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Outline 
• Innovative assessment and innovative 

items 

• Innovative items used in large-scale 

testing programs 

• Potential psychometric issues related to 

innovative items  

• A psychometric model for local item 

dependence in items based on multiple 

contexts 

• A simulation study 

• Discussion 
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Four Scenarios 

• Old wine in old bottles 

– Literature: use multiple-choice (MC) or constructed-

response (CR) items 

• Old wine in new bottles 

– Innovation: using tablets, smart phones; item 

presentation including audio-visual-touch multimedia 

features 

• New wine in old bottles 

– Innovation: assessing more complex competencies 

like extracting information from multiple sources, still 

use MC items 

• New wine in new bottles 

– Innovation: problem-solving competencies based on 

simulation of real-world scenarios 
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Learning and Learning Objectives 
 

• Learning is closely tied to technology 

• Learning objectives are changing 

– 21st century skills and competencies 

– Common core state standards 

– Creativity, adaptivity, global awareness in addition 

to academic content knowledge and skills 
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21st Century Competencies (Rand, 2013) 

• Cognitive competencies: 

– Academic mastery 

– Critical thinking 

– Creativity 

• Interpersonal competencies: 

– Communication and collaboration 

– Leadership 

– Global awareness 

• Intrapersonal competencies 

– Growth mindset 

– Learning how to learn 

– Intrinsic motivation 

– Grit 
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Cognitive competencies (Rand, 2013) 

• Core academic content mastery 

– Match 

– Science, 

– Language arts, 

– Foreign languages 

– History 

– Geography 

– Basis for higher-order thinking skills 
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Cognitive competencies (Rand, 2013) 

• Critical thinking (Facione &, 1995): highlighted 

key competencies 

– Inductive and deductive reasoning 

– Making correct analyses, inferences, and 

evaluations 

 

• Creativity (Jackson & Messick, 1965, p319) 

– “unusualness, appropriateness, and transformation 

in varying combinations characterize a large 

proportion of those things we are willing to call 

creative” 
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Norman Webb’s Depth of Knowledge (DOK) 

Classification Scheme 

• DOK1: Recall of a fact, term, concept, or 

procedure; basic comprehension. 

• DOK2: Application of concepts and/or 

procedures involving some mental processing. 

• DOK3: Applications requiring abstract thinking, 

reasoning, and/or more complex inferences. 

• DOK4: Extended analysis or investigation that 

requires synthesis and analysis across multiple 

contexts and non-routine applications. 

• DOK 3 and 4 reflect the 21st century 

competence (Herman & Linn, 2013) 
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Consortium Tests 

• The Partnership for Assessment of Readiness 

for College and Careers (PARCC) &The 

Smarter Balanced Assessment Consortium 

(Smarter Balanced) 

– Increase the assessment of the 21st century 

competencies in state assessments 

– Emphasis on critical thinking, problem solving, and 

communication 

– Use multiple-choice items to assess critical thinking 

skills 

– Academic content and cognitive strategies related 

to complex thinking 
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DOK and Claims Assessed in SBAC Math at 

Grades 3-8, 11 (Herman & Linn, 2013) 

• DOK1, DOK2,DOK3, DOK4 

• Claim 1: concepts and procedures-38%-11 

items 

• Claim 2: problem solving-14%-4 items 

• Claim 3: communicating reasoning-24%-7 items 

• Claim 4: modeling and data analysis-24%-7 

items 

• All items are cross-classified by both skills and 

DOK 



11 

DOK and Claims Assessed in SBAC ELA at 

Grades 4, 8, and 11 

• DOK1, DOK2, DOK3, DOK4 

• Claim 1: reading-40%-14 items 

• Claim 2: writing-10%-10 items 

• Claim 3: speaking & listening-11%-4 items 

• Claim 4: research/inquiry-20%-7 items 

• Total 35 items 

(Herman & Linn, 2013) 

 



12 

SBAC Tests (Herman & Linn, 2013) 

• Math: 49% of its assessment targets may be 

assessed at DOK3 and about 21% at DOK4  

• ELA: 43% at DOK3 and 25% at DOK4  

• These expectations reflect a dramatic increase 

in intellectual rigor relative to current state 

assessments which was found with no 

representation of higher levels of depth of 

knowledge  (Yuan & Le, 2012) 
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Future of NAEP (NAEP, 2012) 
• Simulations in science 

– Assessment technology matches the domain or construct 

being assessed 

• Cognitive skills: non-routine problem-solving, systems 

thinking, critical thinking 

• Interpersonal skills: clear communication, collaboration, 

leadership 

• Intrapersonal skills: adaptability, metacognition/self-

regulation, emotional intelligence 

• Performance assessment recording the process of 

problem-solving 

• Gaming 

• Collaborative problem-solving 
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Purpose of Assessment (Haertel, 1999; 

Messick, 1994; Kane, 2012; Schwartz et 

al., 2011) 

• Monitor system performance 

• Hold schools or individuals accountable for 

student learning 

• Set priorities of the valued competencies and 

communicate to stake-holders 

• Improve instruction 
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Types of Assessment for Instruction Improvement 

• Formative 

– Inform ongoing instructional decisions 

– Process rather than a test (Heritage, 2010) 

– Set goals, frequent feedback, adjust instruction in 

response to assessment data, engage students in the 

assessment process by providing individualized instruction 

and opportunities for self-assessment (Black et al., 2013; 

Heritage, 2010; Herman, Osmundson, & Silver, 2010) 

• Summative 

– Determine the effectiveness of instruction 

• Interim 

– Predict students performance on a summative test 

– Mirror a summative test (Perie, Marion, & Gong, 2009) 
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Item Types 

• Multiple-choice (MC) items 

• Constructed-response (CR) items 

• Performance 

• Technology-enhanced (TE) items 
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Multiple-Choice Items 

• Critical thinking skills  

– Raven’s Progressive Matrices 

– California Critical Thinking Skills Test 

• Intrapersonal competencies 

– Situational judgment tests: the Mission Skills 

Assessment 

– Assess mindset, motivation, collaboration skills 

– Place test-takers in a real world scenario 
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Constructed-response items 

• Inadequacy of traditional MC items for measuring high-

level knowledge and understanding (Archbald & 

Newmann, 1988; Birenbaum & Tatsuoka, 1987; Darling-

Hammond & Lieberman, 1992).  

• Use of CR items to measure high-order skills and 

knowledge, but are subjective and expensive to score.  

• Recently, combine the measurement power of CR items 

with the automated-scoring capability of MC.  

– Automated text and essay scoring (e.g., Dikli, 2006) 

– Automated scoring of mathematical graphs and expressions 

(e.g., Bennett, Morley, & Quardt, 2000a, 200b).  
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Technology-enhanced items 

• Computer delivered 

• Include specialized interaction for collecting 

response data 

• Adopt innovative technology designs in concert 

with measurement procedures 

(Measured Progress/ETS, 2012) 
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Technology-Enhanced (TE) Items (Measured 

Progress/ETS, 2012) 

• Allow students to interact with digital content while still 

supporting automated scoring (Parshall, Davey, & Pashley, 

2000; Zenisky & Sireci, 2002).  

• Based on the interaction that the student uses to respond to 

the item, e.g., dragging-and-dropping, sorting, ordering, 

editing, and highlighting, etc.  

• No exhaustive list due to the rapid development of 

technologies support ting new interactions.  

• TE items can use parameters to define aspects of student 

responses and contribute to the scoring of the response. 

e.g., in a sorting item, the different orderings of content and 

the associated score of each ordering is pre-defined in the 

item’s parameters.  
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Advantages of TE Items 
• Improve measurement of high-level constructs in a more realistic 

context (Bennett, 1999; Gorin, 2006; Huff & Sireci, 2001; Jodoin, 

2003; Sireci & Zenisky, 2006; Zenisky & Sireci, 2002).  

• Reduce the effect of random guessing (Huff & Sireci, 2001) and 

test-taking skills on items administered via computer and 

automatically scored, which require students to produce 

information, rather than simply select information (Archbald & 

Newmann, 1988).  

• Reduce cognitive load from irrelevant constructs, such as the 

reading load for non-reading related items or the cognitive load 

required to keep various item constructs in memory (Kumar, 

White, & Helgeson, 1993).  

• More engaging to students (Strain-Seymour, Way, & Dolan, 2009; 

Dolan, Goodman, Strain-Seymour, Adams, & Sethuraman, 2011).  

     (Measured Progress/ETS, 2012) 
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Innovations in Assessments (NAEP, 2012) 

• New ways of representing and interacting with 

knowledge 

• Dynamic knowledge representation  by 

computer and inviting learner interactions to 

explore or solve problems with for assessment 

and for learning 
– Multi-modal and dynamic problem representations  

– More naturalistic interactive modes for students to 

demonstrate their competencies 

• Gesture and touch 

• Voice 

• Visual recognition, visual search 

• Sketching 

 

 



23 

Classification of Innovative item Types 

(Schechinger, 2012) 
• Assessment structure: item type, MC vs. CR 

• Response action: clicking a mouse, typing, or speaking 

into a microphone 

• Media inclusion: use non-text media items like 

graphics, audio, video, and animation 

• Level of interactivity: interaction to examinee 

• Complexity: amount of information to be processed by 

test-takers 

• Fidelity: closely resemble a real-world situations 

• Scoring: use sophisticated scoring algorithms, not just 

use computers to record responses and calculate the 

number of correct responses 

 

 



24 

Innovative item Types (Sireci & Zenisky, 2006) 
• Multiple choice 

• Extended multiple choice 

• Specifying relationships 

• Drag-and-connect 

• Ordering 

• Select and classify 

• Insert in text 

• Corrections and substitutions 

• Completion 

• Graphical modeling 

• Formulating hypotheses 

• Computer-based essay 

• Problem solving vignette 
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Benefits of Innovative item Types 

(Schechinger, 2012) 

 

• Enhance validity  

• Broaden the construct measured 

• More accurately emulate real-world situations 

through using graphics, sound, and video 

• Improve motivation 

• Elicit positive reactions from students 
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Challenges (Rand, 2013) 
• “as the tasks included on a measure look more like 

they do in the real world, the practical and technical 

challenges typically increase, sometimes dramatically.”  

• Tests that will be used to make consequential 

decisions need to meet higher technical standards 

than tests that are used for lower-stakes decisions. 

• More-complex assessments may be needed to 

measure more-complex competencies. 

• Innovative assessments (involving simulations, remote 

collaboration, etc.) can require substantial time and 

resources (e.g., training, computing power, 

telecommunications infrastructures). 
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Current situation 
• Item development has advanced so quickly and 

received much attention for innovation in large-scale 

tests 

• Some discussions on scoring 

• Less discussion on psychometric analysis 

– Psychometrics fall behind 

– Still use unidimensional item response theory (IRT) models 

 

 

Innovative Item Types Require Innovative Analysis  

 

• Thompson, Ro, Smith, & Santos (2009) 
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Psychometric Considerations in Simulation-

based Assessment (Levy, 2012; Mislevy, 

2012; Fu, Zapata, & Mavronikolas, 2014) 

• Multidimensionality 

– Compensatory multidimensional IRT model 

(Reckase, 2009) 

– Conjunctive multidimensional IRT model 

(Embretson, 1997) 

– Cognitive diagnostic models 

• Local dependence 

– Bayesian Networks (Jensen, 1996; Pearl, 1988) 

– Testlet models (Bradlow, Wainer, & Wang, 1999) 

for managing contextual dependence 
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Local Dependence in Simulation-based 

Assessment (Levy, 2012) 

• Manage directional LID within Bayesian 

Networks (Almond, Mulder, Hemat, and 

Yan (2009)  

• Model dependence 

– Include additional latent variables 

– Directly model dependence (Almond et al., 

2009; Levy & Mislevy, 2004 ) 

• Some empirical studies 

– Multipart items (Rho & Wei, 2014; Jiao & 

Dogan, 2014) 



Local independence 

Local item independence (over items to a specific person) 
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Local person independence (over persons to a specific item) 

(Embretson & Reise, 2000; Reckase, 2009; Jiao et al., 2011, 2012) 

Local independence (over all items and person) 
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Causes for local item dependence 

• Passage dependence 

• Item chaining 

• Explanation of previous answers 

• Cloze items 

• Item or response format 

• Scoring rubrics or raters 

• Content, knowledge, and abilities 



Local Item Dependence (LID) 

LID affected model parameter estimation thus impacted 

equating and overestimated test reliability (Ackerman, 

1987; Bradlow, Wainer, & Wang, 1999; Chen & Thissen, 

1997; Jiao, Wang, & Kamata, 2005; Spray & Ackerman, 

1987; Tuerlinckx & De Boeck, 2001a & b; Wainer, 

Bradlow, & Wang, 2007; Wang & Wilson, 2005; Yen, 

1984).   

Practical implications: 

• Equating results ultimately impact examinee ability 

estimation and classification decisions 

• Overestimation of item discrimination parameter leads 

to premature termination of CAT; students’ ability will be 

estimated with less precision than the target level. 



Modeling LID 
• Item bundle model (Wilson & Adams, 1995), a special case of the 

random coefficient multinomial logit model 

• Hoskens and De Boeck (1997) and Tuerlinckx and De Boeck (1999) 
modeled item main effects and item interaction effects to account for 
LID.  

• Ip (2002) set up the local dependence kernels to model LID based 
on conditional distributions describing multiple item responses as a 
function of ability without assuming local independence.  

• Wang, Cheng, and Wilson (2005) used a multidimensional item 
response model to detect specific forms of LID for items across tests 
connected by common stimuli. 

• Bayesian random-effects testlet models (Bradlow, Wainer, and 
Wang, 1999; Du, 1998; Wainer and Wang, 2000; Wang, Bradlow, 
and Wainer, 2002) incorporated a parameter representing the 
interaction between person and item cluster.  

• Rasch testlet model by Wang & Wilson (2005) as a special case of 
multidimensional random coefficients multinomial logit model.  

• Multilevel one-parameter testlet model by Jiao, Wang, & Kamata 
(2005) in the framework of hierarchical generalized linear model.  
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Purpose of the study 

• Propose a noncompensatory 2-

parameter testlet model for complex local 

item dependence in items based on 

multiple contexts 

• Explore model parameter estimation in 

OpenBUGS 

• Demonstrate the impact of ignoring such 

complex local dependence structure in 

item response data when using a 

unidimensional 2PL IRT model 

 



Two-part Multiple Choice With Evidence  
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Rasch Model 
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Multicomponent Rasch Testlet Model (Jiao 

& Yang, 2014) 
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Jiao & Yang (2014, May) proposed for cognitive 

diagnosis and explored model parameter estimation  
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A Non-Compensatory Two-Parameter 

Testlet Model 

A Two-Parameter Testlet model 
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Simulation 

• 35 items were simulated, 5 items for each 

testlet, 6 testlets, the last 5 items based on both 

testlet 5 and testlet 6 

• For items 1 to 30, t goes from 1 to 6 

 

 

• For items 31 to 35 
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Simulation 

• Ability parameters were simulated from a 

standard normal distribution 

• Testlet parameters for testlet 1 to 4 were 

simulated from a standard normal distribution 

• Testlet parameters for testlet 5 and 6 were 

simulated from a multivariate normal distribution 

with a mean of 0 and a standard deviation of 1 

for testlet parameter 5 and 6 respectively and 

correlation of 0.2 

• Item difficulty parameters were simulated from a 

standard normal distribution 
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Simulation 

• Item difficulty parameters were simulated from a 

standard normal distribution. 

• Discrimination parameters (a1) for ability were 

simulated from a log-normal distribution with a 

mean of 0.3 and a standard deviation of 0.3 with 

a target mean slightly larger than 1. 

• Discrimination parameters (a2) for each testlet 

were simulated from a uniform distribution from 

0 to 1. 

• In general, discrimination for ability was 

intentionally to be larger than that for testlet to 

simulate the dominant influence of measured 

ability 
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Testlet variance and correlation recovery 

 

 

 

 

 

 

 

 

 

  Correlation estimate: 0.1534 

Variance 

Testlet 1 0.6936 

Testlet 2 0.9613 

Testlet 3 0.7648 

Testlet 4 1.1220 

Testlet 5 0.9607 

Testlet 6 0.8127 
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Item discrimination parameter recovery 

True model 

 correlation between the true and the estimates:  

ability: 0.949 

 testlet: 0.850 

 second testlet: 0.547 

 

2PL IRT model 

 correlation between the true and the estimates:   

0.941 
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Item discrimination parameter recovery-True Model 

  
Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 
a1 35 .6882 2.5480 1.3838 .4597 

truea1 35 .7062 2.3970 1.3645 .4064 

bias 35 -.3266 .3256 .0193 .1474 

Absolute bias 35 .0080 .3266 .1109 .0973 

a2 35 .0951 .7204 .4705 .1946 

truea2 35 .0222 .9810 .4316 .3020 

bias 35 -.2606 .3823 .0389 .1707 

Absolute bias 35 .0021 .3823 .1452 .0949 

a3 5 .4355 .6005 .5222 .0614 

truea3 5 .4372 .9100 .6681 .1692 

bias 5 -.3095 .0878 -.1459 .1450 

Absolute bias 5 .0878 .3095 .1810 .0816 
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Item discrimination parameter recovery-2PL Model 

  
Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 
a1 35 .6546 2.4910 1.3858 .4606 

truea1 35 .7062 2.3970 1.3645 .4064 

bias 35 -.3556 .4124 .0212 .1579 

Absolute bias 35 .0015 .4124 .1182 .1049 
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Item difficulty parameter recovery 

True model : correlation-0.994 

 

 

 

 

 

2PL IRT: correlation-0.901 

 

Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 
b 35 -2.5560 1.6200 0.0271 0.9858 

True b 35 -2.7573 1.4903 0.0000 1.0000 

Bias 35 -0.1671 0.3055 0.0271 0.1132 

Absolute bias 35 0.0067 0.3055 0.0922 0.0694 

Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 
b 35 -2.5226 2.3354 0.1900 1.0263 

True b 35 -2.7573 1.4903 0.0000 1.0000 

Bias 35 -0.1898 1.4185 0.1900 0.4525 

Absolute bias 35 0.0043 1.4185 0.2562 0.4176 
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Ability parameter recovery 

True model : correlation-0.943 

 

 

 

 

 

2PL IRT: correlation-0.943 

 
Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 
Theta 1000 -2.5666 2.4694 0.0000 0.9547 

True Theta 1000 -3.6838 3.8964 0.0000 1.0000 

Bias 1000 -1.5757 1.3242 0.0000 0.3335 

Absolute bias 1000 0.0001 1.5757 0.2608 0.2077 

Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 
Theta 1000 -2.5421 2.4589 0.0000 0.9503 

True Theta 1000 -3.6838 3.8964 0.0000 1.0000 

Bias 1000 -1.6092 1.3327 0.0000 0.3320 

Absolute bias 1000 0.0004 1.6092 0.2596 0.2068 



47 

Bias in a and b parameters for each item   
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Result Summary 

• The impact on ability parameter estimates was 

not large in terms of bias, absolute bias, and 

correlation between the true and the estimates. 

• Overall, ignoring LID due to multiple contexts 

led to much larger bias, absolute bias, and 

lower correlation between the true and 

estimated item difficulty parameters. 

• Ignoring LID due to either single or multiple 

contexts only led to slight overestimation of 

item discrimination parameters. 
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Discussion 

• Full-scale simulation to investigate model 

performance compared with other models 

• Each of the following innovative items is 

worthy of intensive exploration about how to 

model such item response data: multiple 

response, scenario-based items, multipart items, 

ordered response, matching, drag-and-drop, hot spot 

• Need simulation including different types of 

innovative items 
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Discussion  

• Use innovative items not just for the sake of 

innovation, ultimate purpose is to improve the 

test quality 

• Can not assume increased realness in 

innovative items elicit appropriate reliability 

and validity 

• Investigate psychometric properties  

• “Conduct studies of new psychometric models 

to better accommodate pattern scoring as 

necessary to assess constructs of interest” 

(NAEP, 2012; Schechinger, 2012) 

 

 



 

 

Thank you! 

 

hjiao@umd.edu 

rlissitz@umd.edu 
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