Parametric estimation
Fit assessment possible Fit assessment possible
Score reliability / precision Classification reliability
Monotonicity Partial monotonicity
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2.26 IRT Foundations (1)

IRT Foundations ()

" Performance is based on a single continuous latent trait 6
(unidimensional IRT) or multiple continuous latent traits 6 (trait
vector) (multidimensional IRT)

®  Students with higher latent trait values have higher probabilities
of getting an item correct (dichotomous items) or obtaining a
higher score (polytomous items)

2.27 IRT Foundations (1)

IRT Foundations (Il)

" ltem parameters can be used to characterize an item’s operating
characteristics such as difficulty, discrimination, or guessing
(number of parameters depends on model)

" Score precision / item information and reliability estimates can
be computed for each latent variable (via information functions
and marginal statistics)
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2.28 DCM Foundations (1)

DCM Foundations ()

=  DCMs are a family of parametric psychometric models that:

v classify respondents into mutually exclusive classes

v provide fine-grained feedback on performance via a
multidimensional profile of latent skills based on responses
to a set of items

=  DCMs are constrained versions of latent class models where
the number of classes is specified a priori (like confirmatory
factor analysis)

2.29 DCM Foundations (1)

DCM Foundations (Il)

B Performance is based on multiple discrete latent variables, which
are also called attributes a = (ay,...,ax)

(similar to multidimensional IRT)

®  The discrete variables result in a multi-faceted classification of
learners organized into latent classes
(unlike multidimensional IRT)

®  Each item is designed to measure one or more latent attributes
with the exact design captured in a Q-matrix with Os and 1s

(similar to confirmatory factor analysis)
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2.30 DCM Foundations (1)

DCM Foundations (ll1)

®  Response probabilities are class-specific and depend on which
attributes are mastered in the particular class
(probabilities depend on model)

®  Reliability estimates for the discrete score variables that yield
the classifications can still be computed
(but use a different formula than IRT)

2.31 DCM Foundations (1V)

DCM Foundations (1V)

" for each learner, DCMs produce marginal attribute mastery rates (for each
attribute), probabilities of latent class membership (for each latent class),
and the most likely latent class to which the examinee belongs (marginally)

® for groups of learners, DCMs produce the proportion of learners classified
into each latent class (marginally) and the attribute mastery rates
(marginally for each attribute)

®  for each item, DCMs produce item parameter estimates (number depends
on model) and the estimated response probabilities (for each latent class)

Learner Group
Statistics Statistics
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2.32 Learner Statistics: Probilities

Learner Statistics: Probabilities

Below is an extract of results from an LCDM based on 13 items,
2 attributes and 4 latent classes. This SAS output displays the:

v"  posterior probabilities of latent class membership for each class;

v" latent class to which each respondent has been assigned
based on their highest posterior probability;

v marginal attribute probability for each attribute

D [ O O x
1 1 0.02709 003823 0.31229 06224 4 093469 0.66063
2 2 00622 010836 024326 058519 4 082845 063455
3 3 0.32058 0.4524 0.07585 015117 2 022702 060357
4 4 09755 0.0216 0.0027 0.00015 1 0.00285 002175
5 5 0.00534 00144 031674 066352 4 098026 057792
[ [ 058578 0.40042 0.00762 0.00618 1 00138 04065
7 7] 0.0646 027956 0.15639 0.49345 4 065584 0.77901
8 8 05183 044144 0.02035 001391 1 0.04026 046135
9 9 096872 0.02764 0.0034 0.00023 1 0.00383 0.02787
10 10 050666 00655 002226 0.00452 1 002678 007107
1 n 029626 0.32435 0.14716 023222 2 037938 055657
12 12 0.30561 0.33459 0.12956 022023 2 0.35979 055432

2.33 Learner Statistics: Feedback

Learner Statistics: Feedback

The marginal attribute probabilities can be used to:

v develop detailed diagnostic feedback for each respondent to
facilitate identification of remedial instruction and increase
their proficiency

v summarize the cohort’s overall performance in order to help
teachers identify which components of a course they should
focus on to increase overall proficiency

DMO4 SLIDES 27 /110
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2.34 Learner Statistics: Report

Learner Statistics: Diagnostic Score Report

Diagnostic Score Report

Estimated Probability of Skill Mastery

AZ

Al

T T
0 0.5

Not Mastered Unclassified

1

Mastered

Student Name: Eleanor

clinical problems

Attribute Mastery
Status
Attribute 1: Ability to apply clinical 0.37
knowledge in the assessment of clinical [Not
problems Mastered]
Attribute 2: Ability to apply clinical 0.83
knowledge in the management of [Mastered]

Strategic Feedback and Recommendations

Eleanor should practice the application of Attribute 1 by completing a tailored
package of activities that help to master this attribute.

2.35 Group Statistics

Group Statistics: Proportion of Learners

Output:

Mplus generates the number and proportion of learners classified into each class

FINAL CLASS COUNTS AND PROPORTIONS FOR THE LATENT CLASSES
BASED ON THE ESTIMATED MODEL

Latent
Classes
1 78.81545 0.28148
2 81.54375 0.29123
3 40.58269 0-14494
4 79.05811 0.28235
Interpretation:

Class 1 [0,0] = 79 examinees or 28.1% of the cohort
Class 2 [0,1] = 81 examinees or 29.1% of the cohort
Class 3 [1,0] = 41 examinees or 14.5% of the cohort
Class 4 [1,1] = 79 examinees or 28.2% of the cohort

DMO4 SLIDES
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2.36 Item Statistics

Item Statistics: Parameter Estimates
/ New/Additional Parameters \
G O -0.003

6 11 -0.664

G 12 0.034

G_212 0.633

ltem 1: Intercept L1_0 1.191

Itemn 1: Main effect attribute 1 L1 11 0.501
ltem 2: Intercept 0.632

Itemn 2: Main effect attribute 1 2.611
Item 2: Main effect attribute 2 0.725
Item 2: interaction attributes 112 0.175
Item 3: Intercept z.09%

Item 3: Main effect attribute 2 0.733
Item 4: Intercept Le 0 -0.718

o

-870

-189
-200

Item 4: Main effect attribute 1 L4 _11

\ Item 5: Intercept L5 0
Iten 5: Main effect attribute 1 L5_11
2.37 Bookend: Section 1

oo

If you are interested in taking a
quiz on this section click here:

If you are interested in
analyzing some sample data Applied Exercise
using an applied exercise click here:

If you want to return to the
main menu, click here:
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3. Section 2: LCDM Framework

3.1 Cover: Section 2

Welcome s
Section 2:

%LearnerName%!

LCDM
Framework

3.2 Learning Objectives: Section 2

Learning Objectives

1. Understand the key statistical properties of the LCDM

2. Understand similarities and differences between the LCDM and
Analysis of Variance (ANOVA)
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3.3 Topic Selection

LCDM LCDM
Foundations Estimation

3.4 Bookmark: LCDM Foundations

LCDM
Foundations
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3.5 LCDM Background: Models

LCDM Background: Models

Numerous DCMs have been developed of varying parametric complexity;
some historically popular models include:

= Deterministic Inputs Noisy ‘And’ gate (DINA) model

= Deterministic Inputs Noisy ‘Or’ gate (DINO) model

= Noisy Inputs Deterministic ‘And’ gate (NIDA) model

= Noisy Inputs Deterministic ‘Or’ gate (NIDO) model

= Compensatory Reparameterized Unified Model (CRUM)
= Reduced Reparameterized Unified Model (RRUM)

3.6 LCDM Background: Attribute Interactions

LCDM Background: Attribute Interactions

Each of these DCMs makes assumptions about how mastered attributes
combine/interact to produce an item response:

= compensatory/ disjunctive/ additive
(e.g., for an item measuring two attributes, a respondent may
not be a master of one attribute but still has a high chance of
mastering the other attribute)

OR

" non-compensatory/ conjunctive/ non-additive
(e.g., for an item measuring two attributes, a respondent must
have mastered both attributes in order to give a correct
response to the item)
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3.7 LCDM Background: Unified Frameworks

LCDM Background: Unified Frameworks

Unified modeling frameworks have been developed which subsume these DCMs:

Log-linear Cognitive Diagnosis Model (LCDM) \

= Generalized DINA Model (G-DINA)

Focus of this
ITEMS Module

= General Diagnostic Model (GDM)

Despite some statistical differences in specification and estimation they all
share very similar analytic goals

They can be estimated using specialized code for commercial packages like
Mplus and SAS or freeware packages like ‘COM’ or ‘GDINA’ in R

3.8 LCDM Background: Benefits

LCDM Background: Benefits

The LCDM has a number of benefits:

v" it is flexible as it allows for both additive and non-additive
relationships between attributes / items

v" it overcomes confusion for the analyst about choosing which
model is most suitable for their needs

v" it aligns with other statistical and psychometric modeling
frameworks such as ANOVA and CFAs, thereby enabling greater
understanding of the modeling process
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3.9 LCDM Background (V)

The LCDM Framework: Features

® The LCDM models the probability of a correct response to an item as a
function of the latent attributes of respondents in a given latent class

® The latent attributes are categorical, meaning there are a finite number

of possible statuses / attribute profiles

* Each status / attribute profile in each latent class corresponds to a
predicted probability of a correct response for each item

3.10 LCDM vs ANOVA (1)

LCDM and ANOVA: Similarities

The LCDM and ANOVA frameworks are structurally similar in some key ways:

= both predict a response using dummy coded variables (in the LCDM

dummy coded variables [0,1] represent latent attributes)

= both frameworks can be used to test for the presence of main effects
and interactions

= both frameworks offer a means of reducing model complexity

(i.e., by removing non-significant interactions and/or main effects)
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3.11 LCDM vs ANOVA (1)

LCDM and ANOVA: Differences

But there are some important differences between the two frameworks:

= the ANOVA framework models a continuous outcome whereas the
LCDM models a function of the probability of a correct response

= the ANOVA framework uses observed ‘factors’ as predictors (no
measurement error) whereas the LCDM uses discrete latent variables
(the attributes being measured)

= the ANOVA framework uses a more simple sums-of-squares-based
estimation approach whereas the LCDM requires maximum
likelihood-based or Bayesian estimation approaches

3.12 Bookend: LCDM Foundations

This is the end of this part.

Topic
Selection
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3.13 Bookmark: LCDM Estimation

LCDM
Estimation

3.14 LCDM Notation: Introduction

LCDM Notation: Introduction

To understand the LCDM, let’s consider a basic mathematics test with:

= four attributes (addition, subtraction, multiplication and division)
= threeitems

Add  Sub  Mult Div

| 2+341 1 1 0 0 | 1stitem assesses two attributes:
- addition (attribute 1: a,,)
- subtraction (attribute 2: a,,)

472 0 0 0 1

(4x2)+3 1 0 1 0

1 = attribute it assessed by an ftem
0 = item is not assessed by an item
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3.15 LCDM Notation: Structure

LCDM Notation: General Structure

The LCDM provides the logit of a correct response as a function of the

latent attributes that are mastered by a respondent and effect parameters:

Logit(Y,; = 1la,) =+ Ai 1 (1@ ’@ (2 @ Xy O
Logit = log-odds of the Latent attributes Effect parameters

probability of a correct response [mastered (1) (intercept, main effects,
or not mastered (0)] interaction effects)

The logit is used because the
items are either answered
correctly (1) or incorrectly (0)

3.16 LCDM Notation: Parameters

LCDM Notation: Parameters

Logit(Yy; = 1lar,)|F Aio [FRiv,coftrs +Rin@r2 TRiza2)fr %
Logit(Yy; = 1la;) logit of a correct response to item i by respondent r
A: 0 intercept:
L = reference group is learners who have mastered neither attribute
(ary =0and a2, = 0)
3 conditional main effect for addition (attribute 1):
L1,(1) = theincrease in the logit for mastering addition (for someone who
has not mastered subtraction)
’1:’,1,(2) conditional main effect for subtraction (attribute 2):
= the increase in the logit for mastering subtraction (for someone
who has not mastered addition)
AE.Z,(LZ) 2-way interaction between addition and subtraction (attributes 1 and 2):
= change in the logit for mastering both addition & subtraction
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3.17 LCDM Notation: Subscripts

LCDM Notation: Subscripts

Logit(Yy; = 1lety) = i + Ai1,(1)@r1 + Ai1,2) 2 + Ai2,(1,2)@r1 Bz

L) it

(1) Subscript i relates to the item to which parameters belong

(2) Subscript following i represents the level of the effect:
=  O=intercept
= 1=main effect
= 2 =two-way interaction

(3) Subscript in parentheses and a;relate to the attributes to which the effect applies:
= 1=attributel
= 2= attribute 2

3.18 LCDM Estimtation: SAS Macro

LCDM Estimation: SAS Macro

The LCDM can be estimated in Mplus, however the syntax is quite lengthy

Mplus  9Sas

To make this process easier, Templin and Hoffman developed a
SAS macro to facilitate model specification and output processing:

https://jonathantemplin.com/sas-macro-estimation-lcdm-mplus/

The user simply alters specific lines in the syntax to tailor the model
to their data structure
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3.19 LCDM Estimation: Video

“Using the SAS Macro to
Generate LCDM Mplus Code”

Video presentation by Daniel Jurich
[17 Minutes]

https://jmu.njvid.net/show.php?pid=njcore:138598

3.20 LCDM Estimation: Saving Data

Comment: Data File Structure

Save data in a Tab delimited data file in your data management program:

File —Save Data As. ..

a

*ITEMSpsychiatryDCM sav [DataSet1] - 1BM 5PSS Statistics Data Editor

Bl ES Yew [Qala  Jrnslm  gnaboe  Graghs  \Mees  Exfensions  indow  Help

SHE M e BB A B el

& e o em1Z ) o3 @b Aem2d | g am30 o 0em36 | e | s lem72 | G o7 | @ oA G temO0 s Remm1OZ | g em0B
1 1 ' [

1 1 1 o i ol
2 ! 1 1 [} [} 1 1 1 1 0 1
2 . ‘Save Data As N 0
: : Lookjn ITEMS =l g s :
L] 1 1 A
1 I} o 1
2 d o 1
] 1 1 F
0 0 o 7
1" 1 | i -
12 1 Keeping 13 of 13 vanasies. R T i <
(- .
13 1 File game:  [TEMSpsychiatyDCHsay — i
" ' - T B
- B | SOETIRGTE e | :
15 : e = Canzel [ [
AL 1 names - o o
1 1 - e | ° :
19 1 — 1 )
n 1 Sore File To - 7 r
2 1 r 3
z 1 1 1 1 i o o | E = 5 K

~oe-oececcescen-02case
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3.21 LCDM Estimation: Data File

Comment: Data File Structure

RPRRERPBPBRORBRRLRORBRRRRERER|F

@ORPRPPPPRPOORPOIRORE P

BFORPREPRREBRRERRBSRBRBRRB 2

ORI RPRFRPIIR IR DD

RFREPRORORRERP,OROO®R O

COTOODOOD DR OR OGO D

COOR OO DO RO SRS

[ T i I e T T
RRRPPEPRPREORRPRPREORRRE =

- E

RRRPPOERRERORORRPERERE®
ORRLPOOOHODROOR®
CROOOORORHOIDODR®

L~~~ R~~~ R R~ i~ i~ I )

Here is an extract of what the data will look like in Notepad

3.22 LCDM Estimation: Syntax Adaptation

SAS Example File: Syntax Adaptation

= Access and download the Macro File.sas and the Example File.sas

LIBNAME folder
$LET macroloc=
$LET filesave=
$LET filename =
%LET Qname=
$LET dataname=

= In the Example File.sas change the following syntax lines to suit your data:

$LET itemlist=
$LET numitem=

$LET numclass=

INFILE

"gfilesave.\

= Do NOT make any changes to the Macro File.sas

* Import the Q-matrix from Excel below paTazives:

= Tip: Save all files on the Desktop and work from the Desktop
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3.23 Bookend: LCDM Estimation

This is the end of this part.

Topic
Selection

3.24 Bookend: Section 2

If you are interested in taking a
quiz on this section click here:
If you are interested in
analyzing some sample data Applied Exercise
using an applied exercise click here:
If you want to return to the
main menu, click here:
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4. Section 3: Other Diagnostic Models

4.1 Cover: Section 3

Welcome -
Section 3:

%LearnerName%!

Other
Diagnostic

Models

[10 Minutes]

4.2 Objectives: Section 3

Learning Objectives

1 Understand the statistical differences between the
LCDM, C-RUM, NIDO, DINO and DINA

2 Learn about the specific Mplus model estimation code of the
' LCDM, C-RUM, NIDO, DINO and DINA
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4.3 Model Selection

LCDM

C-RUM

NIDO

DINO DINA

Click on the four lower-level buttons above to learn
more about the specific model estimation code in Mplus

4.4 C-RUM Specification (Mplus)

C-RUM Specification

* The main difference between the LCDM and the C-RUM is that the C-RUM

does NOT have any interactions

* To specify a C-RUM, simply remove the interaction terms from the ‘"MODEL
CONSTRAINT' command

| LCDM |

MODEL CONSTRAINT:

| C-RUM I

MODEL CONSTRAINT:
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4.5 NIDO Specification (Mplus)

NIDO Specification

= The NIDO model is a constrained version of the C-RUM

= The NIDO has a unique intercept parameter for each item, but constrains main
effect parameters to be equal across items

C-RUM

MODEL CONSTRAINT:

MODEL

4.6 DINO Specification | (Mplus)

DINO Specification (1)

The DINO model requires only two probabilities of a correct response per item for:

= respondents who have not mastered any of the required attributes

-> guessing parameter (g)

= respondents who have mastered one or mare of the required attributes

-> slipping parameter (1-s)

Requires the specification of a ‘"NEW"’ statement within the ‘MODEL CONSTRAINT

section to define:

" an intercept parameter (associated with “guessing”)

= a single main effect parameter (associated with “slipping”)
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4.7 DINO Specification Il (Mplus)

DINO Specification (ll)

! Item 9: Define DINO parameters present for item 9
NEW(LQ_O LQ_e):

T9 1=-(L°_0):

T9 2=-(L9_0+L9 e):

T9 3=-(L9_0+L9 e):

I9_4=-(L9_0+L9_e):;

L9 e>0:

! Item 10: Define DINOC parameters present for item 10
NEW(LJ.O_O LlO_e):

T10_1=-(L10_0);

T10_ 2=-(L10_0+L10_e);

L10_e>0;

4.8 DINA Specification | (Mplus)

DINA Specification (1)

The DINA model requires two probabilities of a correct response per item ft

= respondents who are have not mastered one or more of the attribut
-> guessing parameter (g)

= respondents who have mastered all of the attributes
-> slipping parameter (1-s)

Requires the specification of a ‘NEW’ statement within the ‘MODEL CONSTRAINT*
section to define for each item:

" an intercept parameter (associated with “guessing”)
= asingle main effect parameter (associated with “slipping”)
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4.9 DINA Specification Il (Mplus)

DINA Specification (Il)

DINO DINA

Item 9: Define DINA parameters for item §
HEW(LS 0 L9 e);
TS 017

<18 e);
T9 4=- (L9 0+LS e):
L9 _e>0:
7O paraneters for item 1 A parameters for item 10
Thresholds / response probabilities for Thresholds / response probabilities for
all (three) latent classes in which at all (three) latent classes in which at
least one attribute is mastered are least one attribute is lacking are
defined identically (i.e., have an defined identically (i.e., only have the
increase in the logit) base logit)

4.10 Bookend: Section 3

If you are interested in taking a
quiz on this section click here:
If you are interested in analyzing
sample data using an applied Applied Exercise
exercise click here:
If you want to return to the
main menu click here:
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5. Section 4: Checklist Development

5.1 Cover: Section 4

Welcome -
Section 4:

%LearnerName%!

Checklist
Development

5.2 Learning Objectives: Section 4

Learning Objectives

1. Understand the motivation and purpose of checklists for DCMs

2. Understand the purpose and benefits of checklists in general

3. Understand how checklists are used in applied settings

4. Understand the structure of the four DCM checklists
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5.3 Topic Selection

5.4 Bookmark: Checklist Motivations

Checklist
Motivation
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5.5 Utility of Checklists

Utility of Checklists

Human error is inevitable, particularly when:

= performing under situations of duress, fatigue, task saturation

® performing complex tasks

" trying to master new skills or acquire new knowledge

Errors can have adverse consequences, compromising judgement, reducing
compliance with standards and protocols, and decreasing proficiency

e[ [r]o]l[&]

Simple checklists enable corrective steps to be taken before
errors cause harm (known as “error trapping”)

5.6 Benefits of Checklists

r

Provide a framework
for conducting

Reduce

cognitive load

evaluations Benefits
\ of
1 Checklists

s
Foster independent
re-thinking of
relevant information

\.

Help troubleshoot
& problem-solve

s

Aid memory recall &
decision making

.

N\

v,

l

Promote
standardization of
processes &
methodologies

~

Promote System 2
thought processes
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5.7 Checklists in Daily Life

Implementation of Checklists in Daily Life

5.8 Gap in the literature

Gap in the Literature

= DCMs are a relatively new psychometric framework that holds
considerable promise

= However, their operational application to real-life data has been
limited to date due, in part, to a lack of clear accessible guidelines

about how to apply these models in practice

= In the structural equation modeling (SEM) field, checklists have been
developed for measurement invariance and factor analysis as well as
for research publications (e.g., Brown, 2015; Hancock et al., 2018;
Merenda, 1997, Schumacker & Lomax, 2004, Shook, Ketchen, Hult, &
Kacmar, 2004, van de Schoot, Lugtig, & Hox, 2012)

However, no checklists or similar aids have
been developed for DCMs
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5.9 Checklists for DCMs

Checklists for DCMs

I 1 Estimation Checklist I --------------------- ]
VI 2 Model Fit Evaluation Checklist I

I 3) Interpretation Checklist = H
4 Reporting Checklist I

I ... an A-Z Guide to DCMs for Beginners I

The purpose of the DCM checklists is to increase the accessibility of DCMs.

They represent an effort to translate the personal and published experience

of the authors, their colleagues, and students conducting psychometric
analyses with DCMs

5.10 Development

Development and Testing

Surgical Safety Checklist () titeys | Putent ity

Organization | .m s s oo

Before induction of anaesthesia Before skin incision Before patient leaves operating room

[ith at heast nuese ) ansesthetist) {ovth nurse, anaesthetst and sugeon) [waith murse, anaesthetit and wegeon)
DO 10.1007/512630-HI2-08 8 ks
BEPORE BERTH

4‘,“‘3\, ARTI WHO Safe Childbirth Checklist (5555 ™|
| | N

Review arti | —— - WHO Safe Childbirth Checklis: ©)lologies
Article de s\ ———fl o EESESTTeEE- i conirile
périopérata | -

™| i ses WHO Safe Childbirth Checklis

1 ===

Thomas G, Weisel | ©

| === WHO Safe Childbirth €

,
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5.11 Bookend: Checklist Motivations

This is the end of this part.

Topic
Selection

5.12 Bookmark: Checklist Framework

Checklist
Framework
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5.13 Checklists Foreword (I)

Checklists Foreword: Software

* The DCM Checklists use SAS, Mplus, R/RStudio and Microsoft Excel

= DCMs are specified and estimated using Mplus and a freely available,
non-commercial SAS macro:

v 'SAS Macro for Estimation of the LCDM in Mplus’

v developed by Templin and Hoffman (2013) to facilitate
automation of the Mplus syntax generation process

http://ionathantemplin.com/?s=macro&submit=Go

= Attribute reliability is estimated using an R/RStudio template:
‘Estimation of Attribute Reliability’

= Basic computations are performed in Microsoft Excel

5.14 Checklists Foreword ()

Checklists Foreword: DCMs

The checklists were developed for use with the following five DCMs:

* Log-linear Cognitive Diagnosis Model (LCDM)

®= Compensatory Reparameterized Unified Model (C-RUM)
= Noisy Inputs Deterministic ‘Or” gate model (NIDO)

= Deterministic Inputs Noisy ‘Or” gate model (DINO)

= Deterministic Inputs Noisy ‘And’ gate model (DINA)

The DCM Checklists can be applied to any one DCM or a combination
of these models as part of a test of relative model-data fit
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5.15 Checklists Foreword (1)

Checklists Foreword: Cautionary Notes

= DCMs are complex and analyses can be idiosyncratic; therefore, it is

NOT possible to anticipate the nature of all possible convergence
problems. The ‘Estimation’ checklist is therefore NOT exhaustive

= Given the relative infancy of the field, areas such as model-data fit

are undergoing development

= Users are therefore encouraged to modify the ‘Model Fit Evaluation’,
‘Interpretation’, and ‘Reporting’ checklists in line with advances in

the literature and knowledge over time

5.16 Checklists Foreword (I1V)

Checklists Foreword: Terminology

= The DCM Checklists relate to models for binary attribute states (i.e.,

present vs. absent, mastered vs. non-mastered) and are well suited for

application in education, psychiatry, and organizational psychology

= The DCM Checklists use a READ-DO approach which involves reading a
task, doing it, and checking off the task to confirm that it is completed
before moving on to the next task (similar to following a recipe while
baking or cooking)

= The DCM Checklists may be used in sequence or separately but we

recommend using them in sequence
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5.17 Bookend: Checklist Framework

This is the end of this part.

Topic
Selection

5.18 Bookend: Section 4

If you are interested in taking a
quiz on this section click here:

If you are interested in
analyzing sample data

: : : ; Applied Exercise
using an applied exercise click here:

If you want to return to the
main menu, click here:
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6. Section 5: Checklist Usage

6.1 Cover: Section 5

Welcome .
Section 5:

%LearnerName%!

Checklist
Usage

6.2 Learning Objectives: Section 5

Learning Objectives

Understand how to use the four DCM checklist:

Estimation
Model Fit
Interpretation
Reporting

bW N =
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6.3 Data Set

Data Set

= Walk through the ‘Model Fit Evaluation’ and ‘Interpretation’ checklists
to demonstrate concepts using real-life data to aid understanding

= Data are derived from a higher education medical assessment with
13 psychiatry-related items assessing 2 broadly defined attributes:

Attribute 1 (A1) = Ability to apply clinical knowledge in the
assessment of clinical problems

Attribute 2 (A2) =  Ability to apply clinical knowledge in the
management of clinical problems

6.4 Companion Files

Companion Files

= All companion files related to the data are provided in the
‘Resources’ tab of this module and on Jon Templin’s website
(click on URL for direct access):

n https://jonathantemplin.com/ncme-items-
. module-2019-supplementary-material/

= Lists of all companion files are can be accessed via the
buttons below.

Input / Output Model Estimation Model Evaluation
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Input / Output (Slide Layer)

Companion Files: Input / Qutput

Raw data file: Psychiatry

ITEMSpsychiatry.dat

Chmatrie: Psychiatry

Q matrix [TEMS psychiatry.xlsx

LCDM SAS input file: Psychiatry

ITEMSpsychiatry.sas

LCDM SAS outpaut file {1): Psychiatry
LCDM SAS outpat file {2): Psychiatry
LCDM SAS output file {3): Psychiatry
LCDM SAS output file {4): Psychiabry
LCDM SAS outpat file {5): Psychiatry
LCDM SAS output file {6): Psychiabry
LCDM SAS output file {7): Psychiabry
LCDM SAS output file {8): Psychiatry
LCDM SAS output file {9): Psychialry

LCDM Mplus respendents file: Psychiatry
LCDM Mplus inputl file: Psychiatry
LCDM Mplus output file: Psychiatry

itemspsychiatry.out

psychiatry_attprobrel.sas7bdat
psychiatry_classcounts.sas7bdat
psychiatry classmeans.sas7bdat
psychiatry itemparms.sas7bdat
psychiatry_grmatrix.sas7bdat
psychiatry readmplus.sas7bdat
psychiatry respondents_sas7bdat
psychiatry_ strucparms.sas7bdat
psychiatry_thresholds.sas7bdat

respondents_[TEMSpsychiatry.dat

ITEMSpsychiatry.inp

Model Estimation (Slide Layer)

Companion Files: Model Estimation

Mplus C-RUM file {1]: Psychiatry
Mplus C-RUM file {2]: Psychiatry
Mplus C-RUM file {3]: Psychiatry
Mplus C-RUM file {4]: Psychiatry

Mplus DINA file {1): Psychialry
Mplus DINA file {2): Psychiatry
Mplus DINA file {3): Psychialry
Mplus DINA file {4): Psychialry

Mplus DINOG file (1}: Psychiatry
Mplus DING file (2}: Psychiatry
Mplus DINO file (3}: Psychiatry
Mplus DINO file (43: Psychiatry

Mplus NIDO file {1}: Psychiatry
Mplus NIDO file {2}: Psychiatry
Mplus NIDO file {3}: Psychiatry

Mplus NIDO file {4}: Psychiatry

C-RUM, ITEMSpsychiatry.inp
c-rum, itemspsychiatry.out

respondents_[TEMSPsychiatry CRUM .dat
ITEMSpsychiatry.dat

DINA, ITEMSpsychiatry.inp
dina, itemspsychiatnsout

respondents [TEMSpsychiatry DINA.dat
ITEMSpsychiatry.dat

DINO, ITEMSpsychiatry.inp
dino, itemspsychiatry.out

respondents_ITEMSPsychiatry_DINO.dat
ITEMSpsychiatry.dat

NIDO, ITEMSpsychiatry.inp
nido, itemspsychiatry.out

respondents_[TEMSPsychiatry_NIDO.dat
ITEMSpsychiatry.dat
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Model Evaluation (Slide Layer)

Companion Fles: Model Frvaluation

Attribute reliability file {1): Psychiatry
Attribute reliability file {2): Psychiatry
Attribute reliability Tile {3): Psychiatry

Loglikelihood ratin calculation:
Psychiatry

Attribute mastery profiles: Psychiatry

Diagnostic Score Report: Psychiatry

Attribute Reliability_Psychiatry.R
MplusDCM_functions.R
PsychiatryReliability.csv

Loglikelihood ratio calculation psychiatry.xlsx

Attribute mastery profiles psychiatry.xlsx

Diagnostic Score Report psychiatry. pdf

Diagnostic quality of tems: Diagnostic quality of items psychiatry.xlsx
Psychiatry
Method and Results write-up: Method and Results write up psychiatry.pdf
Psychiatry
DCM Chedkdists DCM Checklists.pdf

6.5 Pedagogical Note

Pedagogical Note

* This example is based on real data from to illustrate the potential
use of DCMs in an authentic context for research purposes

» The walk-through of different computations is done for didactic
purposes with lots of resources provided to explain computations

While the model-data fit for these data is
acceptable, the statistical properties for several
items are not optimal under this model.

We would NOT be using this model with these data
for operational reporting purposes.
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6.6 Checklist Selection

Estimation Evaluation

Interpretation Reporting

6.7 Bookmark Estimation Checklist

Estimation
Checklist
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6.8 Estimation Checklist (1)

Estimation Checklist ()

Lines>90 characters are truncated and the specifications are ignored. In the Mplus input file, you can
amend this
| Have you used an alernative estimator to MLR 1o MLF often eliminates error ges. The same fit indices are available with MLR. Change the
| achiew erge estimator in the M hawever, remember to use the same estimator for all models
1| Have you added class constraints? 1n the Mplus under MODEL command), constraints can be added to a subset (see below) or
all classes
s MODEL CONSTRAINT:
1 ml>-10; ! Constrain latent class 1 estimates to » =10
m2=-10; | Constrain latent class 2 estimates to = -10 ete.
| Have you investigated the size of the non-converged Items with parameters >10 or <-10 often cause convergence issues. In the Mplus input file (under
solution's parameters? MODEL command), simplify the model for these items by removing the highest interaction terms
| incrementally, Set constraints for the paramseter ranges (constraints highlighted in bold below)
! MODEL CONSTRAINT:
7 NEW(L1.0 L1 11 L1 12 L1 212);
Ti_1=-(L1.0);
o T1 2eefL10+L112);
i T1_3s-(L1_0+L1_11);
y T14=-[L1 0+L1 1141112411 212);
L1_11=0; L1.12=0;
N L1.212-L111; L1 212-L1.12;
" L1.0>-10;11.0 <-10,
1L < -10;
«
o

justifiable on statistical and conceptual grounds.

6.9 Estimation Checklist: ID Variable

Estimation Checklist: ID Variable

If your dataset does NOT contain an ID variable:

when you use the SAS macro to run the LCDM your .dat file will change to
include an additional column indicating the ID of each person

File Edit Format

[y
=
@ v
+ B

Ed
1
1
1
]
a
]
1
[}
]

W00 NN B W
el N R SR e
P OO OO
e -~ B T~ I~

COR R OO O
COOOR OO
PR PR RPRRPRRERRE
© D e
HOROR R R RO
PP OO @
SLP PO ORLD
S ORPOORP OO

—) lgje 1100001010180
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6.10 Estimation Checklist: Convergence

Estimation Checklist: Convergence

If the LCDM does NOT successfully converge:

= alter the Mplus input file that is generated by the SAS macro using
suggested solutions from the ‘Estimation’ checklist

= re-run the model from within Mplus

= remember to use the original .dat file WITHOUT the ID variable

6.11 Bookend: Estimation Checklist

This is the end of this part.

Checklist
Selection
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6.12 Bookmark: Evaluation Checklist

Model-fit
Evaluation
Checklist

E‘/:
E—

@ =

6.13 Model Fit Selection

Absolute Relative
Model Fit Model Fit
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6.14 Bookmark: Absolute Fit

\
—
r 4
— —
< Absolute Fit -
) Evaluation o
& ™ )

u®.

6.15 Absolute Global Fit: General Principle

Absolute Global Fit: General Principle

Whether you are evaluating one or

multiple DCMs, assess each model
independently to determine
whether the model provides a good
fit to the data based on bivariate

model-data fit information
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6.16 Absolute Global Fit: Computation (1)

Absolute Global Fit: Computation (I)

= Step 1: Calculate the total number of item pairs:

Number of items x (number of items -1)
2

6.17 Absolute Global Fit: Computation (1)

Absolute Global Fit: Computation (Il)

= Step 2: Compare the number of item pairs to the ‘Overall Bivariate Pearson
Chi-Square” and ‘Overall Bivariate Log-Likelihood Chi-Square’ values:

If the bivariate values are lower than the total number of item pairs,
the model provides a good fit to the data

If the bivariate values are higher than the total number of item pairs,
the model provides a poor fit to the data
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6.18 Absolute Global Fit: Example

Absolute Global Fit: Example

13 items: N of items x (N of items —1) / 2

13x(13-1) /2 =|78 item pairs

Interpretation:
Since 70 < 78, the model provides a good fit to the data

6.19 Absolute Local Fit: General Principle

Absolute Local Fit: General Principle

Whether you are evaluating one or
multiple DCMs, assess each model
independently to determine whether
the model provides a good fit to the
data based on the number of observed

and expected pairs of misfitting items
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6.20 Absolute Local Fit: Computation (1)

Absolute Local Fit: Computation (1)

Step 1: Identity the Number of Observed Pairs of Misfitting Items

In the ‘Bivariate Model Fit Information’ section of the Mplus output,
inspect the ‘Bivariate Pearson Chi-Square’ and ‘Bivariate Log-Likelihood
Chi-Square’ values for each item:

identify the number of item pairs with values > 3.84

6.21 Absolute Local Fit: Computation (ll)

Absolute Local Fit: Computation (ll)

Step 2: Identity the Number of Expected Pairs of Misfitting Items

0.05 x total number of items pairs

The number of observed misfitting pairs should be no larger than the
number of misfitting item pairs expected by chance.

DMO4 SLIDES 67 /110 Version 1.4



6.22 Absolute Local Fit: Example (1)

Absolute Local Fit: Example (1)

BIVARIATE MODEL FIT INFORMATION

Estimated Probabilities
Standardized
Variable Variable H1 HO Residual
(z-score)

0.04¢ 0.038 0.719
0.154 0.162 -0.369
0.121 0.129 -0.377
Cacsoory o &79 0 &7 o] £
te Peazson Chi-Squaze 0.758 Well-fitting item pair
te Log-Likelihood Chi-Square 0.731 (Valu¢ <3.34]

Misfitting item pair
(value > 3.84)

Overall, we observed 4 misfitting item pairs for our data

6.23 Absolute Local Fit: Example (11)

Absolute Local Fit: Example ()

Calculate the number of misfitting item pairs expected by chance:

0.05 x total number of item pairs

0.05x78= F misfitting item palrstpected by chance

If the number of observed misfitting item pairs is less than the number of
expected misfitting item pairs, the model provides a good fit to the data

® If the number of observed misfitting item pairs is greater than the number
of expected misfitting item pairs, the model provides a poor fit to the data

In this example, there were 4 misfitting item pairs expected by chance and
4 misfitting item pairs observed — this means the model provides a good fit
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6.24 Model Refinement

Model Refinement

Option 1:

ltem Removal

Decisions about model
refinement should always
involve a balance of
statistical and conceptual
considerations

Option 2:

Parameter Reduction

Option 3:

Q-matrix Revision

Click on the three fields above to learn more

Item Removal (Slide Layer)

Model Refinement: Item Removal
f Remove items identified as misfitting in\

the bivariate model fit information section
of the Mplus output as discussed
previously.

You can remave items sequentially or all
at once and re-estimate the model to see
whether the item removal

\ impraved model fit /
Back to
Main Slide

DMO04 SLIDES 69/ 110 Version 1.4



Parameter Reduction (Slide Layer)

Model Refinement: Parameter Reduction

In the fully specifiad {saturated) LCDM

non-significant interaction terms may be
removed from the model, which may
help to Improve model fit

Back to
Main Slide

Q-matrix Revision (Slide Layer)

Model Refinement: Q-matrix Modifications

You may refine the Q-matrix by
removing an attribute, combining
attributes, and/or changing Item-

to-attribute allgnment
{i-e, switching 0s and 1s).

Back to
Main Slide

DMO4 SLIDES 70/ 110 Version 1.4



6.25 Bookend: Absolute Fit

y |

This is the end of this part.

Model Fit
Selection

6.26 Bookmark: Relative Fit

~{ Relative Fit
X 1 Evaluation

-
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6.27 Relative Model Fit: General Principles (1)

Relative Model Fit: General Principles (1)

Whenever you are evaluating
multiple DCMs, only those
models displaying acceptable
absolute model fit should be
subsequently evaluated for

relative model fit

Item Removal (Slide Layer)

Option 1: Removal of misfitting items

* In some cases, the bivanale mode! fit information may indicate that the model does not provide a good fit to the data. Mulliple misfiting items may be
observed, with some loading on a single atinbute and others loading on multiple attributes
« Relatedly, ifthe number of observed misfitting ifem pairs exceeds the number expected by chance, the user may wish 10 consider femoving probliematic
ilems and re-estimating the model 1o improve model fit
All tems rpeatedy identified as misfiting (1 e , Bivariate Pearson Chi-Square and Bivaniate Log-Likelihood Chi-Square values =3 84) could be
flagged as candedates for removal in the first instance. These items could be removed sequenbially or all at once, and the model re-estimated.

Note: Decisions about model refinement should involve a balance of : and

Only models displaying p model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples.
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Parameter Reduction (Slide Layer)

Option 2: Removal of non- significant interaction termz (LCDM only)

* As discussed in detail in the DCM Interpretation Checklist (see ‘Parameter estimates’), in the LCDM, non-significant interaction lerms may be removed
from the moded. This may help o improve model it

Note: Decisions about model refinement should involve a balance of iS i and I

Only models displaying acceptable absolute model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples.

Q-matrix Revision (Slide Layer)

Option 3: Changss to Q-matrix

= The user may wish 1o consider if there are any empincal misspecifications in the Q-malrix and whether it is necessary 1o refine the Q-matrix by
removing an atinibute and/or changing item-lo-atiribute alignment

Nore: Decisions about model refinement should involve a balance of i and |

Only models displaying acceptable absolute model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples
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6.28 Relative Model Fit: General Principles

Relative Model Fit: General Principles

= To compare models, all candidate models must:

have the same number of items

>
#» be based on the same sample

= Currently, fit indices in DCMs remain in their
infancy and practical fit indices used in other
modeling approaches such as SEM are not yet

available for DCMs

Item Removal (Slide Layer)

Option 1: Removal of misfitting items

* In some cases, the bivanale mode! fit information may indicate that the model does not provide a good fit to the data. Mulliple misfiting items may be
observed, with some loading on a single atinbute and others loading on multiple attributes
« Relatedly, ifthe number of observed misfitting ifem pairs exceeds the number expected by chance, the user may wish 10 consider femoving probliematic
ilems and re-estimating the model 1o improve model fit
All tems rpeatedy identified as misfiting (1 e , Bivariate Pearson Chi-Square and Bivaniate Log-Likelihood Chi-Square values =3 84) could be
flagged as candedates for removal in the first instance. These items could be removed sequenbially or all at once, and the model re-estimated.

Note: Decisions about model refinement should involve a balance of : and

Only models displaying p model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples.
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Parameter Reduction (Slide Layer)

Option 2: Removal of non- significant interaction termz (LCDM only)

* As discussed in detail in the DCM Interpretation Checklist (see ‘Parameter estimates’), in the LCDM, non-significant interaction lerms may be removed
from the moded. This may help o improve model it

Note: Decisions about model refinement should involve a balance of iS i and I

Only models displaying acceptable absolute model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples.

Q-matrix Revision (Slide Layer)

Option 3: Changss to Q-matrix

= The user may wish 1o consider if there are any empincal misspecifications in the Q-malrix and whether it is necessary 1o refine the Q-matrix by
removing an atinibute and/or changing item-lo-atiribute alignment

Nore: Decisions about model refinement should involve a balance of i and |

Only models displaying acceptable absolute model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples
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6.29 Relative Model Fit: Entropy

Relative Model Fit: Entropy

= Entropy is based on the posterior class membership probabilities

= Entropy is used in latent class analysis to evaluate how well each of the
classes is separated and represented by the data

* Entropy values range from 0 to 1 with high values preferred

In the context of DCMs, however,
entropy is misleading as poorly fitting models
often have a high entropy value

Item Removal (Slide Layer)

Option 1: Removal of misfitting items

= Insome cases, the bivanale model fit information may indicate that the model does not provide a good fit to the data. Multiple misfiting items may be
observed, with some loading on a single attribute and others. loading on multiple attributes
» Relatedly, if the number of observed misfitting ifem pairs exceeds the number expected by chance, the user may wish o consider removing problematic
items and re-estimating the model to improve model fit
- All ilems repoalediy identified as misfiting (e , Bivariate Pearson Chi-Square and Bivanate Log-Likelinood Chi-Square’ values =3 B4) could be
flagged as cancidates for removal in the first instance. These items could be removed sequentially or all at once, and the model re-estimated

Note: Decisions about model refinement should involve a balance of and

Only models displaying p model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples.

DMO4 SLIDES 76 /110

Version 1.4



Parameter Reduction (Slide Layer)

Option 2: Removal of non- significant interaction termz (LCDM only)

* As discussed in detail in the DCM Interpretation Checklist (see ‘Parameter estimates’), in the LCDM, non-significant interaction lerms may be removed
from the moded. This may help o improve model it

Note: Decisions about model refinement should involve a balance of iS i and I

Only models displaying acceptable absolute model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples.

Q-matrix Revision (Slide Layer)

Option 3: Changss to Q-matrix

= The user may wish 1o consider if there are any empincal misspecifications in the Q-malrix and whether it is necessary 1o refine the Q-matrix by
removing an atinibute and/or changing item-lo-atiribute alignment

Nore: Decisions about model refinement should involve a balance of i and |

Only models displaying acceptable absolute model fit should be subsequently evaluated for relative model fit.
Note: Obtaining absolute model fit may be challenging in large samples
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6.30 Model Nesting Selection

Nested Non-nested
Models Models

6.31 Nested Models: General Principles

If one model is nested within another one,
the simpler model can be obtained from the
more complex model by eliminating /
setting to ‘0’ some parameters of the
more complex model
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6.32 Nested Models: lllustrations

Nested Models: lllustrations

A Rasch model is nested within a two-
parameter model

A model with one latent dimension

(unidimensional model) is nested within a
model with two latent dimensions

(multidimensional model)

A model with main effect parameters only
is nested within a model that also has

interaction effect parameters

6.33 Nested Models: Evaluation

Nested Models: Evaluation

Locate the ‘Model Fit Information’ section in the Mplus output

Retrieve the ‘Loglikelihood’ and ‘Number of Free Parameters’ values
for the null model (HO: simpler model) and the alternative model
(H1: more complex model)

Using Excel, calculate the likelihood ratio test p-value:

p-value = 0.05 = simpler model provides acceptable fit
p-valueis<0.05 = more complex model provides better fit
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6.34 Nested Models: Example

Nested Models: Example

LCDM (alternative / more complex / H1 model)

Loglikelihood value 1825.370

Number of free parameters 39

C-RUM (null / simpler / HO model)

Loglikelihood value -1825.161

Number of free parameters 34

LR: -2 x (loglikelihood value HO model - loglikelihood value HO model ) 7301.06

dfir. dfof H1 model - df of HO model 5

LR p-value: chidist(LR, dfiz) I 0.000 I

The LCDM provides a better fit than the C-RUM

6.35 Bookend: Nested Models

This is the end of this part.

Model Type
Selection
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6.36 Non-nested Models: General Principles

Non-nested Models: General Principles
/

Two models are non-nested if neither
model can be represented as a

special case of the other.

In other words, one model is NOT a

restricted version of the other model

6.37 Non-nested Models: Evaluation

Non-nested Models: Evaluation

= locate the ‘Model Fit Information’ section in the Mplus output
= Compare the ‘AIC’, ‘BIC’, and ‘SSABIC’ values across key DCMs:

lower values indicate better model fit for a given model

MODEL FIT INFORMATION

Number of Free Parameters 39
Loglikelihood
HO Value -1825.370
HO Scaling Correction Factor 0.8505
for MLR

Information Criteria

Akaike (AIC) 3728.740
Bayesian (BIC) 3870.497
Sample-Size Adjusted BIC 3746.831

(n* = (n + 2) / 24)
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6.38 Bookend: Non-nested Models

This is the end of this part.

Model Type
Selection

6.39 Bookmark: Interpretation Checklist

Interpretation
Checklist
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6.40 Interpretation Topic Selection

Latent Class Attribute Mastery
Membership Information

Diagnostic Quality Attribute
of Items Reliabilities

6.41 Bookmark: Membership

Latent Class
N
- Membership o

| =@ -
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6.42 Latent Class Membership: Counts

Latent Class Membership: Counts

Locate the ‘Final class counts and proportions for the latent classes based

on

the estimated model’ section in the Mplus output

FINAL CLASS COUNTS AND PROPORTIONS FOR THE LATENT CLASSES
BASED ON THE ESTIMATED MODEL

0.28148
0.29123

0.14494
0.28235

Class 1 = [0,0] Number of Proportion of
Class 2 = [0,1] examinees in examinees in
Class 3=[1,01 _.ch latent class each latent class

Class 4 = [1,1]

6.43 Latent Class Proportions: Mastery Profiles

Latent Class Proportions: Mastery Profiles

Identify which attributes are mastered and not mastered in each latent

class

by retrieving the SAS output file called ‘_classcounts’

class estcount l estprop dlassatt] |  classatt?
1 1 78.81545 0.28148 0 0
2 2 8154375 0.29123 0 1
3 3 40.58269 0.144%4] 1 gl
4 4 79.05811 0.28235| 1 1
Class 1 [0,0]: examinees who have not mastered either of the attributes
Class 2 [0,1]: examinees who have mastered only attribute 2
Class 3 [1,0]: examinees who have mastered only attribute 1
Class 4 [1,1]: examinees who have mastered attribute 1 and attribute 2
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6.44 Bookend: Proportions

y |

This is the end of this part.

Topic
Selection

6.45 Bookmark: Mastery

Attribute

1 4 Mastery Q |
- k o Information "
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6.46 Marginal Attribute Mastery: Probabilities

Marginal Attribute Mastery: Probabilities

For the full / saturated LCDM, mastery probabilities are available for each
attribute in the SAS output file called ‘_respondents’

o | cprob ‘ cprob2 | cprob3 | cprob4d ‘ class prob_attribute 1 | prob_attribute2 |
1 1 0.02709 0.03823 0312 0.622 4 093463 0.66063
2 2 0.0622 0.10936 0243 0.585 4 0.82845 0.69455
i 3 0.32058 0.4524 0.076 0.151 2 0.22702 0.60357
4 4 0.97556 0.0216 0.003 15E-5 1 0.00285 002175
5, 5 0.00534 0.0144 0317 0.664 4 0.98026 0.67792

For all other DCMs, it is necessary to calculate these probabilities manually
from the probabilities of latent class membership.

Manual
Computation

Part 1 (Slide Layer)

Part 1: Transfer Posterior Probabilities

To facilitate calculation of the marginal probabilities, transfer the Mplus .dat file
containing the posterior probabilities of class membership into Excel

= Open the file ‘respondents_ITEMSpsychlatry’ in the supporting documents
=  The initial series of columns represent the item response data
= The next column represents the ID variabla

= The next series of columns contain the posterior latent class membership
probabilities for ach class

=  The next column indicates the |latent class with highast posterior probability
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Part 2 (Slide Layer)

Part 2: Calculate Marginal Probabilities

= For each attribute, use the SUM function In Excel to calculate the
marginal probability of mastery for each attribute as the sum of the

latent class membarship probabillties across all of the latent classes for

which the attribute is actually mastered

= Since latent class mambership Is mutually exclusive, the sum of all

probabilities across all latent classes is always 1 and computing sums is a

legitimate statistical operation for this purpose

= Perform this equation for examinee 1. Drag the formula down the

column to fill the remaining cells. Repeat for each attribute.

Part 3 (Slide Layer)

Part 3: Example

15

16
17
18
19
20
21
22

O O @ OO

DMO4 SLIDES

Q

R S

T

Posterior latent class membership

L

v

\

X

Y

Marginal probabilities

probability Latent class
Latent  Latent Latent Latent  with highest . =
class1 class2 «class3 class 4 pnsrefinr :\t;n:\;tell: Altribie 2:
[0.0] [0.1] [1,0] [1.1] probability [0.0,1,1] [0.1,0,1]
0.02709 0.03823 0.31220 0.6224 4 0.93460 0.66063
0.0622 0.10936 0.24326 0.58519 4 0.82845 0.69455
032058 04524 0.07585 0.15117 2 0.22702 0.60357
0.97556 0.0216 0.0027 0.00015 1 0.00285 0.02175
0.00534 0.0144 0.31674 0.66352 4 0.98026 0.67792
0.58578 0.40042 0.00762 0.00618 1 0.0138 0.4066

=SUM[QL7*{0},R17¥{0},517%(1),T17*{1))

=SUM{Q17*(0},R17%{1},517*{0)T17*{1))
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6.47 Marginal Attribute Mastery: Classifications

Marginal Attribute Mastery: Classifications

= For summary and descriptive purposes, it is
useful to convert the probabilities into binary

mastery states.

= However, there is no consensus on where the
conversion thresholds should be as it depends on

how “conservative” an analyst wants to be

= Larger uncertainty region —> more conservative
mastery state assignment / more evidence
needed for state assignment

6.48 Marginal Attribute Mastery: Uncertainty

Marginal Attribute Mastery: Uncertainty

<0.40 = attribute not mastered
0.40 - 0.60 = uncertain / unclassified
> 0.60 = attribute mastered

.80 .90 1

<0.33 = attribute not mastered
0.33 - 0.66 = uncertain / unclassified
>0.66 = attribute mastered
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6.49 Diagnostic Score Report: Cohort-level

Diagnostic Score Report: Cohort-level

Diagnoslic Score Report
Cohort-level diagnostics for Psychlatry

100%
90%
80%
70% )
60% 543%
50%
40%
30%
20%
10% -
0%

Mastery proportions

Altribute 1 Attribute 2
Atributes

y and Rec lations

In the Psychiatry assessment, over half of the cohert mastered attribute 2 (application of clinical
knowledge to the assessment of clinical probiems], however only one third mastered attribute 1
(application of knowiedge of basic, clinfcal and soclal sclences to understand iliness and disease In
clinical practice)

To Increase the cohort's proficlency in Psychiatnry, additional resources and support should be
putin place to increase knowledge of attribure 1.

6.50 Diagnostic Score Report: Examinee-level

Diagnostic Score Report: Examinee-level

Di ics R

dividual-level di ics for E: i 1in Psychiatry

attribute mastery

Estimated probahbility of

Anrbute 1 Antribute 2

Attributes

Summary and Recommendations

In the Psychialry assessment, examinee 1 mastered bothattribute 1 fapplication of knowledge
aof basic, clinfcal and social sciences to understand tliness and disease in clinfcal practice) and
attribute 2 (application of clinical k ledge to the of clinical p. ).

No remedlal instructionsare required.
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6.51 Bookend: Mastery

y |

This is the end of this part.

Topic
Selection

6.52 Bookmark: Quality

5 B

Diagnostic

_ 1 g Quality

y k et of Items
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6.53 Diagnostic Quality: General Principles

Diagnostic Quality: General Principles

= Parameter estimates provide useful information on the diagnostic

quality of each item. This information may be of particular interest to
course co-coordinators

= Parameter estimates are located in the ‘Estimate’ column of the
‘New / Additional Parameters’ section in the Mplus output

= Next, we will demonstrate how to use these parameter estimates
—specifically intercept and main effect parameters — to calculate
and interpret associated response probabilities

6.54 Interaction Selection

No
Interactions

Interactions
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6.55 Bookmark: No Interactions

_ - e
" No Interactions | N
( )

6.56 Intercept: Computational Steps (1)

Intercept: Computational Steps (1)

Step 1: Identify Relevant Parameters

Retrieve the intercept parameter estimate for each item from the
‘New [/ Additional Parameters’ section of the Mplus output:

L6_0: L6 indicates item 6, 0 indicates intercept parameter
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6.57 Intercept: Computational Steps ()

Intercept: Computational Steps (Il)

Step 2: Calculate Response Probability

Enter the intercept parameter estimate into the following formula using
Excel, which is the conversion of the logit into a probability:

exp(’intercept parameter estimate’) /
[1 + exp(’intercept parameter estimate’)]

Formula
Derivation

Derivation (Slide Layer)

Derivation of Formula

Logit(Y,;) = A

3

P(Y:i) _
Log (1 = P(Yﬁ)) = Ao

3

exp(4io)

T e

P (Yri) =
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6.58 Intercept: Example

Intercept: Example

Parameter label Parameter estimate Calculation
L6_0 -2.403 exp(L6_0)= 0.09
1+exp(L6_0)= 1.09

exp(L6_0)/L+exp(L6_0)= 0.08
e

Perform this calculation for all intercept parameters regardless of
whether or not the estimate is statistically significant

6.59 Intercept: Interpretation

Intercept: Interpretation

= Probability values range from0to 1

" For the intercept, the resulting probabilities indicate the chances of
a correct response for non-masters of all required attributes for

the item (i.e., “guessing”)

= High probabilities thus indicate that the item may not be well
measured by the attribute and vice versa.

® In the example on the previous slide, non-masters of all required
attributes have a very low probability (8%) of a correct response to
item 6 (i.e., this is a good item)
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6.60 Main Effect: Computational Steps (I)

Main Effect: Computational Steps (l)

Step 1: Identify Relevant Parameters

Retrieve the main effect parameter estimate for each item from the
‘New [/ Additional Parameters’ section of the Mplus output:

L6 indicates item 6

the first ‘1" after the underscore indicates a main effect
the second ‘1’ after the underscore indicates that this item
measures attribute 1

@ @ @ 5

6.61 Main Effect: Computational Steps (ll)

Main Effect: Computational Steps (l1)

Step 2: Calculate Response Probability

Enter the main effect parameter estimate into the following formula
using Excel, which is the conversion of the logit into a probability:

exp(’intercept’ + ‘main effect’) /
[1 + exp(’intercept’ + ‘main effect’)]

Perform this calculation for all main effect parameters, regardless of
whether or not the estimate is statistically significant

ooy
S Formula
@ . =
b Derivation
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Derivation (Slide Layer)

Derivation of Formula

Logit(Yy;) = Aip + i1 (a)

3

P(Yyi) _
Log (1—P(Yﬂ)) = Aot @

J

exp(4;o + 3;‘,1,(:1))
1+exp(dio + i) m

6.62 Main Effect: Example

P(Y) =

Main Effect: Example

L6 11 1.205 L6 0+L6_11= -1.20
0.30

exp(L6_0+L6_11)=
1+exp(L6_0 + L6_11)= 1.30
exp(L6_0+L6_11)/1+exp(L6 0+ L6 11)= [ 0.23 )
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6.63 Main Effect: Interpretation

Main Effect: Interpretation

= The parameter estimate indicates the increase in logit that masters
of the attribute in question have relative to non-masters of all
attributes

In the example, examinees who have mastered attribute 1 have an
increase in logit of 1.205 over examinees who are non-masters

= Probability values range from 0 to 1 and express the relative
advantage of examinees who are masters more naturally

In the example, examinees who are masters of attribute 1 have a
relatively low probability (23%) of answering item 6 correctly

6.64 Bookend: Models without Interaction

This is the end of this part.

Topic
Selection
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6.65 Bookmark: Interactions

6.66 Interactions: General Principles (I)

Interactions: General Principles (1)

Calculate the response probabilities when interaction terms are present
(i.e., for the full / saturated LCDM)

= Regardless of statistical significance, if an interaction term is included in
the model it must be included in all predicted probability calculations

= When interaction terms are present, the main effects are called
conditional (or simple) main effects. This means that their interpretation
depends on other variables in the model being 0

* |f the interaction parameter is NOT statistically significant it can be omitted
from the model. Removing the interaction term may be useful if the model
provides a poor fit to the data and requires modification to improve fit
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6.67 Interactions: General Principles (Il)

Interactions: General Principles (ll)

= Aninteraction term is an over-additive or an under-additive effect

= If the interaction parameter estimate is negative, there is an under-
additive effect of mastering both attributes

(@) mastery of one attribute is sufficient to have a high chance
of answering the item correctly

® |f the raw interaction parameter estimate is positive, there is an over-
additive effect of mastering both attributes

Y
% there is a “bonus” for mastery of both attributes

6.68 All Parameters: Computational Steps (1)

All Parameters: Computational Steps (1)

Step 1: Identify Relevant Parameters

Retrieve the raw intercept, main effect and interaction parameter estimates for
each item from the ‘New / Additional Parameters’ section of the Mplus output:

( Estimate \

New/Additional Parameters

Intercept L2 0 0.8632
Main Effects { o 2.611
L2_12 0.725
\ Interaction Effect L2 212 0.175 _/
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6.69 All Parameters: Computational Steps (Il)

All Parameters: Computational Steps (l1)

Step 2: Calculate Predicted Logits

Calculate the predicted logit for each latent class using this formula in Excel:

logit = ‘intercept’ + ('main effect for attribute 1’ * A1) +
('main effect for attribute 2’ * A2) + ('interaction effect’ * Al * A2)

Formula
Derivation

Derivation (Slide Layer)

Derivation

Logit(Y,, = 1|a,) = A0t 21,10 M21,2)H2,2,(12)

3

P(Yy2)
Log (—T) — AZJO-E-)IZ.L(])+/12.]_‘(2)+’12,2.(12)

1-P(Yr2)

3

exp(A2,0+42,1,1)tA2,1,2)2,2,(12))

1+ exp(Az,0+421,(1)*A21,(2) A2,2,(12)) m

P(YT‘Z) =

DMO4 SLIDES 100/ 110 Version 1.4



6.70 All Parameters: Example (1)

All Parameters: Example (1)

Main Main
Intercept Effect for Effect for Al1*A2
interaction
e [Al AZ] In
Class 1 [0,0]: 0 632 (2 611*0) + [0 T25%0) ) + (O 175*%0%0) 0.632
Class 2 [1,0]: | 0.632]+] (2.611%1) §+(0.725%0)] +} (0.175%1%0) 3.243
Class3[0,1]: | 0.632 ]+ (2.611*0) |+ (0.725*1)] +] (0.175*0*1) 1.357
Class4[1,1]: | 0.632 )+ (2.611%1) J+ ] (0.725%1)] +] (0.175*%1*1) 4.143
. s \L 7 . o

6.71 All Parameters: Computational Steps (Ill)

All Parameters: Computational Steps (lll)

Step 3: Calculate Predicted Response Probabilities

Convert each of the predicted logits into predicted response probabilities
using the following formula:

exp(’logit’)/[1+exp(’logit’)]

N

logit = ‘intercept’ + (‘'main effect for attribute 1’ * A1) +
('main effect for attribute 2’ * A2) + (‘interaction effect’ * Al * A2)

Formula
Derivation
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Derivation (Slide Layer)

Derivation

Logit(Yy, = 1lay) = Az 0+22,1,(1)+2,1,2)*A2,2,(12)
P(Yy2)
Log (— = 20421, 21,20t A2,2,12)

1-P(Y%2)
|

exp(A2,0+42,1,1) A2,1,2)2,2,(12))
1+ exp(A2,0+42,1,(1)*A2,1,(2)*A2,2,(12)) m

6.72 All Parameters: Example (1)

P(YT"Z) =

All Parameters: Example (11)

exp(logit) [1+exp(logit)]

Class [Al, A2] Calculation I Probability ‘
= 0.65

Class 1 [0,0]: exp(0.632) | /| (1+exp(0.632))

Class 2 [1,0]: exp(3.243) | /| (1+exp(3.243)) = 0.96
Class 3 [0,1]: exp(1.357) | /| (1+exp(1.357)) = 0.80
Class 4 [1,1]: exp(4.143) | /| (1+exp(4.143)) = 0.98

DMO4 SLIDES 102 / 110

Version 1.4



6.73 All Parameters: Interpretation

All Parameters: Interpretation

= Respondents who mastered neither attribute 1 nor 2 (latent class 1)
had a moderate chance of answering item 2 correctly (0.65)

= Respondents who mastered attribute 1 but not attribute 2 (latent class 2)
had a very high chance of answering item 2 correctly (0.96)

= Respondents who did not master attribute 1 but mastered attribute 2
(latent class 3) had a high chance of answering item 2 correctly (0.80)

= Respondents who mastered both attributes 1 and 2 (latent class 4)
had a high chance of answering item 2 correctly (0.98)

6.74 Bookend: Models with Interaction

This is the end of this part.

Topic
Selection
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6.75 Bookmark: Reliability

Attribute J -

Reliabilities

6.76 General Principles (1)

General Principles (I)

* |tisimportant to report the reliability of the attributes / attribute scores

= Reliability in a model with discrete latent variables differs
mathematically from reliability in more traditional continuous latent
variable models

ALHD.. #

Standard Deviabons
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6.77 General Principles (1l)

General Principles (I1)

= Templin and Bradshaw (2013) define reliability via posterior probabilities
of attribute mastery that indicate which mastery status is more likely and
the amount of uncertainty (error) in that choice

) If error is low, reliability should be high and vice-versa

= This index aggregates the posterior probabilities by considering how
consistently respondents would be classified if they took the test twice

f’ If they are always classified in the same way, reliability

is high; if not, reliability is low

6.78 Ad-hoc Approach (1)

Ad-hoc Approach (I)

» generate two "pseudo” classifications from a Bernoulli distribution using a
randomly sampled person's posterior probability of attribute mastery

» replicate this process many times (e.g., 10,000)

» estimate the tetrachoric correlation of the resulting two-way table as an
approximation of the reliability coefficient

As itis based on posterior probabilities of an attribute, it assumes:

- good model-data fit
- strictly parallel tests

Research on optimal estimation of reliability is an ongoing area of research
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6.79 Ad-hoc Approach (1)

Ad-hoc Approach (Il)

THE
POWER
. J TO KNOW

Templin & Bradshaw (2013) Estimation Macros
for Mplus

6.80 Bookend: Reliability

This is the end of this part.

Topic
Selection
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6.81 Bookmark: Reporting Checklist

Reporting
Checklist

6.82 Reporting

Reporting Checklist: Overview

Method

Did the authar(s) provide the Q-matrx and describe its developmant?
+ Dt the authar(s) spacsfy the number of NEms, [Nt CLassHs and aNPBuAEs 385455407
Didthe author(s) describe the sample size and justify its appropriateness for the study?
Dud the autharfs) estimate atematrve DCMs and provide descipiions?

+ Was the software package name and version specified?

+  Was the estimator specified?

+ " Dudthe author(s) provide an overiew of ihe fit indices used 10 evaluats modsl it

=Wk da s i from & complex survey Gesign. dic I BuEhor(s) inchide wiights in the
Mol estimat

fthe author(s) made any changes 1o the Grmatiix. were these changes explaned?

O ODoODOoO0O0 03

Fosults.

Forsach DOM testad, did the authon(s) svahiats the Overall Brvanate Pearsen ChiSquane and [
Overall LogHik nwuca-sw-u {absolute model w;m Fit Evalustion Checkiia!, pomt )
For sach 4 namber of

a0 1he Pumbar ormmmnm axpactedby i (abgciure model A7 (Moow! Fit
Evaivation Checkiiat, pow bj

1 3ha author(s) removed amy ron-signeicant intaractons o meafing items 10 ¥rrova/refine o
moxdel fit, weté these changes descnbed and justified? (Wodel Fit Evaluabon Checkist pant ¢)

1fshe author(s) compared altemative DCMs, ooy ety which DCMs wers axcluded due to
poor absolute fit? (Model Fit Evaliation Chec
v the aushor(s) report relative model fit statisdcs (for non-nested & nested models) and
thase DCMs

(n]

( )
(Model Fit Eveluation Checkbal, pont # 4 1)

Didlthe suthor(s) excluda sntropy, which is 8 poor model fit index for DCMs? (DCM Model Fit
Eveivation Checkiist. pant &)

Dud the authar(s) provide sufficient pustication for their choice of opbmal model?
(Model Fi Evaluation Checkiiat ponts o)

Dxd the author(s) present the proportion 9
model? finferpretation Checklist point aj

+ D the autihorls) prow aumwuwwo!wugmom:mwormqmau ntercepts. man
effecls, interactions) in the best-fitting model 7/ Interpredation Checkliat conis eg)

Didthe suther(s) report the rekataity of the best-FEng model? (nferpretaton Checkiat. fant A

0D D O O O[O0
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6.83 Reporting Checklist Benefits

Reporting Checklist: Benefits

= provides a framework for conducting and reporting DCM evaluations

= encourages accurate and thorough reporting to facilitate replication,
transparency and reliability judgements

* helps to prepare comprehensive and usable articles

= helps to assess the quality of empirical studies

= facilitates the development of knowledge among non-expert readers

6.84 Reporting Checklists in other fields

Reporting Checklists: Other Fields

Similar guidelines have been developed elsewhere and have been
useful for reporting the results of:

= Randomized Control Trials
CONSORT: CONsolidated Standards Of Reporting Trials

= Case-control, Cohort, and Cross-sectional Studies
STROBE: STrengthening the Reporting of OBservational Studies
in Epidemiology

= Diagnostic Studies
QUORUM: QUality Of Reporting of Meta-Analyses
MOOSE: Meta-analysis Of Observational Studies in Epidemiology
STARD: STAndards for Reporting of Diagnostic Accuracy
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6.85 Bookend: Reporting Checklist

This is the end of this part.

Checklist
Selection

6.86 Bookend: Section 5

If you are interested in taking a
quiz on this section click here:

If you are interested in

analyzing sample data Applied Exercise

using an applied exercise
click here:

If you want to return to the
main menu, click here:
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6.87 Module Cover (END)
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