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An Overview of 
Item Response Tree (IRTree) Models



Section 
Learning 

Objectives

Show how to compute the probability 
of a terminal response based on a 

specified IRTree model

Transform observed item responses 
into pseudo-item responses

Specify a tree structure based on a 
hypothesized internal decision process

Understand the conceptual framework 
of item response tree (IRTree) models

An Overview of IRTree Models1



Basic Idea

• Typical item response theory (IRT) models use terminal outcomes 

(i.e., observed item responses)

• Item response tree (IRTree) models (Böckenholt, 2012; De Boeck & 

Partchev, 2012; Jeon & De Boeck, 2016) can describe psychological or 

cognitive processes underlying item responses
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1. I get stressed out easily.

2. I am relaxed most of the time.

3. I feel comfortable around people.⋮

Strongly 

Disagree Disagree Agree

Strongly 

Agree

⋮



Basic Idea
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Strongly 

disagree

𝒀𝒀𝟏𝟏∗

Disagree Agree Strongly 

agree

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗

• IRTree model decomposes a hypothesized response process 

using a decision tree structure

Agree vs. Disagree?

Extreme vs. Non-extreme?



Basic Idea

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4

• Example tree structures:
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Linear Nested Polytomous



Basic Idea

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4

Nodes

• Example tree structures:
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Linear Nested Polytomous



Basic Idea

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4

Branches

• Example tree structures:
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Linear Nested Polytomous



Basic Idea

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4Leaves

• Example tree structures:
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Linear Nested Polytomous



Basic Idea

Linear Nested

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4

Polytomous

• Example tree structures:
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Basic Idea

Linear Nested

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4

Polytomous

• We can attach a separate IRT model to each node
• The distinct nodes can be used to statistically separate the 

influence of multiple traits
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Pseudo-Item Responses

• We transform the observed item responses (𝑌𝑌) into pseudo-item 
responses (𝑌𝑌∗) based on the specified tree structure  

• A binary or categorical decision outcome at each node

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3

𝑌𝑌1∗
𝑌𝑌2∗

1 2 3 4
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Node
Observed item response (𝑌𝑌)

1 2 3𝑌𝑌1∗ 0 1 1𝑌𝑌2∗ NA 0 1

Pseudo-Item Responses

• Examples of transforming observed item responses into pseudo-
item responses:𝑌𝑌1∗

𝑌𝑌2∗
1 2 3

10

10

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

Node
Terminal responses (𝑌𝑌)

1 2 3 4𝑌𝑌1∗ 0 0 1 1𝑌𝑌2∗ 0 1 NA NA𝑌𝑌3∗ NA NA 0 1

10

10 10
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𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 �𝜃𝜃𝑝𝑝1 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝1 + 𝑑𝑑𝑝𝑝1)𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1 �𝜃𝜃𝑝𝑝2 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝2𝜃𝜃𝑝𝑝2 + 𝑑𝑑𝑝𝑝2)𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1 �𝜃𝜃𝑝𝑝3 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝3𝜃𝜃𝑝𝑝3 + 𝑑𝑑𝑝𝑝3)

Model Formulation

• The probability of each pseudo-item response can be specified 
with an IRT model (e.g., two-parameter logistic (2PL) model)

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4

10

10 10
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𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 1 �𝜽𝜽𝒑𝒑 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 0 �𝜃𝜃𝑝𝑝1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 0 �𝜃𝜃𝑝𝑝2𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 2 �𝜽𝜽𝒑𝒑 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 0 �𝜃𝜃𝑝𝑝1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1 �𝜃𝜃𝑝𝑝2𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 3 �𝜽𝜽𝒑𝒑 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 �𝜃𝜃𝑝𝑝1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 0 �𝜃𝜃𝑝𝑝3𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 4 �𝜽𝜽𝒑𝒑 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 �𝜃𝜃𝑝𝑝1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1 �𝜃𝜃𝑝𝑝3

Model Formulation

• The probability of a terminal outcome can be expressed as the 
product of probabilities of pseudo-item decisions across nodes
• It is assumed that pseudo-item responses are conditionally independent

𝑌𝑌1∗
𝑌𝑌3∗𝑌𝑌2∗

1 2 3 4
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10 10
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• General formula (Jeon & De Boeck, 2016)𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 𝑚𝑚 𝜽𝜽𝒑𝒑 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ ,𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 𝑦𝑦𝑚𝑚2∗ , … ,𝑌𝑌𝑝𝑝𝑝𝑝𝐾𝐾∗ = 𝑦𝑦𝑚𝑚𝐾𝐾∗ |𝜽𝜽𝒑𝒑
= �𝑘𝑘=1𝐾𝐾 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝𝑘𝑘∗ = 𝑦𝑦𝑚𝑚𝑘𝑘∗ |𝜃𝜃𝑝𝑝𝑘𝑘 𝑡𝑡𝑚𝑚𝑚𝑚

• Model specification can be viewed as fitting a simple-
structure 𝐾𝐾-dimensional IRT model to pseudo-item 
responses derived from a specified tree structure

Pseudo-item response on node 𝑘𝑘(= 1, … ,𝐾𝐾) for terminal outcome 𝑚𝑚
= �0

1 otherwise

if 𝑦𝑦𝑚𝑚𝑘𝑘∗ = 𝑁𝑁𝑁𝑁

Model Formulation

= [𝜃𝜃𝑝𝑝1,𝜃𝜃𝑝𝑝2, … ,𝜃𝜃𝑝𝑝𝐾𝐾]
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• The approach essentially estimates person and item parameters 
of a multidimensional IRT model fitted to data with missing 
responses

Model Estimation

Node2

𝑌𝑌11∗ 𝑌𝑌21∗ 𝑌𝑌31∗ 𝑌𝑌𝐼𝐼1∗⋯
Node3

𝑌𝑌12∗ 𝑌𝑌22∗ 𝑌𝑌32∗ 𝑌𝑌𝐼𝐼2∗⋯ 𝑌𝑌13∗ 𝑌𝑌23∗ 𝑌𝑌33∗ 𝑌𝑌𝐼𝐼3∗⋯
Node1

𝜃𝜃1 𝜃𝜃2 𝜃𝜃3
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• Investigation of the nature of the scale 
(De Boeck & Partchev, 2012; Jeon & De Boeck, 2016)

Maybe

𝒀𝒀𝟏𝟏∗

No Yes

𝒀𝒀𝟐𝟐∗
10

10

No

𝒀𝒀𝟏𝟏∗

Maybe Yes

𝒀𝒀𝟐𝟐∗
10

10

Strongly 

disagree

𝒀𝒀𝟏𝟏∗

Disagree Agree Strongly 

agree

𝒀𝒀𝟐𝟐∗
𝒀𝒀𝟑𝟑∗

10

10

10

Applications of IRTree Models (1)

What would a selection of ‘maybe’ indicate?

vs.

Is this scale ordinal?
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• Modeling response styles (Böckenholt & Meiser, 2017; Khorramdel & 
von Davier, 2014; Plieninger & Meiser, 2014)

Strongly 

disagree

𝒀𝒀𝟏𝟏∗

Disagree Agree Strongly 

agree

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001

Strongly 

disagree

𝒀𝒀𝟐𝟐∗

Disagree Agree Strongly 

agree

𝒀𝒀𝟒𝟒∗𝒀𝒀𝟑𝟑∗
10

1001

𝒀𝒀𝟏𝟏∗

Neutral

01

Applications of IRTree Models (2)

Modeling extreme response styles Modeling midpoint and extreme response styles
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• Modeling omitted/missing responses 
(Debeer et al., 2017; Jeon & De Boeck, 2016) 

Strongly 

disagree

𝒀𝒀𝟐𝟐∗

Disagree Agree Strongly 

agree

𝒀𝒀𝟒𝟒∗𝒀𝒀𝟑𝟑∗
10

1001

𝒀𝒀𝟏𝟏∗

Missing

10

Missing

𝒀𝒀𝟏𝟏∗

Incorrect Correct

𝒀𝒀𝟐𝟐∗
10

10

Applications of IRTree Models (3)
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• Modeling cognitive processes or test-taking strategy
(DiTrapani et al., 2016; Jeon et al., 2017; Partchev & De Boeck, 2012)

Applications of IRTree Models (4)

Slow 

incorrect

𝒀𝒀𝟏𝟏∗

Slow 

correct

Fast 

incorrect

Fast 

correct

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1010

Slow vs. fast intelligence?

Fast vs. slow

Correct vs. incorrect

Modeling answer change behaviors

Wrong-

Wrong

𝒀𝒀𝟏𝟏∗

Wrong-

Right

Right-

Wrong

Right-

Right

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

0110

Initial response

Answer change
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2

Application 1: 
Modeling Response Styles



Section 
Learning 

Objectives

Explain benefits and limitations of the 
IRTree approach for modeling 

response styles

Illustrate statistically the probability of 
selecting a specific response category 
based on the IRTree model accounting 

for response styles

Specify a tree structure for modeling 
different types of response styles

Describe the concept of response 
styles within the context of 
noncognitive assessments

Application 1: 
Modeling Response Styles

2



Self-Report Rating Scale

• The most common approach to measuring noncognitive 

constructs is to use a self-report Likert rating scale

• Respondents select one of the response categories to indicate to 

what extent they agree or disagree to a given statement

• They may not use or interpret the rating scales in the same way

How much do you agree with the following statements?

1) I feel supported in my community.

2) I feel like I am an important part of my community.

3) I feel comfortable being myself in my community.

Strongly 

Disagree Disagree Agree

Strongly 

Agree



Response Styles

• Some respondents may tend to select certain response categories 

more often than others

• For example, some may be inclined to choose extreme or non-extreme 

response categories

• Some may consistently overselect or underselect a midpoint response 

category

Response Styles



Response Styles

• Response styles (RS) are content-irrelevant tendencies to select 

certain response categories in rating scale items (Paulhus, 1991) 

• Examples: Extreme response style (ERS), Midpoint response style (MRS)

• Response styles are widely known as a threat to validity 

• They tend to correlate with other person variables such as 

sociodemographic, personality, and cultural characteristics

0

0.1

0.2

0.3

0.4

0.5

Strongly
disagree

Disagree Agree Strongly
agree

P
ro

p
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n

Person 1 (Low ERS)

0

0.1

0.2

0.3

0.4

0.5

Strongly
disagree

Disagree Agree Strongly
agree

Person 2 (High ERS)Similar level of 

the content trait



IRTree Approach for Modeling ERS

• The figure below illustrates a typical way of specifying a tree 
structure for modeling ERS

• The tree structure decomposes 
the response process into a 
two-stage selection process 
with three decision nodes

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001



IRTree Approach for Modeling ERS

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001

Agree vs. Disagree

• The figure below illustrates a typical way of specifying a tree 
structure for modeling ERS

• The tree structure decomposes 
the response process into a 
two-stage selection process 
with three decision nodes



• The figure below illustrates a typical way of specifying a tree 
structure for modeling ERS

IRTree Approach for Modeling ERS

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001

Extreme vs. Non-extreme

• The tree structure decomposes 
the response process into a 
two-stage selection process 
with three decision nodes



• The figure below illustrates a typical way of specifying a tree 
structure for modeling ERS

• The tree structure decomposes 
the response process into a 
two-stage selection process 
with three decision nodes

• Pseudo-item responses for 
each observed item response:

IRTree Approach for Modeling ERS

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001
Node

Terminal response (𝑌𝑌)

1 2 3 4𝑌𝑌1∗ 0 0 1 1𝑌𝑌2∗ 1 0 NA NA𝑌𝑌3∗ NA NA 0 1



IRTree Approach for Modeling ERS

• We parameterize the probability of a decision at each node using 
an IRT model (e.g., 2PL model) incorporating a latent trait 
hypothesized to influence the corresponding response subprocess

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1|𝜃𝜃𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝1)
𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝2𝜂𝜂𝑝𝑝 + 𝑑𝑑𝑝𝑝2)
𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝3𝜂𝜂𝑝𝑝 + 𝑑𝑑𝑝𝑝3)

Content trait

ERS

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001



IRTree Approach for Modeling ERS

• We parameterize the probability of a decision at each node using 
an IRT model (e.g., 2PL model) incorporating a latent trait 
hypothesized to influence the corresponding response subprocess

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1|𝜃𝜃𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝1)
𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝2𝜂𝜂𝑝𝑝1 + 𝑑𝑑𝑝𝑝2)
𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝3𝜂𝜂𝑝𝑝2 + 𝑑𝑑𝑝𝑝3)

Content trait

Positive ERS
Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001

Directional invariance was empirically 
supported (Jeon & De Boeck, 2019)

Negative ERS



IRTree Approach for Modeling ERS

• We parameterize the probability of a decision at each node using 
an IRT model (e.g., 2PL model) incorporating a latent trait 
hypothesized to influence the corresponding response subprocess

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1|𝜃𝜃𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝1)Content trait

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝2𝜂𝜂𝑝𝑝 + 𝑑𝑑𝑝𝑝2)
𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝3𝜂𝜂𝑝𝑝 + 𝑑𝑑𝑝𝑝3)ERS



IRTree Approach for Modeling ERS

• The probability of observed item response 𝑌𝑌𝑝𝑝𝑝𝑝 can be expressed 
as the product of probabilities of pseudo-item decisions across 
three nodes

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 𝑚𝑚 �𝜃𝜃𝑝𝑝, 𝜂𝜂𝑝𝑝 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ ,𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 𝑦𝑦𝑚𝑚2∗ ,𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜃𝜃𝑝𝑝, 𝜂𝜂𝑝𝑝
= 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ �𝜃𝜃𝑝𝑝 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 𝑦𝑦𝑚𝑚2∗ �𝜂𝜂𝑝𝑝 1−𝑦𝑦𝑚𝑚1∗ 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜂𝜂𝑝𝑝 𝑦𝑦𝑚𝑚1∗

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 3)

Strongly 

agree

(𝑌𝑌 = 4)

𝒀𝒀𝟑𝟑∗𝒀𝒀𝟐𝟐∗
10

1001



IRTree Approach for Modeling ERS

• The probability of observed item response 𝑌𝑌𝑝𝑝𝑝𝑝 can be expressed 
as the product of probabilities of pseudo-item decisions across 
three nodes

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 4 �𝜃𝜃𝑝𝑝, 𝜂𝜂𝑝𝑝 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 �𝜃𝜃𝑝𝑝 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1 �𝜂𝜂 𝑝𝑝

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 𝑚𝑚 �𝜃𝜃𝑝𝑝, 𝜂𝜂𝑝𝑝 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ ,𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 𝑦𝑦𝑚𝑚2∗ ,𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜃𝜃𝑝𝑝, 𝜂𝜂𝑝𝑝
= 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ �𝜃𝜃𝑝𝑝 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 𝑦𝑦𝑚𝑚2∗ �𝜂𝜂𝑝𝑝 1−𝑦𝑦𝑚𝑚1∗ 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜂𝜂𝑝𝑝 𝑦𝑦𝑚𝑚1∗

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟏𝟏∗

Disagree
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Agree

(𝑌𝑌 = 3)

Strongly 

agree
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10
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IRTree Approach for Modeling ERS

• A graphical representation of the model fitted to pseudo-item 
responses:

Node2

𝑌𝑌11∗ 𝑌𝑌21∗ 𝑌𝑌31∗ 𝑌𝑌𝐼𝐼1∗⋯
Node3

𝑌𝑌12∗ 𝑌𝑌22∗ 𝑌𝑌32∗ 𝑌𝑌𝐼𝐼2∗⋯ 𝑌𝑌13∗ 𝑌𝑌23∗ 𝑌𝑌33∗ 𝑌𝑌𝐼𝐼3∗⋯
Node1

(Agree vs. Disagree)

𝜃𝜃𝑝𝑝 𝜂𝜂𝑝𝑝

(Extreme vs. Non-extreme)



IRTree Approach for Modeling MRS and ERS

• We can similarly construct an IRTree for modeling both MRS and 
ERS for a 5-point rating scale

• It is decomposed into a three-stage 
selection process 

• We can estimate the content trait, 
ERS, and MRS by attaching separate 
IRT models to different nodes

• Pseudo-item responses for each 
observed item response:

Node
Terminal response (𝑌𝑌)

1 2 3 4 5𝑌𝑌1∗ 0 0 1 0 0𝑌𝑌2∗ 0 0 NA 1 1𝑌𝑌3∗ 1 0 NA NA NA𝑌𝑌4∗ NA NA NA 0 1

Neutral

(𝑌𝑌 = 3)

Strongly 

disagree

(𝑌𝑌 = 1)

𝒀𝒀𝟐𝟐∗

Disagree

(𝑌𝑌 = 2)

Agree

(𝑌𝑌 = 4)

Strongly 

agree

(𝑌𝑌 = 5)

𝒀𝒀𝟒𝟒∗𝒀𝒀𝟑𝟑∗
10

1001

10

𝒀𝒀𝟏𝟏∗ Midpoint vs. Directional

Agree vs. Disagree

Extreme vs. 
Non-extreme



Advantages of IRTree Modeling for RS

• IRTree modeling allows us to easily define and differentiate 

multiple response styles by decomposing the response process 

into binary internal decisions for selecting specific types of 

response categories (Böckenholt & Meiser, 2017)

• It is useful for modeling response styles in a confirmatory way

• It is easy to statistically separate the influence of the content trait and 

response styles



Limitations of IRTree Modeling for RS

• The model regards the underlying response process as identical 

across all individuals (Kim & Bolt, 2021)

• We may lose some information for estimating the content trait 

(Kim & Bolt, 2021), although the amount of information loss may 

not be substantial (Plieninger & Meiser, 2014)
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Application 2: 
Modeling Test-taking Behaviors



Section 
Learning 

Objectives

Evaluate the assumptions and 
advantages of the IRTree models for 

test-taking behaviors

Interpret item parameters in the 
context of test-taking behaviors

Specify the IRTree model for answer 
change and rapid guessing in the 

cognitive assessment context 

Explain the tree structure of IRTree
models within the context of test-

taking behaviors

Application 2: 
Modeling Test-Taking Behaviors

3



Test-Taking Behaviors

• Cognitive assessments are designed to assess students’ 
knowledge and skills

• Test scores are used to reflect their test performance
• Understanding test-taking behaviors is important because 

they can influence and bias test results
• IRTree models have been utilized in cognitive assessment 

to investigate students’ test taking behaviors



Test-Taking Behaviors

• Test-taking behavior can provide insights about:
• Engagement and Effort (Wise, 2017)
• Cognitive Processing (Jeon et al., 2017)
• Score Validity (Rios & Deng, 2021)

Answer Change Behavior
• Students may modify their 

responses during a test as a 
result of critical thinking, self-
reflection, or test wiseness

• This behavior can have 
implications for test reliability 
and score accuracy

Rapid Guessing Behavior
• Students may answer questions 

too quickly, often without fully 
reading or considering them

• This may be due to 
disengagement or test fatigue, 
impacting the accuracy and 
fairness of scores



Answer Change (AC)

• Common for multiple-choice format items 

• Test-takers may review their initial response 

• They may either keep the initial response or change to an 
alternative answer

• Contradictory ideas/findings on AC and test scores

• Traditional thought: AC can lower test scores

• Empirical findings: 

• AC produced more wrong to right answers and improved test scores 
(Coffey et al., 2024)

• Test score changes by AC depend on test takers’ characteristics, such 
as students' ability level (Stylianou-Georgiou & Papanastasiou, 2017) 
and attitudes (e.g., reflectivity; Friedman & Cook, 1995)



Answer Change (AC)

• Previous findings are mostly based on classical test theory (CTT) 
methods
• AC outcomes were indicated by counts or proportions

• Overlooked variability of individuals’ ability and item property 
(e.g., item difficulty)

• Existent IRT-based method
• A two-stage procedure to model the answer change process 

(van der Linden et al., 2011)
• Regular IRT model for the initial response in stage one
• Fixed-ability logistic regression model for final response after the 

answer review in stage two 
• Issue: The same latent trait was involved in the two stages



IRTree Model for Answer Change

• Initial Response: the first response a test taker provides

• Final Response: the response a test taker submits

• Four terminal responses of answer change behavior

• A wrong answer to a wrong answer (WW)
• A wrong answer to a right answer (WR)
• A right answer to a wrong answer (RW)
• A right answer to a right answer (RR)



• Nested Tree Structure

IRTree Model for Answer Change

• Response Process

0 1

0 1

1 3 4

0 1

2

Wrong Right

Wrong Right

WW WR

Wrong Right

RW RR



IRTree Model for Answer Change

• Example Data - Key: B for Item 1; A for Item 2

Note. IR = Initial Response. FR = Final Response. Correct Answers are in red. 

Person
Item1 

IR

Item2 

IR
…

Item1 

FR

Item2 

FR
…

Item1 

node1

Item2

node1
…

Item1

node2

Item2

node2
…

Item1

node3

Item2

node3
…

1 B D … B A … 1 0 … NA 1 … 1 NA …

2 A A … A C … 0 1 … 0 NA … NA 0 …

… … … … … … … … … … … … … … … …

999 C B … B D … 0 0 … 1 0 … NA NA …

1,000 D A … B A … 0 1 … 1 NA … NA 1 …

… … … … … … … … … … … … … … … …



IRTree Model for Answer Change

The probability of each pseudo-item response (Jeon et al., 2017):

• The probability of correct responses to item i for person p for 
Node 1 (initial response):  𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 = 𝑔𝑔−1 𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝1 + 𝑑𝑑𝑝𝑝1

• The probability of correct responses to item i for person p for 
Node 2 and 3 (answer change behavior) conditional on the initial 
wrong and right response, respectively:  𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1 = 𝑔𝑔−1 𝑎𝑎𝑝𝑝2𝜃𝜃𝑝𝑝2 + 𝑑𝑑𝑝𝑝2𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1 = 𝑔𝑔−1 𝑎𝑎𝑝𝑝3𝜃𝜃𝑝𝑝3 + 𝑑𝑑𝑝𝑝3



IRTree Model for Answer Change

• The probability of each terminal responses:

𝑃𝑃 𝑊𝑊𝑊𝑊 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 1 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 0 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 0𝑃𝑃 𝑊𝑊𝑊𝑊 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 2 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 0 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1𝑃𝑃 𝑊𝑊𝑊𝑊 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 3 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 0𝑃𝑃 𝑊𝑊𝑊𝑊 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 4 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1

Outcome 
Category

Terminal 
Response

Pseudo-item 1 Pseudo-item 2 Pseudo-item 3

WW 1 0 0 NA

WR 2 0 1 NA

RW 3 1 NA 0

RR 4 1 NA 1



IRTree Model for Answer Change

• The probability of the terminal response of 4 (RR):

𝑃𝑃 𝑊𝑊𝑊𝑊 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 4 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1

=
11+exp −𝑎𝑎𝑖𝑖1(𝜃𝜃𝑝𝑝1+𝑑𝑑𝑖𝑖1)

×
11+exp −𝑎𝑎𝑖𝑖𝑖(𝜃𝜃𝑝𝑝𝑖+𝑑𝑑𝑖𝑖𝑖)

Outcome 
Category

Terminal 
Response

Pseudo-item 1 Pseudo-item 2 Pseudo-item 3

WW 1 0 0 NA

WR 2 0 1 NA

RW 3 1 NA 0

RR 4 1 NA 1



Rapid Guessing (RG)

• What is RG?

• Occurs when test-takers quickly respond without adequate 
consideration of item contents (Wise, 2017)

• Why do we care about RG?

• Identified as a construct-irrelevant factor

• Threats to validity by providing inaccurate information about test takers’ 
true proficiency level 

• Can lead to adverse impact on various measurement properties and 
test-takers’ ability estimates (Rios & Deng, 2021)



Rapid Guessing (RG)

• How do we identify RG?

• Global-level Measures (e.g., self-report instruments; Wise & 
DeMars, 2005)

• Behavior Indicators (e.g., eye movement tracking; Maddox et 
al., 2018)

• Response Time (RT) Methods (e.g., Normative Threshold; 
Wise & Ma, 2012)

 Defined as the total time spent on a single item

 In computerized tests, response time for each item can be recorded 
without interrupting individuals’ test taking process



• Linear Tree Structure

IRTree Model for Rapid Guessing

• Response Process

1 0

1 2 3

1 0

Yes No

Yes No

Correct IncorrectRG

• Three terminal responses: 
(1) RG response; (2) Incorrect Answer; (3) Correct Answer



IRTree Model for Rapid Guessing

• Example Data - Key: B for Item 1; A for Item 2

Note. Right answers and identified rapid guessing (RG) responses are in red.

Person Item1 Item2 …
Item1 

RG

Item2 

RG
…

Item1 

node1

Item2

node1
…

Item1

node2

Item2

node2
…

1 B D … 0 0 … 0 0 … 1 0 …

2 A A … 1 1 … 1 1 … NA NA …

… … … … … … … … … … … … …

999 C B … 0 1 … 0 1 … 0 NA …

1,000 D A … 0 1 … 0 1 … 0 NA …

… … … … … … … … … … … … …



IRTree Model for Rapid Guessing

The probability of each pseudo-item response (Node):

• The probability of each rapid guessing response to item i for 
person p for Node 1: 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1 = 𝑔𝑔−1 𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝𝑝𝑝 + 𝑑𝑑𝑝𝑝1

• The probability of correct response to item i for person p for Node 
2 conditional on effortful response: 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1 = 𝑔𝑔−1 𝑎𝑎𝑝𝑝2𝜃𝜃𝑝𝑝2 + 𝑑𝑑𝑝𝑝2



IRTree Model for Rapid Guessing

• The probability of each outcome category:

𝑃𝑃 𝑊𝑊𝑅𝑅 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 1 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1𝑃𝑃 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 2 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 0 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1𝑃𝑃 𝐼𝐼𝐼𝐼𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 3 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 0 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 0

Outcome 
Category

Terminal 
Response

Pseudo-item 1 Pseudo-item 2

Rapid Guessing 1 1 NA

Correct Response 2 0 1

Incorrect 
Response

3 0 0



IRTree Model for Test-taking Behaviors

• Advantages

• Allows for separate continuous latent traits for test-taking behavior 
and response

• Answer change: initial response and answer change process

• Rapid guessing: test-taking effort and response accuracy

• The two cognitive processes are allowed to be related and modeled 
simultaneously



IRTree Model for Test-taking Behaviors

• Assumptions

• The model formulation relies only on the observed responses

• Answer change: the change between initial responses and final 
responses 

• Rapid guessing: the identified rapid guessing responses by 
response time thresholds
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4

Some Extensions of IRTree Models



Section 
Learning 

Objectives

Learning Objective 4Learning Objective 3

Discuss some potential limitations of 
typical IRTree models 

Extensions of IRTree models4

Discuss possible extensions of the 
IRTree model 



Extension1: Mixture IRTree Models

• One limitation of a typical IRTree model is that it assumes the 

same underlying response process across all respondents 

(Kim & Bolt, 2021; Tijmstra, Bolsinova, & Jeon, 2018)

• The tree structure and underlying latent traits are assumed to be 

identical for all respondents



Extension1: Mixture IRTree Models

• One limitation of a typical IRTree model is that it assumes the 

same underlying response process across all respondents 

(Kim & Bolt, 2021; Tijmstra et al., 2018)

• The tree structure and underlying latent traits are assumed to be 

identical for all respondents

• Example (Kim & Bolt, 2021): 
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Extension1: Mixture IRTree Models

• One limitation of a typical IRTree model is that it assumes the 

same underlying response process across all respondents 

(Kim & Bolt, 2021; Tijmstra et al., 2018)

• The tree structure and underlying latent traits are assumed to be 

identical for all respondents

• Example (Kim & Bolt, 2021): 
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Extension1: Mixture IRTree Models

• One limitation of a typical IRTree model is that it assumes the 

same underlying response process across all respondents 

(Kim & Bolt, 2021; Tijmstra et al., 2018)

• The tree structure and underlying latent traits are assumed to be 

identical for all respondents

• Example (Kim & Bolt, 2021): 
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Extension1: Mixture IRTree Models

• We can formulate a mixture model incorporating the two 
possible IRTree models

• Each respondent is assumed to have a latent membership (𝒛𝒛𝒑𝒑) 
in one of the classes
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Extension1: Mixture IRTree Models

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1|𝜃𝜃𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝1)
𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝20𝜂𝜂𝑝𝑝 + 𝑑𝑑𝑝𝑝20)𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 1| 𝜂𝜂𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝30𝜂𝜂𝑝𝑝 + 𝑑𝑑𝑝𝑝30)
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Extension1: Mixture IRTree Models

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 1|𝜃𝜃𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝1)𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗∗ = 1|𝜃𝜃𝑝𝑝 = 𝑔𝑔−1(𝑎𝑎𝑝𝑝21𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝21)
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= 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ �𝜃𝜃𝑝𝑝 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗∗ = 𝑦𝑦𝑚𝑚2∗∗ �𝜃𝜃𝑝𝑝 1−𝑦𝑦𝑚𝑚1∗ 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜃𝜃𝑝𝑝 𝑦𝑦𝑚𝑚1∗



Nodes 2 and 3 for Class 2

Extension1: Mixture IRTree Models

• Statistical representation of the mixture model:

𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝 = 𝑚𝑚 �𝜃𝜃𝑝𝑝, 𝜂𝜂𝑝𝑝, 𝑧𝑧𝑝𝑝 = 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝1∗ = 𝑦𝑦𝑚𝑚1∗ �𝜃𝜃𝑝𝑝
× 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗ = 𝑦𝑦𝑚𝑚2∗ �𝜂𝜂𝑝𝑝 1−𝑦𝑦𝑚𝑚1∗ 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜂𝜂𝑝𝑝 𝑦𝑦𝑚𝑚1∗ 1−𝑧𝑧𝑝𝑝

× 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝2∗∗ = 𝑦𝑦𝑚𝑚2∗∗ �𝜃𝜃𝑝𝑝 1−𝑦𝑦𝑚𝑚1∗ 𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝3∗ = 𝑦𝑦𝑚𝑚3∗ �𝜃𝜃𝑝𝑝 𝑦𝑦𝑚𝑚1∗ 𝑧𝑧𝑝𝑝

Latent class membership of 
respondent 𝑝𝑝 (0 = Class 1, 1 = Class2)

Node 1

Nodes 2 and 3 for Class 1



Extension1: Mixture IRTree Models

• Another example (Tijmstra et al., 2018): 
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Extension2: Multidimensional IRTree Models

• Typical IRTree models assume a single latent trait for each node 

(i.e., a unidimensional IRT model is associated with each node)

• We can allow multiple latent traits to be involved for each node  



Extension2: Multidimensional IRTree Models

• Example (Meiser et al., 2019): 
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Extension2: Multidimensional IRTree Models

• Typically, nodes are specified with unidimensional IRT models

𝑃𝑃 𝑌𝑌1∗ = 1 = 𝑔𝑔−1(𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝1)

𝑃𝑃 𝑌𝑌2∗ = 1 = 𝑃𝑃 𝑌𝑌3∗ = 1 = 𝑔𝑔−1(𝜂𝜂𝑝𝑝1 + 𝑑𝑑𝑝𝑝2)

𝑃𝑃 𝑌𝑌4∗ = 1 = 𝑃𝑃 𝑌𝑌5∗ = 1 = 𝑔𝑔−1(𝜂𝜂𝑝𝑝2 + 𝑑𝑑𝑝𝑝3)
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Extension2: Multidimensional IRTree Models

• We can extend the model by specifying decision nodes with 

multidimensional IRT models
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𝑃𝑃 𝑌𝑌4∗ = 1 = 𝑔𝑔−1(𝜂𝜂𝑝𝑝2 − 𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝3)

𝑃𝑃 𝑌𝑌3∗ = 1 = 𝑔𝑔−1 𝜂𝜂𝑝𝑝1 + 𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝2
𝑃𝑃 𝑌𝑌5∗ = 1 = 𝑔𝑔−1(𝜂𝜂𝑝𝑝2 + 𝜃𝜃𝑝𝑝 + 𝑑𝑑𝑝𝑝3)



Extension2: Multidimensional IRTree Models

• We can extend the model by specifying decision nodes with 

multidimensional IRT models
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Extension2: Multidimensional IRTree Models

• We can extend the model by specifying decision nodes with 

multidimensional IRT models
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pseudo-items 𝑌𝑌2∗ and 𝑌𝑌4∗
(i.e., Higher values of theta 
decrease the probabilities) 



Extension2: Multidimensional IRTree Models

• Graphical representation of the IRTree model with 

unidimensional IRT models specified for internal nodes:

Node2

𝑌𝑌11∗ 𝑌𝑌21∗ 𝑌𝑌𝐼𝐼1∗⋯
Node3Node1

(Agree vs. Disagree)

𝜃𝜃𝑝𝑝
𝑌𝑌12∗ 𝑌𝑌22∗ 𝑌𝑌𝐼𝐼2∗⋯ 𝑌𝑌13∗ 𝑌𝑌23∗ 𝑌𝑌𝐼𝐼3∗⋯ 𝑌𝑌14∗ 𝑌𝑌24∗ 𝑌𝑌𝐼𝐼4∗⋯ 𝑌𝑌15∗ 𝑌𝑌25∗ 𝑌𝑌𝐼𝐼5∗⋯

(Extreme vs. Non-extreme)
Node4 Node5

(Moderate vs. Non-moderate)

𝜂𝜂𝑝𝑝1 𝜂𝜂𝑝𝑝2



Extension2: Multidimensional IRTree Models

• Graphical representation of the IRTree model with 

multidimensional IRT models specified for internal nodes:

𝑌𝑌11∗ 𝑌𝑌21∗ 𝑌𝑌𝐼𝐼1∗⋯ 𝑌𝑌12∗ 𝑌𝑌22∗ 𝑌𝑌𝐼𝐼2∗⋯ 𝑌𝑌13∗ 𝑌𝑌23∗ 𝑌𝑌𝐼𝐼3∗⋯ 𝑌𝑌14∗ 𝑌𝑌24∗ 𝑌𝑌𝐼𝐼4∗⋯ 𝑌𝑌15∗ 𝑌𝑌25∗ 𝑌𝑌𝐼𝐼5∗⋯

𝜃𝜃𝑝𝑝

𝜂𝜂𝑝𝑝1 𝜂𝜂𝑝𝑝2



Extension3: Explanatory IRTree Models

• Descriptive IRTree Models

• Focus on modeling the response process without providing insight into 
the sources of variability in node outcomes (i.e., pseudo-item responses)

• Person and item indicators are included as predictors of node outcomes

• Explanatory IRTree Models

• Extend descriptive IRTree models by incorporating person and/or item 
covariates to explain the variance in node outcomes within the tree

• Person and item property variables are included as predictors of node 
outcomes 



• Probability of an outcome at node 𝐼𝐼 for person 𝑝𝑝 for item 𝑖𝑖
(Wilson & De Boeck, 2004)𝑃𝑃 𝑌𝑌𝑝𝑝𝑝𝑝𝑛𝑛∗ = 1 = 𝑔𝑔−1 𝑎𝑎𝑝𝑝1𝜃𝜃𝑝𝑝𝑛𝑛 + 𝑑𝑑𝑝𝑝𝑛𝑛𝜃𝜃𝑝𝑝𝑛𝑛 = �𝑗𝑗 𝜆𝜆𝑗𝑗𝑛𝑛𝑍𝑍𝑝𝑝𝑗𝑗 + 𝜂𝜂𝑝𝑝𝑛𝑛

𝛽𝛽𝑝𝑝𝑛𝑛 = �𝑙𝑙 𝛾𝛾𝑙𝑙𝑛𝑛𝑋𝑋𝑝𝑝𝑙𝑙 + 𝛿𝛿𝑝𝑝𝑛𝑛
• 𝑍𝑍 and 𝑋𝑋 are person and item covariates, respectively 

• 𝜆𝜆 and 𝛾𝛾 are coefficients for person and item covariates, respectively

• 𝜂𝜂𝑝𝑝𝑛𝑛 and 𝛿𝛿𝑝𝑝𝑛𝑛 are person and item random effects, respectively

Extension3: Explanatory IRTree Models



Extension3: Explanatory IRTree Models

• Advantages of Explanatory IRTree Models

• Inclusion of person- and item-level covariates

• Understanding of response processes and latent traits

• Comparisons across subgroups

• Challenges of Explanatory IRTree Models

• Model complexity and computational demands

• Requirement of larger sample sizes 

• Possibility for confounded interpretations of parameters beyond 

the first node (Lyu et al., 2023)



References

• Kim, N. & Bolt, D. M. (2021). A mixture IRTree model for extreme response style: Accounting for 

response process uncertainty. Educational and Psychological Measurement, 81(1), 131–154. 

https://doi.org/10.1177/0013164420913915

• Lyu, W., Bolt, D.M. & Westby, S. Exploring the Effects of Item-Specific Factors in Sequential and IRTree 

Models. Psychometrika 88, 745–775 (2023). https://doi.org/10.1007/s11336-023-09912-x

• Meiser, T., Plieninger, H., & Henninger, M. (2019). IRTree models with ordinal and multidimensional 

decision nodes for response styles and trait-based rating responses. British Journal of Mathematical 

and Statistical Psychology, 72(3), 501-516. https: //doi.org/10.1111/bmsp.12158

• Tijmstra, J., Bolsinova, M., & Jeon, M. (2018). General mixture item response models with different item 

response structures: Exposition with an application to Likert scales. Behavior Research Methods, 50(6), 

2325-2344. https://doi.org/10.3758/s13428-017-0997-0

• Wilson, M., & De Boeck, P. (2004). Descriptive and explanatory item response models. In Explanatory 

item response models: A generalized linear and nonlinear approach (pp. 43-74). New York, NY: Springer 

New York.



5

R demonstration



Section 
Learning 

Objectives

Evaluate the model fit of an IRTree 
model

Fit a specified IRTree model using R

R Demonstration5

Recode observed item responses 
into pseudo-item responses using R

Interpret the R output obtained by 
fitting an IRTree model



Data Preparation

Step 1 – Import dataset to analyze

• Simulated item responses of 1,000 

respondents to 15 rating scale items 

• Response categories ranging from 1 to 4
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Data Preparation

Step 2 – Transform item responses into pseudo-item responses

• Fit the same IRTree model to data for demonstration
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Data Preparation

Original dataset

IRTree dataset



Data Preparation in R

Install and load ‘mirt’ 

and ‘flirt’ packages

Load simulated data

Define mapping matrix

Rows represent observed response 

categories and columns represent pseudo-

items (decision nodes of the tree structure)

The first six rows of 

the simulated data



Data Preparation in R

Transform 

observed item 

responses into 

pseudo-item 

responses based 

on the defined 

mapping matrix

First two rows of the recoded data



Fitting IRTree models in R

Fit the specified model to the 

pseudo-item response data using 

‘mirt()’ function

Specify the MIRT model.

In this model, F1 influences pseudo-

items 1-15 and ERS factor influences 

pseudo-items 16-45



Fitting IRTree models in R

Extract item parameter estimates for each item and node

⋮
⋮
⋮

The item parameter estimates for the first node are the item 

discriminations and easinesses for disagree versus agree 

decisions

The item parameter estimates for the second and third nodes 

are item discriminations and easinesses for extreme versus 

nonextreme response selections



Fitting IRTree models in R
Extract the estimates for person parameters

⋮

F1 associated with the first nodes represents individuals’ 

trait/attitude being measured (information given by agree 

versus disagree decisions)

ERS associated with the second and third nodes represent 

individuals’ extreme response styles (information given by 

extreme versus non-extreme response selections)

Slightly low level of content trait

Slightly high level of extreme response style



Fitting IRTree models in R

Let’s fit another model that assumes 

two distinct ERS factors for ‘agree’ 

and ‘disagree’ directions.

In this model, F1 influences pseudo-

items 1-15 and ERS1 influences 

pseudo-items 16-30, and ERS2 

influences pseudo-items 31-45



Fitting IRTree models in R

Extract item parameter estimates for each item and node

⋮
⋮
⋮



Fitting IRTree models in R

Extract person parameter estimates for each node

⋮

Slightly low level of content trait

Slightly high levels of extreme response style for agree and 

disagree directions, respectively. 

Note that ERS trait for “agree” direction is a bit higher than 

that for “disagree” direction for this person. 



Model Comparison

Compare the two fitted models

The second model appears to fit better than the first model, 

suggesting two distinct ERS factors for agree and disagree 

directions for this data (rather than a single ERS for both 

directions of responses)



References

• Chalmers, R. P. (2012). mirt: A multidimensional item response theory package for the R 

environment. Journal of statistical Software, 48, 1-29.

• Jeon, M., & Rijmen, F. (2016). A modular approach for item response theory modeling with the R 

package flirt. Behavior Research Methods, 48, 742-755.


	An Overview of �Item Response Tree (IRTree) Models
	An Overview of IRTree Models
	Basic Idea
	Basic Idea
	Basic Idea
	Basic Idea
	Basic Idea
	Basic Idea
	Basic Idea
	Basic Idea
	Pseudo-Item Responses
	Pseudo-Item Responses
	Model Formulation
	Model Formulation
	Model Formulation
	Model Estimation
	Applications of IRTree Models (1)
	Applications of IRTree Models (2)
	Applications of IRTree Models (3)
	Applications of IRTree Models (4)
	References
	Application 1: �Modeling Response Styles
	Application 1: �Modeling Response Styles
	Self-Report Rating Scale
	Response Styles
	Response Styles
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling ERS
	IRTree Approach for Modeling MRS and ERS
	Advantages of IRTree Modeling for RS
	Limitations of IRTree Modeling for RS
	References
	Application 2: �Modeling Test-taking Behaviors
	Application 2: �Modeling Test-Taking Behaviors
	Test-Taking Behaviors
	Test-Taking Behaviors
	Answer Change (AC)
	Answer Change (AC)
	IRTree Model for Answer Change
	IRTree Model for Answer Change
	IRTree Model for Answer Change
	IRTree Model for Answer Change
	IRTree Model for Answer Change
	IRTree Model for Answer Change
	Rapid Guessing (RG)
	Rapid Guessing (RG)
	IRTree Model for Rapid Guessing
	IRTree Model for Rapid Guessing
	IRTree Model for Rapid Guessing
	IRTree Model for Rapid Guessing
	IRTree Model for Test-taking Behaviors
	IRTree Model for Test-taking Behaviors
	Reference
	Some Extensions of IRTree Models
	Extensions of IRTree models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension1: Mixture IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension2: Multidimensional IRTree Models
	Extension3: Explanatory IRTree Models
	Extension3: Explanatory IRTree Models
	Extension3: Explanatory IRTree Models
	References
	R demonstration
	R Demonstration
	Data Preparation
	Data Preparation
	Data Preparation
	Data Preparation in R
	Data Preparation in R
	Fitting IRTree models in R
	Fitting IRTree models in R
	Fitting IRTree models in R
	Fitting IRTree models in R
	Fitting IRTree models in R
	Fitting IRTree models in R
	Model Comparison
	References

