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Abstract 
Local dependency is a prevalent phenomenon in educational tests where several dichotomous items 
are based on a single prompt. This is a violation of one of the major assumptions of Rasch and 
other IRT models and poses restriction on the analysis of such tests with these models. To solve the 
problem, it has been suggested that the items which belong to a single prompt be bundled together 
and analysed as independent polychotomous super-items. However, in the last few decades there 
has been an array of polychotomous models with different properties and assumptions which makes 
the choice of the right model rather difficult. The purpose of the present study is two-fold: 1) to 
compare the performance of three psychotomous Rasch models for super-item analysis and 2) to 
check the consequences of using ‘inappropriate’ models when the assumption of equal distances 
between steps within and across items is violated. To this end, a reading comprehension test com-
prising six independent passages each containing six dichotomous items was analysed with three 
Rasch models, namely, Andrich’s (1978) rating scale model (RSM), Andrich’s (1982) equidistant 
model and Masters’ (1982) partial credit model (PCM). Results show that there is not much differ-
ence in the three models as far as model data fit, standard error of parameter estimates and dis-
crimination are concerned. Nevertheless, noticeable differences were observed in the estimates of 
the difficulty parameters across the three models. 
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Introduction 

One of the assumptions of Rasch or IRT models in general is the local independence 
assumption. The items that are put to Rasch model analysis are required to be independ-
ent of each other. That is, a correct or wrong answer to one achievement test item should 
not lead to a correct or wrong answer to another item. This means that there should not 
be any correlation between two items after the effect of the underlying trait of testees is 
partialized. The items should only be correlated through the latent trait that the test is 
measuring (Lord & Novick, 1968). If there are significant correlations among the items 
after the contribution of the latent trait is partialized, then the items are locally dependent 
or there is a subsidiary dimension in the measurement which is not accounted for by the 
main Rasch model based dimension (Lee, 2004; Linacre, 1998). In other words, perform-
ance on the items then depends to some extent on a trait other than the Rasch model 
dimension; this means a violation of the assumptions of local independence and unidi-
mensionality.  
If the assumption of local item independence is violated, any statistical analysis based on 
it would be misleading. Specifically, estimates of the latent variables and item parame-
ters will generally be biased because of model misspecification, which in turn leads to 
incorrect decisions on subsequent statistical analysis, such as testing group differences 
and correlations between latent variables. In addition, it is not clear what constructs the 
item responses reflect, and consequently, it is not clear how to combine those responses 
into a single test score, whether IRT is being used or not (Wang, Cheng & Wilson, 2005, 
p.6).  
However, in practical testing contexts the local independence assumption gets violated 
very easily. This happens when several questions are based on a single prompt such as in 
reading comprehension tests, C-Tests (Grotjhan, 2002, 2006, 2010) or in cloze tests 
(Alderson, 1978; Oller, 1979). It is argued in the literature that if the local independence 
assumption does not hold, the local item dependence (LID) itself acts as a dimension. If 
the effect of LID is substantial it is difficult to say what dimension the main Rasch model 
dimension is. Even if the effect is small, the derived parameters will be contaminated, 
i.e., the parameters partially reflect the LID dimension to the extent that LID exists. In 
fact, LID is a form of the violation of unidimensionality principle. LID also results in 
artificially small standard errors of estimates. This could be a very severe problem in 
computerized adaptive testing where standard errors of measurement are the criteria for 
terminating the test. It can result in premature termination of the test (Zenisky, Hamble-
ton & Sireci, 2003).  
When a set of items are locally dependent there are two major approaches to address the 
problem. One is the item-bundle approach (Rosenbaum, 1988, Wainer & Kiely, 1987) in 
which the scores of dichotomous items which are based on the same stimulus are aggre-
gated as ordered polychotomous super-items. That is, the set of items which are related 
to a common stimulus are considered as one polychotomous item to control the influence 
of local item dependence among items within each super-item. Polychotomous Rasch 
models or IRT models such as Andrich’s rating scale model (1978), Andrich’s equidis-
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tant model (1982), Samejima’s (1969) graded response model or Masters’ (1982) partial 
credit model are then applied to analyse the super-items. The drawback of collapsing 
dichotomies into polytomies, however, means the loss of information.  
The other approach is to model local dependency with the approach of Bradlow, Wainer 
& Wang, 1999; Wainer, Bradlow, & Wang, 2007; Wang, Bradlow & Wainer, 2002. This 
is a 4-PL IRT model which adds a super-item parameter to the familiar 3-PL model. In 
this way the super-item effect can be separated from the test-takers’ ability. The model 
can be applied to a mixture of independent items and super-items and provides a super-
item parameter estimate for each super-item which is on the same scale as the ability 
parameter. The higher the super-item parameter the greater is the connectedness of the 
items which are in a super-item. This model is formally expressed as: 
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Where ijγ  is the score for item j received by examinee i, ja  is the slope parameter, jδ  is 
the difficulty parameter, jc  is the guessing parameter, iθ is the examinee’s ability and 

ijkγ  is the super-item effect parameter showing this effect for examinee i in the super-
item k to which item j belongs. 

The purpose of the present paper is (1) to account for local dependency in a reading 
comprehension test using the item-bundle approach and compare the performance of 
three polychotomous Rasch models for this purpose and (2) to investigate the conse-
quences of violating the assumptions of each of these models. 

Polychotomous Rasch models 

After the first formulation of the Rasch model (Rasch 1960/1980) which was designed 
for items that could be answered either correctly or wrongly, i.e., the so called dichoto-
mous Rasch model, several other extensions for the model have been invented. The first 
of these models is probably Samejima’s (1969) graded response model (Thissen & 
Steinberg, 1986). Samejima developed her model completely independent of Georg 
Rasch; but there are at least two approaches by Rasch himself in 1966 (cf. Kubinger, 
1989) which predicts the probability of responses in each category k or above. The model 
is an extension of Birnbaum’s item response theory to categorical data and unlike Rasch 
models accommodates a slope parameter.  
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The model predicts that the probability person n reaches category k on item i depends on 
nθ  the ability of the person, ikλ  the value of k’th item boundary and the item’s discrimi-

nation ja . 

Two other widely used polychotomous models which are implemented in most Rasch 
model software are Andrich’s (1978) rating scale model (RSM) and Masters’ (1982) 
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partial credit model (PCM). The formal expressions of Andrich’s RSM and Masters’ 
PCM are given below. 
 
RSM (Andrich, 1978) 
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In this function nθ  and iδ  are the locations of person n and item i respectively, jτ  is the 
location of the j’th step in each item and k is categorie.  
 
PCM (Masters, 1982) 
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x=0, 1, ... m 

The model expresses that the probability of person n scoring x on the m-step item i is a 
function of person’s location nθ  and the difficulties of the m steps. In this model the 
thresholds are combined with the item parameter estimates, i.e., ij i jδ δ τ= + . 

Andrich advanced RSM for ordered item categories data. This model assumes equal 
category thresholds across the items. Step difficulties in ordered item categories are 
deemed to be governed by a predefined set of response categories which are repeated for 
all the questions. Since the same responses alternatives such as ‘strongly disagree’, ‘dis-
agree’, ‘undecided’, ‘agree’ and ‘strongly agree’ are given for all the items it is assumed 
that step difficulties do not vary across the items. In other words, the distance between 
‘strongly agree’ and ‘agree’ in all the items throughout the test is the same (Masters & 
Wright, 1984). That is, the increment in the level of the construct as a result of endorsing 
‘strongly agree’ rather than ‘agree’ is equal for all the items. However, the model does 
not require that the distances between ‘strongly disagree’, ‘disagree’, ‘undecided’, 
‘agree’ and ‘strongly agree’ be equal within a single question. The level of increment in 
the construct can be different when a respondent endorses ‘strongly agree’ rather than 
‘agree’ compared to when he endorses ‘undecided’ rather than ‘disagree’.  
Then Andrich (1982) proposed a model called ‘equidistant model’. This model assumes 
that the distances between the thresholds within the items are equal but not necessarily 
across the items. The model was especially suggested to account for local dependency in 
educational tests where several items are based on one prompt by forming super-items. 
The probability that X gets the value x, (x=0, 1, 2, ... m) given person parameter θ  and 
item parameter δ  is expressed as: 
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Where mk =  are category coefficients and are expressed in terms of m thresholds 
1 2, ,..., mτ τ τ .  

Masters’ PCM, on the other hand, is less restrictive than Andrich’s RSM and equidistant 
model in that it does not require equal distances between the steps neither within items 
nor across items. Therefore, each item has a unique rating scale structure. That is, the 
distances between the steps can vary for all the items and within each single item and 
even the number of steps can vary. This property of PCM makes it the model of choice 
for analyzing educational tests where the assumption of equal step difficulties across 
items is very unrealistic.  
Obviously, since we have fixed response categories in RSM and all the items share the 
same rating scale structure the number of response categories should also be fixed in all 
the items. This means that it is not possible to have some items with five response cate-
gories like ‘strongly disagree’, ‘disagree’, ‘undecided’, ‘agree’ and ‘strongly agree’ and 
some items with say, three response categories like ‘agree’, ‘undecided’ and ‘disagree’ in 
one instrument. However, as indicated PCM accommodates items with different number 
of response categories. 
The assumption of equal distances between steps across the items, which is required by 
RSM, is certainly not met in the context of a reading test which has several different 
passages with different questions. Furthermore, the assumption of equal distances be-
tween the steps within each item, i.e., between each dichotomous question within a pas-
sage, which is the requirement of the equidistant model, cannot be met either in the con-
text of a reading test.  
These assumptions all suggest that Masters’ partial credit model, which is the least re-
strictive model in terms of the distances between the steps within and across items, is the 
most appropriate model to analyse a reading comprehension test or any other educational 
test in which several items are based on a prompt. In the following section the conse-
quences of using ‘inappropriate’ models for a reading comprehension test are investi-
gated.  

Method 

A reading comprehension test comprising six passages was given to 160 Iranian under-
graduate students of English. Six to eight items were based on each passage. In order to 
make the number of items on each passage equal the last one or two items of those pas-
sages with seven and eight items were not entered into the analysis. Therefore, the data-
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set contained six passages each having six dichotomous items. The test was analysed 
three times with three polychotomous Rasch models: 1) Masters’ partial credit model, 2) 
Andrich’s rating scale model and 3) Andrich’s equidistant model, considering each pas-
sage as a polychotomous item with seven categories. WINMIRA (von Davier, 2001a) 
programme was used for data analysis. 

Results 

Dichotomous analysis 

Although all the cited models are members of the so called specific objective models 
(Rasch, 1960/1980; Fischer, 1974) it was decided not to follow the respective approach 
of model testing (cf. Kubinger, 2005) [you may see that this is true in Kubinger, 1989]; it 
was preferred here rather the universal approach of generalized linear models with statis-
tics and psychometrics just to try for goodness of fit. This is due to the fact that within 
language educational test tradition the latter approach is common but the model testing 
approach according to specific objectivity is not. One may study this approach with 
respect to the used models in Kubinger (1989). 
A preliminary dichotomous Rasch model analysis of the data, assuming local independ-
ence, indicates violation of the unidimensionality principal. Out of the 36 items nine have 
out of range mean square outfit values, the acceptable range being 0.7-1.3 (Bond & Fox, 
2007). Principal component analysis of standardized residuals clearly indicates the exis-
tence of a secondary dimension. The variance explained by measures was equal to 41%. 
The unexplained variance in the first contrast was 5.3% which was equal to the strength 
of 3.2 items which is much larger than the minimum level of 1.5 (Smith, 2002). Rasch 
model separation reliability of the test was equal to 0.82. This reliability drops to 0.74 
when the items are combined in super-items. This drop in reliability partly shows the 
effect of local dependence among the items which has resulted in spurious higher reli-
ability for the 36-item test. One should bear in mind that the drop in the reliability is also 
partly due to the decrease in the number of items.  
Examining the correlation of standardized item residuals, which is an indication of local 
dependence (Linacre, 2007) shows that eight pairs of items which are in the same super-
items have residual correlations of 0.22 and above.  

Polychotomous analyses 

Table 1 shows super-items’ statistics in the three polychotomous analyses. The columns 
‘Measure’ show the difficulty location of each passage or testlet, ‘SE’ is the standard 
error of super-item difficulty estimates, ‘Q-index’ (Rost & von Davier, 1994) is an item 
fit statistic that can range between 0 and 1. Zero indicates perfect discrimination and 1 
indicates perfect negative discrimination. Values close to .50 show random responses. 
Therefore, we expect values which are closer to 0. ‘Zq’ is the transformation of the ‘Q-
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index’ which is approximately normally distributed and therefore the usual boundary of  
-2 to +2 can be applied to it. High positive values indicate unmodeled noise or underfit 
and low negative values indicate redundancy, local dependency or model overfit (von 
Davier, 2001b). As Table 1 shows there is not much difference between the three models 
as far as model data fit is concerned. Fit of the data to the model supports unidimension-
ality (Kubinger, 2005), therefore, the test is unidimensional no matter which Rasch 
model is used. The standard errors of the super-item estimates are almost equal in the 
three models indicating that the super-items have been calibrated with equal precision in 
the three models. Nevertheless, the difficulty estimates of the super-items vary greatly 
across the models, which is a cause for concern as one does not know which model 
shows the real difficulty estimates. 
 

Table l: 
Fit statistics, difficulty measures and standard errors 

Partial credit model Rating scale model Equidistant model Super- 
item Measure SE Q-Index Zq Measure SE Q-Index Zq Measure SE Q-Index Zq 
1 -.30 .07 .16 .00 -.18 .07 .16 .24 -.17 .07 .17 .00 
2 -.66 .08 .17 -.16 -.89 .08 .17 .08 -1.04 .08 .18 -.03 
3 .35 .07 .16 -.03 .44 .07 .16 1.43 .58 .07 .16 -.18 
4 .22 .07 .15 .03 .01 .07 .15 .04 .04 .07 .15 .00 
5 -.01 .06 .12 -.17 .01 .06 .12 -1.38 .12 .06 .12 -.19 
6 .40 .06 .14 .42 .15 .07 .14 -.83 .46 .06 .15 .43 
 
 
Information criteria were used to compare different models. Table 2 shows that accord-
ing to AIC partial credit model seems to be a better model since it has the smallest AIC 
value. However, since in the calculation of AIC sample size is not used this statistics is 
biased and BIC is a preferable statistic. According to BIC index RSM is the model of 
choice. The reason why RSM has been indicated as the best model by BIC index is the 
smaller number of parameters that are estimated in RSM, since the BIC penalizes more 
for over parameterization than AIC.  
 

Table 2: 
Information Criteria for the three models 

Model AIC BIC 
Partial credit model 3177 3291 
Rating scale model 3226 3263 
Equidistant model 3225 3265 
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Table 3 shows the mean, standard deviation and the Rasch model separation reliability 
(Linacre, 1997) of the test in the three analyses. The means of the sample in the three 
analyses are very close. The three analyses have equally widely distributed the persons 
and therefore, there is not any difference in the discrimination power of the three models. 
The last column of the table shows that the three models yield equal reliabilities. 
 

Table 3: 
Sample Statistics in the three analyses 

Analysis n Mean Standard 
Deviation 

Reliability 

Partial credit model 160 -.09 .70 .74 
Rating scale model 160 -.10 .70 .74 
Equidistant model 160 .06 .70 .74 

Note. n = number of persons 

Conclusions 

In this study the performance of three different polychotomous Rasch models for analyz-
ing a reading comprehension test comprising six super-items was compared. Since the 
assumptions of equal distances between the steps within and across the items cannot be 
met for a reading comprehension test, Masters’ partial credit model which does not as-
sume such equalities is usually recommended for super-item analysis. The results of the 
present study showed that the three models perform equally well as far as model data fit, 
reliability and discrimination are concerned. This means that the rating scale model and 
equidistant model are very robust to violations of equal distances between the steps and 
for practical measurement purposes all three models are appropriate.  
However, there were substantial differences in super-item difficulty estimates across the 
three models. This raises the important question of which model depicts true item diffi-
culty estimates. A replication of the study with simulated data where the location of the 
items is known is needed to find out which model performs best in recovering item esti-
mates.  
Furthermore, local dependency is something that is assumed to exist in the data analysed 
for this study. Further research needs be done by simulating datasets with varying de-
grees of local dependency among the items and then compare the performance of the 
models. 
Nonetheless, one can be certain that the assumption of equal distances between the steps 
across and within the items, which is required by rating scale model and equidistant 
model respectively, has been violated in these data. The results showed that RSM and 
equidistant model performed as well as PCM in terms of fit, reliability and precision of 
estimates although their assumptions were violated. But the issue of unequal parameter 
estimates across the models is an open question which should be addressed with a simu-
lation study.  
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