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Supplemental file 2 - further explanations of the methods used 

 

On GLLRMs and CFA  

To appreciate the generalization of Rasch models to GLLRMs it is useful to understand that 

the GLLRMs attempt to do the same for item analysis by RMs as structural equation models 

do for confirmatory factor analysis (CFA). 

A CFA model consists of a latent variable and a set of quantitative items depending on the 

latent variable. Items of CFA models satisfy the requirements of criterion-related construct 

validity. In fact, the only difference between IRT models and CFA models is that CFA 

models assume that items and the latent variable are quantitative and use linear regression 

models, whereas items in IRT models are dichotomous or ordinal categorical and need other 

types of regression models to describe the effect of the latent variable on item responses.  

During CFA analysis of ordinal items, one is supposed to use polychoric correlation 

coefficients, but that does not change the fundamental probabilistic structure of CFA. The 

model is a multivariate normal distribution.  

However, during analyses there are differences. IRT and Rasch analysis typically focus on 

item fit, whereas CFA analysis focus on the difference between observed and expected item 

correlations. Of course, both types of analyses could and often do adopt the focus of the 

competitor. In such cases, there should be little difference between CFA and IRT analyses 

except that they try to fit different measurement models. 

The second and more important difference is that CFA analyses often use multivariate 

structural equation models with the CFA model inserted together with other variables. In such 

cases, the CFA analysis is much more than a question of validation. CFA results include 

information on the associations between the other variables of the structural equation model 

and between the latent variable and the other variables.  

Routine IRT and RMs has nothing to offer here. CFA analyses are inference within context 

whereas IRT and Rasch analyses are inference outside context. GLLRMs try to remedy this 

problem by embedding a RM or a log-linear RM in a multivariate context defined by a chain 

graph model. Two properties of chain graph models motivated chain graph models as a 

natural framework for RM. First, graphical models are defined by assumptions of conditional 

independence. Since local dependence and no DIF are assumptions of conditional 
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independence, IRT models that satisfy these requirements fit naturally in graphical 

frameworks. Secondly, graphical models accommodate all types of variables. Relationships 

between quantitative variables may be linear or non-linear and relationships between ordinal 

variables may be monotonic needing rank correlations for measures of association. In other 

words, chain graph models are less restrictive than structural equation models. Finally, both 

types of multivariate models are defined by graphs describing associations between variables, 

but there are subtle differences between what missing links between variables entail. 

In addition to introducing a multivariate framework for Rasch models, the class of graphical 

log-linear Rasch models solves another serious problem for Rasch and IRT models. Problems 

that are not an issue for CFA models. In CFA, there are simple solutions if evidence of LD or 

DIF turns up. To take care of local dependence or DIF during CFA analyses, one may add 

correlations between items or effect of exogenous variables on items to see whether this 

improves fit. Since structural equation models are multivariate normal distributions, LD and 

DIF modelled in this way is automatically uniform LD and DIF. There are no higher order 

interactions in multivariate normal distributions. 

Kelderman (1984) proposed this solution for Rasch models using log-linear models to 

describe the effect of the latent variable on items where main effects depend on the latent 

variable while interactions among items and exogenous variables are constant across level of 

the latent variable. Since higher order interactions are possible in log-linear models it is not 

automatically given, that the latent trait cannot modify associations between item and 

exogenous variables. This means that testing a GLLRM may be more challenging than testing 

CFA models, but apart from that, the solution is the same. Again, there are no fundamental 

differences between CFA analyses in a structural equation model framework and analyses by 

GLLRMs except that they fit different types of multivariate models to data and use somewhat 

different fit statistics. 

  
On essential validity and objectivity 

Having said that the above, we should also point out that GLLRMs preserve the sufficient 

raw score of the ordinary Rasch models and that inference by Rasch models does not require 

that the distribution of the latent variable is normal or that the sample is representative. Like 

the RM, a GLLRM provides unique possibilities for estimation of person parameters with 

error distributions that do not need a close to infinite number of items to apply. The only 
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problem is that measurement violates two of four requirements of criterion-related construct 

validity (i.e. local independence of items and absence of differential item functioning). 

However, Kreiner and Christensen (2007) and Kreiner (2007) claim that replacing 

requirements of local independence and no DIF with requirements of uniform LD and 

uniform DIF implies that measurement is essentially valid. 

There are three arguments supporting these claims. 

 

The first is that the distribution of the sum of locally dependent items in a GLLRM is the 

same as the distribution of a partial credit item. In the WS scale, WS5 and WS 6 are locally 

dependent. If the GLLRM shown in Figure 1 fits, it follows that W56 =  WS5+WS6 is a 

partial credit item and that the set of items (WS1,WS2,WS3,WS4, W56,WS7) is a set of 

locally independent Rasch items providing valid measurement, whereas measurement by  

(WS1,WS2,WS3,WS4,WS5,WS6,WS7) is not valid because two items are locally dependent. 

 

Since WS1+WS2+WS3+WS4+ W56 +WS7 = WS1+WS2+WS3+WS4+WS5+WS6+WS7 

it is inconsistent to claim that the raw score of the first set of items provide valid 

measurement and that the raw score of the second does not. In terms of the raw score, 

measurement by GLLRMs is valid. The difference between the models only becomes 

apparent if one attempts to use the estimates of person parameters for measurement. Under 

the GLLRM, this estimate depends on the interaction between locally dependent items. The 

GLLRM provides a close to unbiased estimate of the person parameter, whereas the use of 

the RM provides confounded estimates because it ignores the local dependence. 

 

In other words, measurement by WS1+WS2+WS3+WS4+ W56+WS7 is valid, but 

measurement by WS1+WS2+WS3+WS4+WS5+WS6+WS7 is only close to valid. The raw 

scores and the person parameters are the same in both models. Except for statistical errors 

due to the different estimators, the estimate of the person parameter in the RM with W56 is 

the same as the estimate of the person parameter in the GLLRM.  

 

The same type of argument applies for DIF. Uniform DIF of an item relative to gender 

corresponds to a situation where males and females have responded to different questions. In 

general, estimation of person parameters of RMs does not require that all persons respond to 

all items. For this reason, it is difficult to claim that measurement would be valid if men and 
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women had responded to different items with different item parameters and that it is invalid 

because they had responded to the same question and that the only problem was that item 

parameters were different for men and women. 

 

Finally, we could eliminate dependent items and DIF items and estimate person parameters 

by the score over the remaining items. Removing items from a scale does not change the 

person parameter. For this reason, the person parameter estimated by the reduced set of items 

is the same as the person parameter in the GLLRM with all items. Again, it makes little sense 

to claim that measurement by the reduced set is valid and measurement by the complete set is 

not since both sets provide estimates of the same latent trait. The only difference between the 

two estimates is that the standard error and the bias are larger with the reduced set than with 

the complete set. 

 

We have to admit that GLLRM items do not meet the ideal requirements of construct 

validity. Despite this, we claim that measurement by GLLRMs is essentially valid and to be 

preferred to measurement by reduced sets of RM items, because they are more precise and 

less biased. To remind the users of the scale that the assumption of local independence and/or 

no DIF is violated we say that measurement is only essentially valid, but in practical terms 

there is no difference. 

 


