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• item type ⊂ test method
• multiple-choice (MC) items ⊂ selected-response items
• short-answer (SA) items ⊂ constructed response (CR) or open-

ended (OE) items

Terminology
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Vorführender
Präsentationsnotizen
ALTE Glossary: 
401 test method Language ability can be tested using a variety of methods such as multiple choice, cloze, composition, oral interview, etc. Test method has been observed to interact with ability in the measurement of performance.
197 item type Test items are referred to by names which tend to be descriptive of the form they take. Some examples are: multiple choice, sentence transformation, short answer, open cloze.



• In practice, MC and CR items seldom tap into the same construct. If 
they do, the correlations between scores are high. Rodriguez (2003)

• When items are stem-equivalent, correlations between MC and CR are 
particularly high. Rodriguez (2003)

• In EFL reading, MC items are easier on average than OE items. Less 
proficient students are more affected by harder conditions.

Shohamy (1984)
• Reading scores on MC and OE items are more highly correlated when 

the text prompt is unavailable while answering. Ozuru et al. (2007) 
• OE items measure more sensitively the quality of active generative 

processing during reading comprehension. MC items tap into more 
passive recognition. Ozuru et al. (2013) 

Prior findings on test method effects
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A. Are there any systematic differences in the psychometric functioning 
of stem-equivalent SA and MC items?

If there are:
B. How dramatic are they for a measurement instrument consisting of 

these two item types?

C. In what way do the constructs represented by either of the two item 
types differ?

Research questions
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• Practical interest: Inform upcoming test development for large-
scale assessments in Switzerland

• Objectives for research
– Understand computer-based reading assessment
– Investigate test method effects

• item types: SA – MC – Matching 
• language of questions and responses

– Investigate covariates of reading proficiency, e.g. vocab knowledge
• Participants

– Pupils age 12, grade 6, German = language of schooling
– French = first foreign language, 4 years of instruction (≈ 400 lessons)
– Main study: 35 classes ≈ 600 learners

The Task Lab project
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Instruments
Reading tasks (SA & MC)
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MC German

MC French

SA German

SA French
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Independent variables
Social and conative variables
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Independent variables
Component tests (I)
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Phonetical awareness
Pronounce French graphemes
Phonological awareness
Pronounce French graphemes



Independent variables
Component tests and integrative measures
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Text segmentation
Lexico-syntax / integrative 
measure
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• Pre-piloting (cog lab): instrument usability; construct validity
– Retrospective interviews/stimulated recall for all instruments

(34 students)

• Piloting (field study): data collection process; data samples
– Piloting of the data collection and revised instruments

(97 students)

• Main data collection
– 35 classes, ≈ 600 learners of French in 6th grade

Instrument development and data collection
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Vorführender
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Main study:
35 classes, ≈ 600 students
Reading comprehension test (50 min) + short questionnaire 
Component tests: 
Oral test (20 min)
Written test (40 min)
Questionnaire (10 min)




PSYCHOMETRIC ITEM ANALYSES: 
multiple choice vs. short answer
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Creating a sound item basis: item selection
- Fundamental considerations, e.g. exclude the rare comics items
- Bad fit to 2PL model or/and low discrimination (< .2)
Main source for exclusions: graphic inspection of ICCs

Analysis of reading items

Always MC/SA pairwise exclusions
Remaining: 98 item variants

on 10 text passages
83-154 (mean = 117.9) responses

per item variant
588 students (f = 290, m = 298)
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Item difficulty (2 PL model)
Analysis of reading items

Means
MC: -0.126 (0.106)
SA: 1.349 (0.218)

Significance: paired t-test
t(48) = 7.67, p < .001

Effect size
d = 1.10 (large)
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Item discrimination (slopes in 2 PL model)
Analysis of reading items

Means
MC: 0.657 (0.041)
SA: 1.535 (0.091)

Significance: paired t-test
t(48) = 9.26, p < .001

Effect size
d = 1.32 (large)

15



Lenz, Karges & Barras: Investigating Test Method Effects

Effects of combining MC & SA items in a Rasch framework

Rasch premise: specific objectivity
Any subsample of items taken from a test would classify test-
takers in the same order (cf. Rasch, 1977).

Q: Is the principle of specific objectivity met by our 
collection of items?

 Calculate the Mean deviation profile from Profile 
Analysis (Verhelst, 2011)

Analysis of reading items
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Vorführender
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Question:

What are the consequences for a pool of Rasch-scaled items like our MC and SA items, which show such large differences in their discriminations, depending on item type?

One of the premises of Rasch measurement is specific objectivity. This means that any subsample of a pool of items that correspond to the Rasch model would classifiy test takers in the same order. 

Specific Q: 	Is the principle of specific objectivity met by our collection of items?

Profile Analysis offers a statistic named Mean deviation profile that allows us to verify whether existing deviations of groups of items from the Rasch model are statistically significant, and it also gives us an idea of the effect size of existing deviations.




Effects of combining MC & SA items in a Rasch framework
Establish mean deviation profile for 2 item and 3 ability groups
• Individual deviation profiles:

Add differences between observed scores (0 or 1) 
and expected scores for each MC or SA item

• Calculate 3 group means from the individual profiles

Analysis of reading items
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In order to calculate the mean deviation profile, we formed three groups of test-takers: the weakest 28%, the middle 45%; and the strongest 27%.
In addition, we defined two groups of items. These were, obviously, the MC and the SA items.

To get the mean deviation profile across the 3 test-taker groups, the statistic first calculates all individual deviation profiles by adding the differences between observed and expected scores for all items, and then taking the mean of all the individual profiles per ability group.

The image on the left shows quite a typical item characteristic curve of an SA item. The dashed line shows the observed rates of success on this item across the ability range (x axis). The solid line shows the probability of success as predicted by the Rasch model.

For the weaker students on the left side of the x-axis, the expirical rates of success suggest that these test takers will score more 0s and less 1s than predicted by the Rasch model and illustrated by the solid line. 
So, we expect that  the mean deviation of weaker students on this SA item will be negative. The opposite is true for strong students. 
For MC items it’s the other way round. For MC items we’d expect higher scores than predicted for the weaker students.
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Analysis of reading items
Effects of combining MC & SA items in a Rasch framework
Profile analysis: Mean deviation profile

The subsample of items submitted does matter  DIGF.
The least able students according to the model will score higher more easily on MC 
items than on SA items. The opposite is true for the most able group.
Raw score is not a sufficient statistic for ability choose 2PL or OPLM model.
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Vorführender
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And this is the mean deviation profile for our three test-taker and two item groups.
As expected, the mean deviation between actual and predicted scores is negative for the weakest ability group on SA items. 
The absolute value for the mean deviation of the weakest group on the MC items is the same but the direction is positive. This is due to the way the expected score is calculated based on all items.
So, the least able students according to the model will score higher more easily on MC items than on SA items. The opposite is true for the most able group.
The size of the effect we’re witnessing here is not extreme. According to our mean deviation Profile, the lowest-ability group would score about 0.4 points less on average on a 10-point SA-based test than predicted by the model. So, if the predicted score for the weakest group on these 10 items would have been 3, they would really have scored little over 10% less.
The z-statistics show that the deviations from zero (i.e. the expected scores) for the weakest and strongest groups are highly significant.
And this is even more the case for the difference between the deviations of the weakest and the strongest groups.
So, what we’re witnessing, is a case of DIGF/ Differential item group functioning that is non-uniform along the ability scale. 
In the present collection of items,, the Raw score on any subtest is not a sufficient statistic for ability  Therefore, it is more appropriate to choose a 2PL or OPLM model than a Rasch model because these take care of differing discrimination among the items.

[In an OPLM model, we would typically allocate the MC items a slope/discrimination parameter of 1 and the SA items a slope parameter of 2. This way, the item results would be weighted. A correct answer on an SA item would count 2 score points while a correct answer on an MC item would count 1 point. 
Given the large range of slope values for the SA items, the OPLM model would still be quite coarse compared to a 2PL model which calculates a slope value, i.e. an item weight for each individual item.]
[[Using a 2PL or an OPLM model on our data would increase the person variance, i.e. differentiate more between weaker and stronger students.]]



REGRESSION ANALYSES ON THE 
SA AND MC CONSTRUCTS
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Next, we explored the constructs behind SA-based and MC-based reading. For this purpose we performed a series of regression analysis.



1) Separate hierarchical regressions of the MC and the SA scales
2) Concurrent estimation of a LM model for the MC and SA scales

• Dependent variables: 2 ability scales based on a) the MC and 
b) the SA items (WLEs from two-dimensional Rasch analysis)
(Latent – ‘error free’ – correlation MC/SA reading: 0.91)

• Independent variables: questionnaire and test data (as introduced 
above)

• Data for regression: 40 complete imputed datasets reflecting 
measurement error of missing data and the test scales

Exploring the MC & SA reading constructs
through (mixed) multiple regression
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Vorführender
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Our plan for the following section is to carry out a series of separate multiple regression analyses for the SA-based and the MC-based scales. 
We compare how much variance is explained in a) the SA-based scale, and b) the MC-based scale through the same independent variables. 
We add the independent variables one by one starting with the most fundamental predictor variables, such as gender.
Finally, we’ll do a brief significance test on a joint model that includes SA and MC items in order to see whether observed differences also pass statistical inference testing.
------
For our dependent variables, we used WLE person estimates that are based on Rasch scales from a two-dimensional Rasch analysis. Dimension 1 is based on the SA items, Dimension 2 on the MC items. We used Rasch for this because of our scarce data. The potential issues with Rasch we outlined above are not relevant here because the SA and MC items load on different dimensions, so that the slopes are independent of each other.
Note that the latent correlation between the two SA and MC dimensions accounts to .91, which is in the expected range of values based on Rodriguez’ meta-analysis.
The independent variables are the variables Katharina introduced in her part on the instruments we used (gender, motivation, vocabulary etc.).
As concerns the data set: We chose to work with imputed datasets. Imputation took care of the occasional missing data and, at the same time, also of the measurement error in the various test scales that often had EAP reliabilities of around .7, which is moderate.
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Mean correlations between test variables 
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Let’s first look at the correlations between the variables and start at the bottom.
You remember the words and the pseudo-words the Y/N Test consists of. There are various recommendations on how to calculate a final score that reflects the different character of these two item types. Following Rauch & Hartig (2010), we scaled the responses to the words and the responses to the  pseudo-words on two Rasch dimensions and then worked separately with the person values from either dimension.
We expected the two dimensions to point in different directions because a high score on the pseudo-words means that a test taker selected pseudo-words as words he or she knows.
However, we got a positive correlation. The explanation we have for the moderate positive correlation is that some students have a tendency to tick words while others are skeptical and don’t.
For the correlation table shown in the slide, we subtracted the standardized scores on the pseudoword dimension from the standardized scores on the words dimension in order to get some kind of difference measure. 
The values highlighted in yellow show pretty high correlations between this difference measure and more or less all language related variables. 
Unsurprisingly, the correlation of this extremely receptive vocabulary measures with the partly productive SA item mesasure is relatively low (.62).
The blue rectangle highlights the high correlations between text segmentation and the (also partly productive) C-Test and also the surprisingly high correlation between the Y/N test and the C-Test. 
The purple rectangle highlights the correlations between the C-Test and both reading measures. Both of them are quite modest but at least higher for the partly productive SA-based reading.
Finally, the mean correlation between the two reading dimensions in the imputed datasets is .63. This number reflects attenuation due to moderate scale reliability. The latent, error-free correlation was .91.
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Hierarchical regression of MC & SA-based reading

* = sign. when introduced | R2 = mean pseudo R2 (Nakagawa & Schielzeth, 2013)
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This table shows the results of several consecutive regression analyses, each performed separately for the SA and the MC scale.
Behind each row in this table, there is a new, richer regression model.
For each model, I’m reporting an average pseudo-R^2 value across all imputed datasets we used. The pseudo-R^2 value is a proxy for the variance of the reading scale that is explained by the regression model.
The focus is on R^2 change from one model to the next. A big R^2 change means that this predictor variable adds an important aspect to the interpretation of reading test performance.
An asterisk means that a co-efficient was significant when it was first introduced into the models.
---
There is already a considerable R^2 difference between left and right in the model that only consists of a few social and conative variables. The 15.7 vs. 10.7% mirror the findings on the deviation profile. More proficient students perform disproportionally better on SA items. Positively motivated learners as well as L1 speakers of a Romance language are generally better.
The Decoding measure adds the first explicit measure of French language competence. So, it’s no wonder that it improves the models.
SWR adds fast, holistic recognition of French words which is relevant to fluent reading.
Then, both dimensions of the Y/N Test come in. Adding only one of the two dimensions makes very little difference (which one doesn’t matter). But taken together, they improve both models quite a bit.
This new model explains almost 10% more variance of the SA-based reading scale and even 26.5% more variance of the MC-based reading scale.
The question arises what it is about the Y/N Test that makes it such a good predictor, especially for MC based reading. Is it the (receptive) vocab element alone?
Text segmentation and the C-Test add little more to the previously explained variance.
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Stepwise regression of MC & SA-based reading
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You may wonder what would happen to the models if we left out the Y/N Test.

The top table is an extract from the previous table if you just look at the R^2 changes.

The table in the middle shows that Text Segmentation and the C-Test taken together explain almost as much variance as the Y/N Test in the case of SA-based reading but 20 percentage points less in the case of MC-based reading.

In the table at the bottom, the C-Test is added to the models before text segmentation. In the case of SA-based reading, the C-Test leaves less than 1% of the reading variance to be explained by text segmentation. The C-Test involves dealing with language in the shape of a text, similar to segmentation, but also adds a productive element, just as SA-based reading does.
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Differential prediction per item type
Statistical significance

Association with MC 
sign. different
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The main point I’d like to mention about this slide is the significance test at the bottom.

This time, we did a joint Linear Mixed Regression for SA and MC-based reading. The reading measures were treated as repeated measures, and an interaction with item type was introduced for every predictor variable.

The highlighted area at the bottom shows that the association of the two dimensions of the Y/N Test with MC-based reading is significantly different from the association with SA-based reading. 

Also note that the working memory measure reaches statistical significance in the main effects model for SA-based reading.

[[Also, the strength of the effect is amazing.]]





Psychometric analyses show differences in the way stem-equivalent SA 
and MC items function (similar to Shohamy, 1984).

– The average MC item is considerably easier than the average SA item.
Reasons may be: possibility of guessing with MC and a productive 
element in SA items.

– SA items discriminate considerably better than MC items, i.e. they 
have a stronger relationship to the common latent dimension. MC items 
may allow for a variety of compensatory test-taking strategies while SA 
items may engage mainly (and more) linguistic knowledge and skills. 
However, providing SAs goes beyond reception.

– Profile Analysis provides evidence that our MC and SA items show non-
uniform DIGF. Different samples of MC and SA items would not rank 
test-takers invariably – thus violating a principle of Rasch measurement.

Summary and discussion
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• The MC-based and SA-based reading constructs seem closely related
(latent correlation of Rasch dimensions = 0.91). (cf. Rodriguez’ meta-analysis)

• The words and pseudo-words dimensions of the Y/N Test together are the best 
predictor of MC and SA-based reading  No surprise: it is vocabulary!

– Y/N Test predicts MC-based reading significantly better than SA-based reading.
– What is in the Y/N Test? – Strictly receptive vocabulary breadth; a penalty for 

adventurous guessing, …?
 Y/N Test may mirror selection and deselection of options in MC-based reading.

• Text segmentation and the C-Test predict SA-based reading almost equally 
well as the Y/N Test. Also, working memory capacity is associated with SA-
based reading.
Reasons: The productive element? More active text processing in the case of  
SA (Ozuru, 2013)?

Summary and discussion

Lenz, Karges & Barras: Investigating Test Method Effects 26



• Reliability of test scales: each test taker should complete a larger number of 
items. More items should be involved.

• A better targeted and more complete set of measures of component/ 
precursor skills of reading is desirable.

• Other population samples (age, level of reading proficiency) need to be studied.
• Test method is a superficial characteristic of an item. More fine-grained item 

studies are necessary to help item writing and interpretation.
• Statistical associations between reading measures and predictor variables 

cannot substitute introspection and eye-tracking.
• …

Limitations and outlook

Lenz, Karges & Barras: Investigating Test Method Effects 27

Vorführender
Präsentationsnotizen
Limitations and outlook

The Reliability of test scales: each test taker should complete a larger number of items. More items should be involved.

A better targeted and more complete set of measures of component/precursor skills of reading is desirable.

Other population samples (age, level of reading proficiency) need to be studied.

The test method is a superficial characteristic of an item. More fine-grained studies are necessary to help item writing and interpretation.

Statistical associations of reading measures with predictor variables cannot substitute introspection and eye-tracking.
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Mean correlations between test variables 

29

Vorführender
Präsentationsnotizen
Let’s first look at the correlations between the variables and start at the bottom.
You remember the words and the pseudo-words the Y/N Test consists of. There are various recommendations on how to calculate a final score that reflects the different character of these two item types. Following Rauch & Hartig (2010), we scaled the responses to the words and the responses to the  pseudo-words on two Rasch dimensions and then worked separately with the person values from either dimension.
We expected the two dimensions to point in different directions because a high score on the pseudo-words means that a test taker selected pseudo-words as words he or she knows.
However, we got a positive correlation. The explanation we have for the moderate positive correlation is that some students have a tendency to tick words while others are skeptical and don’t.

For the correlation table shown in the slide, we subtracted the standardized scores on the pseudoword dimension from the standardized scores on the words dimension in order to get some kind of difference measure. 
The values highlighted in yellow show pretty high correlations between this difference measure and more or less all language related variables. 
Unsurprisingly, the correlation of this extremely receptive vocabulary measures with the partly productive SA item mesasure is relatively low (.62).

The blue rectangle highlights the high correlations between text segmentation and the (also partly productive) C-Test and also the surprisingly high correlation between the Y/N test and the C-Test. 

The purple rectangle highlights the correlations between the C-Test and both reading measures. Both of them are quite modest but at least higher for the partly productive SA-based reading.

Finally, the mean correlation between the two reading dimensions in the imputed datasets is .63. This number reflects attenuation due to moderate scale reliability. The latent, error-free correlation was .91.
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