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Individual Differences Continued



Discussion
Impact on Validity 

Response processes aspect supported

Two component model fit better than unidimensional model

Thus, Problem Representation vs. Problem Execution processes supported

Implies items can be selected for difficulty on either component

Item cognitive complexity features predicted component item difficulty

Implies that items can be pre-selected or designed for sources of complexity

Internal structure aspect

Two component model is multidimensional

Diagnoses relative sources of item complexity for individuals

External relationships aspect

Varying patterns of individual differences in Problem Representation vs. Problem Execution 

Implies that the relative source of difficulty of components will impact overall test 
performance across individuals with varying backgrounds

Impact on consequential aspect of validity if test used for placement

Cognitive complexity analysis is important for item and test design



Item and Test Design for Sources of 
Processing Complexity



Potential Contributions of Item Difficulty   
Modeling to Test Development

Prediction of psychometric properties of new items from content scores 
on cognitive complexity

May reduce or eliminate empirical tryout 

(Mislevy, Sheehan, & Wingersky, 1993)

Prediction supports response processes aspect of construct validity

Implications for item design

Content features can be manipulated to impact level and sources of item difficulty

Application

Traditional item development

Automatic item generation



Example: Mathematical Problem Solving Items

Description

Used on ability & achievement tests

Middle school achievement items

Graduate Record Exam (GRE)  items

Etc.

Sample Item

Joni is going to run a 5,000 meter race that is split into 2 unequal segments. The 
second segment of the race is 2,000 meters shorter than the first segment of 
the race. Which equation could be used to find the length of the first segment 
(m)? 
 
A)       m + m + 2,000 = 5,000 
B)       m + m = 5,000 
C)       m – 2,000 = 5,000 
D) X   m + (m – 2,000) = 5,000 

 



GRE Item Difficulty Modeling

Cognitive model developed
Adaption of Mayer et al model 

Includes 5 processing stages

Regression modeling of item parameters

Linear Logistic Test Model (LLTM) on undergraduate item responses

Items designed from GRE items to vary in sources of cognitive complexity

45 item families with 3 variants each

Item Family---Includes original GRE item plus variants

Variants based on cognitive model

Number of subgoals (0, 1, 2)

Equation source (Given, Translate from Words, Recall/Generate)
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Item Difficulty Models for GRE

Study I.  LLTM Parameter Estimates  for 
Cognitive Model (Δ= .723)

Study II. LLTM Parameter Estimates for Design 
Variables within Item Family (Δ= .941)



GRE Results

Study I

Item difficulty modelingplausible cognitive model

Moderately strong prediction of item difficulty

Supports response processes aspect of validity

Model can be used to predict difficulty of new items

Study II

Item difficulty modelingItems designed for different levels of complexity

Item difficulty strongly predicted from 

Family model 

Design changes (4 variables)



Achievement: Item Difficulty Modeling
Middle school achievement items—Grades 6-8

Content validity 
Operational test items developed for specific blueprint definitions of skills

Grade 6—20 categories

Grade 7—33 categories                                       78 categories across grades

Grade 8—25 categories

Test length = 70-84 items per test form

Three Studies
Item Difficulty Modeling of Operational Test Items

Items Designed for Cognitive Complexity
Item models for automatic item generation

Item Tryout
Qualitative evaluation

Empirical evaluation

Predictability of item properties?

Family variants—same structure, different content

Structural variants—structure with reduced cognitive complexity

Reduction of item difficulty? 



Item Difficulty Modeling of Operational Test Items

Overview

Cognitive model 
Adapted from GRE math items to 
predict item difficulty

Issue: Incremental contribution of 
cognitive complexity beyond blueprint 
skill specifications

LLTM applied
Random samples of 4,000

MML estimation

Test forms in each grade
70-84 items

Series of model comparisons

Cognitive Model for Grade 7

Original Cognitive Variable Estimate 

Standard 

 Error tobs 

(Intercept) -1.422 0.022 -64.30* 

Translation    

     Mathematical Encoding -0.008 0.001 -13.53* 

     Contextual Encoding 0.001 0.001     0.70   

     Encode Diagram -0.181 0.012 -11.34* 

Integration    

     Given Equation in Words 0.258 0.017 15.04* 

     Encode Diagram -0.181 0.016 -11.34* 

     Given Equation in Stem -0.432 0.016 -26.84* 

     Generate Equation/ Plausible Value 0.037 0.014 2.70* 

     Recall Equations 0.646 0.013 51.47* 

     Translate Diagram -0.172 0.025 -6.83* 

     Visualization 0.606 0.017 35.51* 

Solution Planning    

     Number of Subgoals 0.064 0.007 8.79* 

     Relative Definition of Variables 0.122 0.013 9.47* 

Solution Execution    

     Procedural Knowledge -0.010 0.002 -6.36* 

     Number of Procedures -0.056 0.008 -7.22* 

     Number of Computations 0.093 0.003 35.74* 

Decision Processing    

     Required -0.058 0.012 -4.69* 

     α 0.995 0.023 42.39* 

 



Item Difficulty Modeling of Operational Test Items

Fit Comparisons and Interpretation

Fit comparisons
Blueprint categories significantly predict 
item difficulty
Cognitive complexity model significantly 
predicts item difficulty
Combined model predicts significantly better 
than either model

Contains blueprint categories

And a single cognitive complexity variable , 
centered within blueprint categories

Interpretation
Items intended to measure the same skills 
differ significantly in cognitive complexity

Unintended source of item differences

Probably construct-irrelevant

Implication for test design and item generation
Items can be designed to measure same intended 
skills, but at different levels of complexity

LLTM Results
 

-2lnL AIC 
              

Fit Δ 

Grade 8    

    Null Model      282,345 282,349  

    Blueprint Categories 266,221 266,273 0.637 

    Cognitive Variables 273,807 273,841 0.464 

    Blueprint Categories plus     

       Cognitive Variables (centered) 
257,910 257,964 0.784 

    Saturated Model (Rasch) 242,613 242,787  1.000 

Grade 7    

    Null Model    ,8      ,8 7 -- 

    Blueprint Categories    , 77    ,    0. 98 

    Cognitive Variables    ,9 9    ,99  0. 97 

    Blueprint Categories plus      

       Cognitive Variables (centered) 
  0,  7   0, 17 0.7 1 

    Saturated Model (Rasch)  11,7 2  11,912 1.000 

Grade 6    

    Null Model 107,110 107,114  

    Blueprint Categories 102,134 102,178 0.617 

    Cognitive Variables 104,772 104,806 0.423 

    Blueprint Categories plus  

       Cognitive Variables (centered) 

100,811 100,857 0.694 

    Saturated Model (Rasch) 94,034 94,208 1.000  

 



Items Designed for Cognitive Complexity
Overview Item Generator Design

Item structure types
Family variant model

Variabilization of context elements of 
established items

Goal: produces variants with same 
psychometric properties as original 

Structural variant model
Altered family model

Reduced complexity using cognitive 
model variables

Databases
Same for unaltered aspects

Generating structures developed
120 family models

120 structural variant models
Reduced cognitive complexity

Selected for tryout
436 items generated from 153 item 
models

Cognitive Complexity Changes

 

Family 

Mean 

Structural 

Variant 

Mean t test 
Sig. 2-
tailed  

 Translation     

     Mathematical Encoding  17.97 16.03 2.994 .003 

     Context Encoding 30.14 28.03 3.061 .003 

     Encode Diagram  .34 .42 -.895 .373 

 Integration     

     Given Equation in Words  .25 .20 2.153 .033  

     Given Equation (in stem)  .22 .37 -1.897 .060 

     Recall Equations .17 .16 1.000 .319 

     Recall Knowledge Principles  .17 .15 1.747 .083 

     Generate Equations/ Plausible   

         Values  
.26 .20 1.711 .090 

     Translate Diagram  .29 .26 1.070 .287 

     Visualization  .15 .13 .815 .416 

 Solution Planning     

     Number of Subgoals  .31 .18 2.224 .028 

     Relative Definition of Variables  .13 .08 2.275 .025 

 Solution Execution     

     Computations  2.62 2.00 3.829 .000 

     Number of Procedures  1.15 1.11 .870 .386 

     Procedural Knowledge  2.24 2.13 .923 .358 

 Decision Process     

       Required  .27 .25 1.346 .181 

 



Example: Item Model
with “Variabilization”

During a garage sale, Lee earned $8 
more than Jane. Jane earned 4 
times more money than Chris. If 
represents the amount of money 
that Chris earned, which 
expression could be used to find 
amount of money that , Lee 
earned?

A)     3 j + 8
B)     8 j + 3
C)X  4 j + 8
D) 8 j + 4

During a garage sale x1, Lee s1
earned $8 n1 more than Jane s2. 
Jane s2 earned 4 n2 times more 
money x2 than Chris s3. If j x3
represents the amount of money 
x2 that Chris s3 earned, which 
expression could be used to find 
amount of money x3 that , Lee x1
earned?

A)     3 n3 j x3 + 8 n1
B)     8 n1 j x3 + 3 n3
C)X  4 n2 j x3 + 8 n1
D)    8 n1 j x3 + 4 n2
s = variable persons, x = variable 

objects, n = numbers



Item Tryout: Qualitative Evaluation

1st Tryout: Grade 7

• Overall acceptance rate = .813

• Higher for family variant items

2nd Tryout: Grade 6 and Grade 8

• Overall acceptance rate = .923

• Similar rates for family & structural 
variant items



Item Tryout: Empirical Results on 
Predictability from Generating Model

Grade 6

• Strong prediction from item model

• Generated items less similar than same 
items differing in positions on forms

• Structural variants are easier

Grade 7

• Strong prediction from item models

• Generated items very similar—compared 
to same items differing in positions

• Structural variants are easier

Family Variants Structural Variants Operational Items

α β α β α β

Mean 1.1952 -1.4168 1.4174 -1.8203 1.2724 -1.2724

N 50 50 34 34 73 73

Std. Deviation .40963 .82895 .49783 1.00515 .3576 .7354

Minimum .23 -4.95 .71 -3.93 .57 -3.36

Maximum 1.93 -.19 2.68 .35 2.59 .48

Multiple R .885 .913 .886 .868 .993 .994

Family variants Structural variants Operational items

β α β α β α

Mean -1.2872 1.3794 -1.6543 1.5078 -1.2045 1.3912

N 109 109 76 76 70 70

Std. Deviation .718 .460 .761 .572 .647 .488

Minimum -3.06 .59 -3.77 .55 -3.52 .43

Maximum .20 3.47 -.08 3.60 .65 3.38

Multiple R1 .928 .908 .961 .909 .978          .963



Summary and Discussion

Prediction of psychometric properties of items 

Both ability and achievement item difficulties predicted from content features

May reduce or eliminate empirical tryout (Mislevy, Sheehan, & Wingersky, 1993)

Response processes aspect of validity supported

Both ability and achievement items involve several stages of cognitive processes

Impact of specific stages can be quantified

Cognitive model variables useful for item design 

Predictable impact of content features on level and sources of item difficulty

Construct-irrelevant sources of difficulty can be reduced

Achievement test items—structural variants passed qualitative evaluation and had reduced 
difficulty empirically



Overall Summary

• Topics--
• Diagnostic Assessment of Skills and Knowledge

• Reliability of Component and Skill Assessments

• Assessing Cognitive Complexity and Processing Competencies

• Item and Test Design for Sources of Processing Complexity

• Requirements?
• New approaches to item and test development

• Model-based approaches to explain item responses

• Assessment of sources of item complexity
• Process complexity

• Skill Involvement

• Strategies (?)



END


