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What are score-based tests for DIF?

Score-based DIF tests detect an instability of item parameters with regard to a
person covariate:

« Age
* Native language
« Gender
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What are score-based tests for DIF?

» Bradley-Terry Models (Strobl, Wickelmaier & Zeileis, 2011).

« Factor analytical models (Merkle & Zeileis, 2013; Merkle, Fan & Zeileis,
2014)

« Rasch models (Strobl, Kopf & Zeileis, 2015; Komboz, Strobl & Zeileis, 2016)
 Normal-ogive IRT models (Wang, Strobl, Zeileis & Merkle, 2017)
» Logistic IRT models(Debelak & Strobl, 2018)
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What are score-based tests for DIF?

Consider a statistic of model bias B; on the person level for each item
parameter. We assume that under the null model:

» Its expected value for any person E(B;) is O.
» This statistic is independent and identically distributed for all test takers.

We now consider sums ), B; over sufficiently large groups of test takers.
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What are score-based tests for DIF?

Consider a statistic of model bias B; on the person level for each item
parameter. We assume that under the null model:

» Its expected value for any person E(B;) is O.

« This statistic is independent and identically distributed for all respondents.
We now consider sums ), B; over sufficiently large groups of test takers.

If our null model is correct,

« Y B; follows a normal distribution (Central Limit Theorem)

» The related stochastic process is a Brownian bridge (Functional Central
Limit Theorem)

These assumptions are met by individual score contributions for ML
estimators (Hjort & Koning, 2002; Zeileis & Hornik, 2007).
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What are score-based tests for DIF?
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What are score-based tests for DIF?

Summary:

Obtain ML estimates for the item parameters.

Calculate the individual score contributions

Order the persons with regards to a person covariate of interest (gender, age).
Calculate the cumulative sums with regard to this order.

Compare the stochastic processes (the scores) with the process assumed
under the null models (by some test statistic) for an item of interest
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«Can you apply this to adaptive tests in R?»
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Adaptive Testing: MSTs (and CATS)

e Consider the 2PL model:

exp(a;0i+bj)
1+exp(ajt9i+bj)

P(Xl] = 1|9i,a]-, b]) =

» Further assume that we have a large set of items with known item parameters.
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Adaptive Testing: MSTs (and CATS)

Stage 1 Stage 2 Stage 3

Difficult Difficult

Medium Medium Medium
Easy Easy
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«Can you apply this to adaptive tests in R?»
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Test 1: Asymptotic Score-Based Tests
3 Steps:
1. Use the observed data from an adaptive test.

2. Treat the missing data as missing at random and estimate the item
parameters.

3. Apply score-based DIF tests for this IRT model.
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Test 2: Bootstrap Score-Based Tests

5 Steps:
1. Consider the calibrated item parameters and person parameter estimates

2. For an item of interest, generate artificial responses based on your IRT model
and the estimated person parameters.

3. Repeat Step 2 many (e.g., 1000) times.

Calculate a score-based statistic of model fit for the original and the artificial
data.

5. Calculate p-values.

score contributions

cumulated score contributions
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Bootstrap Score-Based Tests
v Use calibrated item parameters
v Use person parameter estimates

v’ Calculate p-values based on
Bootstrapping (or permutation)

Methods, Evaluation and Statistics

Asymptotic Score-Based Tests

v' Estimate item parameters using an
assumed distribution of person
parameters

v Calculate p-values based on
asymptotic results.
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An Evaluation with a Simulation Study
Design:
« 1-3-3MST design
« 3 sample sizes: 200, 500, 1000 test takers
« 3 lengths of modules: 9, 18, 36 items
 2PL model
« Two known groups of equal size:
* Impact absent / present

* No DIF, DIF of 0.3 in a parameter, DIF of 0.6 in b parameter (4 in 9 items
per module)

« Evaluation with Bootstrap score-based tests and asymptotic score-based
tests.

« 500 repetitions per condition
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Results for the Bootstrap Test
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Results for the Bootstrap Test

Bootstrap Test (no DIF)
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Results for the Bootstrap Test

Bootstrap Test (DIF in a)
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Results for the Bootstrap Test

Bootstrap Test (DIF in b)
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Results for the Asymptotic Test (only short
modules)
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Results for the Asymptotic Test

Asymptotic Test (no DIF)
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Results for the Asymptotic Test

Asymptotic Test (DIF in a)
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Results for the Asymptotic Test

Asymptotic Test (DIF in b)
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Summary

 We presented two and a half tests for the flexible detection of DIF in adaptive
tests.

« The Bootstrap score-based test uses the calibrated item parameters and
has higher power if these are correct. If not, it shows an increased Type |
error.

 The asymptotic score-based test estimates the item parameters from the
data, which makes it computationally intensive.

« Athird approach based on permutation leads to identical results as the
Bootstrap test.

« These and other tests are available in the mstDIF package (Debelak, Debeer,
& Appelbaum, 2020).
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Thank you for your interest!
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Results for the Bootstrap Test

Bootstrap Test (DIF in a)
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Results for the Bootstrap Test

Bootstrap Test (DIF in b)
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Results for the Asymptotic Test

Asymptotic Test (DIF in a)
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Results for the Asymptotic Test

Asymptotic Test (DIF in b)
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