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Some IRT-based analyses for interpreting 
rater effects 

Margaret Wu1 

Abstract 

In this paper, we present a few IRT-based analyses of rater effects including an examination of rater 
severity and rater discrimination. Rater severity refers to the differences between raters in terms of 
their tendencies to award higher or lower scores. Rater discrimination refers to the extent to which 
raters use the score range to separate students on the ability scale. Methodologies to estimate rater 
severity and rater discrimination are presented. A discussion on the interpretations of some 
measures of rater effect is provided. We highlight that a rater who shows large discrepancies from 
other raters may in fact be the best rater. 
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Introduction 

Many assessment types require raters to make judgements of the quality of the tasks 
students performed. These assessment tasks may include essay writing, music perfor-
mance, artwork production, presentations and many other task forms that require raters’ 
holistic judgements based on a wide range of considerations. In this paper, we will use 
essay marking as the basis for our discussion of rater effects. Of course, the analyses 
described below can be applied equally to other performance tasks.  

First we note that assigning scores to performance tasks is a subjective process. Raters 
typically need to take into account many different aspects of a student’s work in assign-
ing a score. Even with rater training and monitoring programs in place, raters inevitably 
bring their own perspectives, emphases, interpretations and experiences to the judging 
process given that every piece of students’ work is likely to be original and unique (e.g., 
Cook et al., 2009; Barret, 2001; Weigle, 1998). For this reason, we will refrain from 
using the term “rater error” which suggests that there are correct ratings and incorrect 
ratings. Rather, we will use “rater effects” or “rater characteristics” to describe different 
rater behaviours. We will, however, explain that some rater effects are more important 
than others, in terms of making the assessments more “useful” such as providing more 
information for the stakeholders of the assessments. In some assessments of essays, a 
group of experts (reference raters) have rated a number of essays and the experts’ ratings 
are regarded as the “correct” scores. Scores of other raters are compared with those of 
the experts. Based on our experience and others (e.g., Attali, 2016; Leckie & Baird, 
2011), we note that expert raters will also bring their own perspectives, and different 
experts typically will not always agree with each other. Therefore, the selection of a 
group of experts can also be a somewhat arbitrary decision in the assessment process.  

In this paper, we will not use a group of “reference raters” as the basis of comparison for 
other raters. We will compare a rater’s scores with those of the rest of the raters as a 
group, thus demonstrating relative rater effects. For example, if a rater is harsh, it means 
that he/she provides lower ratings as compared to other raters in the group. It does not 
necessarily mean that a harsh rater is one who made errors in his ratings. We will explain 
this point further later in the paper. 

To clarify the terminology used in this paper, we will use the term “items” to refer to 
either different essays a student has written or different criteria a rater has to provide 
scores for based on one essay. That is, if there is more than one item, then a rater needs 
to provide more than one score for each student. In other literature, “items” may be 
called tasks, (essay) topics, criteria (for assessing an essay), traits or constructs. 

In assessing rater effects, Myford and Wolfe (2003) provided a comprehensive list of 
criteria including effects of leniency/severity, halo, central tendency, restriction-of-range, 
inaccuracy and others. Leniency/severity refers to raters’ inclinations to award higher or 
lower scores than other raters, on average. Halo effect refers to highly correlated scores 
assigned across items, indicating that a rater forms a holistic view of a student’s work 
rather than assessing each item independently of other items. Central tendency refers to 
the avoidance of using extreme scores so that a rater’s ratings will not be outliers among 
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other raters. This could happen as a “play-safe” strategy on the part of a rater (Wolfe et 
al., 2007). Restriction-of-range is similar to central tendency, except that the limited 
range of scores used may be at the higher or lower end of the scale, rather than around 
the mean score of all raters. Accuracy has several different meanings. One concept of 
accuracy is about how close a rater’s ratings are to some “true” scores or criterion scores. 
“True” scores could be derived from experts’ ratings, or be the long-term average score 
of the rater, or the expected score based on an IRT model. In general, “accuracy” refers 
to whether a rater’s scores for students of a particular ability is spread out (large vari-
ance), or focused around a score (small variance). A rater can be “spot-on” in terms of 
average leniency/severity, but be very “inaccurate” with a wide range of scores surround-
ing a “spot-on” average score. In contrast, an accurate rater will consistently assign simi-
lar scores to students at the same ability level. 

In this paper, we will recast some of these rater effects into familiar concepts of item 
characteristics such as item difficulty and item discrimination. For example, there is a 
parallel between rater severity and item difficulty, since item difficulty reflects how 
many students obtain a high score, and rater severity reflects how many students are 
given a high score by a rater. Item discrimination refers to the extent to which an item 
can separate students of low and high abilities. Similarly, the range of scores a rater uses 
has an impact on the extent to which the rater can separate students by their abilities. 
That is, in this paper we will demonstrate how conventional item statistics in measure-
ment can be applied to assess rater characteristics. 

In terms of statistical models for analyzing rater effects, most analyses of rater effects 
involve decomposing the observed score, or a transformation of the observed score, into 
factors (or facets), separating rater effects from item and person (candidate/student) 
effects. Some analyses use raw scores as the dependent variable in a regression analysis 
where the observed raw score is the sum of a number of variables plus an error term.  For 
example, Raymond and Viswesvaran (1993) modelled the observed ratings as  

 α ρ= + +nr n r nry e    (1) 

where  nry  is the observed score for student n given by rater r, αn is the true score for 

student n, ρr  is the rater severity measure for rater r, and nre  is the random error term. 

Variance components analyses are carried out to determine the proportion of the total 
variance due to different rater severity measures, different candidate abilities, and due to 
random errors. From these variance components, one can draw conclusions about the 
magnitudes of rater effects and random errors with respect to the total variance.  

Other analyses use an IRT (item response theory) approach modelling the probabilities 
of observed scores based on student ability, item difficulty and rater severity measures. 
Essentially, the observed raw scores are transformed using a logit link function, and the 
transformed variable is decomposed into components of item difficulty, person ability, 
rater severity and possibly other variables. For example, a simple logit link function for a 
dichotomously scored item could be 
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where p is the probability of success on item i, θn  is the ability of student n, δ i  is the 

difficulty of item i, ρr  is the severity of rater r. An extension of this model can be used 

for polytomously scored items. Additional terms can also be added to the right-hand side 
of Eq.(2) to include an interaction term between a rater and an item, for example. These 
models are commonly called the facets model (Linacre, 1989) where rater severity is a 
facet that has an impact on students’ scores. One advantage of using a logit link function 
is that measures for item difficulty, student ability and rater severity are not bounded as 
the range of raw scores is. The second advantage of using an IRT approach is that there 
is usually an incomplete design that each essay is not marked by all raters, so there is a 
considerable amount of “missing data” in terms of a student/rater matrix. IRT approaches 
can handle such incomplete designs with relative ease. However, the main findings on 
the relative magnitudes of rater effects should be very similar between the approaches of 
using raw scores and using transformed scores.  

In this paper, an IRT approach is used. We will discuss how common IRT models and 
conventional IRT parameters can be used to check on rater effects. In particular, we will 
use the one-parameter rating scale model (Andrich, 1978), partial credit model (Masters, 
1982), and the two-parameter generalized partial credit model (Muraki, 1992). While 
most of these models are commonly used IRT models, we emphasise on the interpreta-
tions of standard IRT analysis results in relation to rater effects. 

The case of one essay (or, one item) 

For many data sets, there is only one essay being marked by raters and one overall score 
for an essay is assigned by a rater on each essay. For data sets where there are multiple 
essays written by each student, we may still be interested in analyzing each essay sepa-
rately. Therefore, we will first discuss a simple way to analyse rater effect when there is 
only one item.  

A common structure of student item response data is a two-dimensional matrix where the 
rows represent students and the columns represent items as shown in Figure 1. 

 
 Item 1 Item 2 Item 3 Item 4 … 

Student 1 3 2 0 2  

Student 2 1 2 1 3  

Student 3 4 3 5 4  

…      

Figure 1: 
A common structure of student item response data 
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When there is only one item (i.e. one essay), but each student is marked by multiple 
raters, the structure of the student response data is shown in Figure 2. 

 
 

 Rater 1 Rater 2 Rater 3 Rater 4 … 

Student 1 2   4  

Student 2  3 4   

Student 3  3  4  

…      

Figure 2: 
Student response data with one item and multiple raters 

 

Figure 2 looks very similar to Figure 1 as a two-dimensional matrix except that there are 
some missing responses. An item response model with student and item parameters as 
variables in the model can be used to analyse rater data as shown in Figure 2 without 
involving specific facet terms (see an example rater analysis for one item in Wolfe and 
McVay, 2012). That is, the item parameters are now interpreted as rater parameters. This 
simplifies the analysis considerably since common IRT models and software programs 
can be used. In this respect, the commonly used item parameters of item difficulty and 
item discrimination can be used to interpretation rater severity and rater discrimination. 
As a result, in this section we will use the term “item” and “rater” interchangeably.  

Item difficulty now refers to rater severity. It refers to whether a rater, on average, 
awards higher or lower scores than other raters. Item discrimination refers to how well a 
rater uses the score range to separate students. A highly discriminating rater will use low 
scores for low ability students, and high scores for high ability students, providing clear 
discrimination between low and high ability students. In contrast, a low discriminating 
rater may assign a particular score to students from a wide range of ability levels.  

To show a practical example, we analyse a real data set of essay scores for a high-stake 
university entrance examination where each essay is marked by two raters. The score 
range is between 0 and 8. There are 886 students and 20 raters. An excerpt of the data is 
shown in Table 1. 

The second and third columns of Table 1 are rater IDs, and the last two columns of Table 
1 are the scores given by the two raters. The data is re-arranged into a two-dimensional 
matrix similar to that shown in Figure 2.  
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Table 1: 
Excerpt of a data set: Scores for each student awarded by two raters 

Student Rater 1 Rater 2 Rater 1 score Rater 2 score 

1 38536 00255 0 0 

2 22322 90022 4 5 

3 33113 42090 7 6 

4 11239 66532 2 5 

5 01884 25181 1 1 

6 38536 00255 3 5 

7 98766 23856 4 6 

8 92060 31256 3 5 

… … … … … 
 

The rating scale model and rater severity 

To estimate rater severity, a rating scale model (Andrich, 1978) for polytomous item 
responses is fitted to the data: 
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where  nikp  is the probability of obtaining score k for person n on item i (i.e., rated by 
rater i). In this model, δ i  is the item difficulty, and it represents rater severity for rater i 
in this example. Eq. (3) models a different rater severity parameter for each rater, but 
assumes the same item category threshold structure (τ k ) across raters, and the same rater 
discrimination. If raters do not have the same item category threshold values (τ k ), each 
τ k estimated in the rating scale model represents an average across all raters. Similarly, 
the constant discrimination parameter (assumed to be 1 in this case) represents the aver-
age discrimination across raters. This model has the advantage of clearly defining item 
difficulty (rater severity), since that is the only parameter that varies across raters. The 
estimates of rater severity are shown in Table 2, arranged in order of severity measures. 

Table 2 shows that the most severe rater is rater 14 (17322), while the most lenient rater 
is rater 20 (42090). To interpret the magnitudes of the range of rater severity, expected 
scores curves for all raters are plotted on the same graph. Each curve in Figure 3 shows 
the expected score given by a rater at an ability level. 

It can be seen from Figure 3 that the difference between the most severe and most lenient 
raters is more than one score point on a 0-8 scale. For a high-stake test, this is quite a 
large difference.  
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Table 2: 
Rater severity estimates from a rating scale model 

Rater 
number 

Rater ID Rater severity 
(logits) 

20 42090 -0.47 

11 23856 -0.24 

15 26484 -0.18 

19 71148 -0.18 

8 66532 -0.16 

6 98766 -0.13 

2 22322 -0.12 

16 88002 -0.10 

4 11239 -0.02 

9 00255 0.16 

13 25181 0.19 

18 31256 0.25 

3 33113 0.38 

5 01884 0.51 

17 90022 0.52 

10 33908 0.54 

7 92060 0.57 

12 66700 0.60 

1 38536 0.72 

14 17322 0.88 

 

The partial credit model and rater central tendency 

The rating scale model is very restrictive in that item category thresholds (τ k ) are as-

sumed to be the same for all raters, and raters differ only in their overall severity 
measures ( δ i ), leading to “parallel” curves in Figure 3. A less restricted model, the 

partial credit model (Masters, 1982), is fitted to the data to allow the estimation of differ-
ent item category thresholds for each rater. Eq.(4) shows the partial credit model. 
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where the item category thresholds, δik , are estimated for each rater, i, and score catego-

ry k. Under the partial credit model, item difficulty is not a clearly defined notion. A rater 
may have high values for some δik  but at the same time low values for other δik . Item 

difficulty (i.e., rater severity, in this case) is not captured by a single parameter as for the 
case of the rating scale model. Although, the average of the thresholds ( δik ) across item 

categories can possibly indicate a rater’s overall severity or leniency. As a result, the 
estimated δik  are not directly compared across raters in this paper. Instead, a plot of 

expected scores curve for each rater is shown in Figure 4. 

The expected scores curves in Figure 4 again show a band of around one score point 
width, indicating that raters differ in their severity measures. Further, the curves are not 
all parallel: some are steeper than others. To interpret the slopes of the expected scores 
curves, we first note that the estimated values of δik  are dependent on the number of 

students in each response category, since for the Rasch model, the number of responses 
in each category are sufficient statistics for the parameters, δik . That is, the shape of the  

 
 

 
Figure 3: 

Expected scores curves for raters from fitting a rating scale model 
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expected scores curve is determined by the frequencies of responses in each score cate-
gory. As an illustration, 5000 students’ responses are simulated on five items with four 
score categories fitting the partial credit model. Table 3 shows the number of respond-
ents in each score category and the generating δik .  

 
 

 
Figure 4: 

Expected scores curves for raters from fitting a partial credit model 

 

Table 3: 
Simulated data: Generating PCM thresholds and frequencies of respondents in each score 

category 

 Item 1 Item 2 Item 3 Item 4 Item 5 

Generating δik  (-2,0,2) (-1,0,1) (0,0,0) (1,0,-1) (2,0,-2) 

Score 0 freq. 586 994 1547 2035 2298 

Score 1 freq. 1938 1558 921 471 195 

Score 2 freq. 1960 1453 941 482 202 

Score 3 freq. 516 995 1591 2012 2305 
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Figure 5 shows the corresponding expected scores curves. 

 

 

 
Figure 5: 

Expected scores curves of five PCM items with different thresholds 

 

From Figure 5 and Table 3, it can be seen that steeper expected scores curves are associ-
ated with more respondents in extreme score categories, while flatter curves are associat-
ed with more respondents in the middle score categories. Incidentally, the steeper ex-
pected scores curves have dis-ordered thresholds, while the flatter curves have ordered 
thresholds that are further apart. It is really important to note that the steepness of an 
expected scores curve is not an indication of the discriminating power of the item, since 
the partial credit model stipulates that all items (with the same maximum score) have the 
same discriminating power (when items fit the model, of course). Rather, the five curves 
in Figure 5 show that each item has different discriminating power at different points 
along the ability continuum. But the overall discrimination power for an item, or item 
information, for all five items is the same.  

Going back to the real data set analysed earlier, the different slopes of the expected 
scores curves in Figure 4 reflect that some raters used score categories in the middle of 
the score range avoiding extreme scores, while others used scores at the very low and 
high ends of the score range. That is, the slopes of the expected scores curves can reflect 
the central tendency effect of raters as discussed in the introduction. Song and Wolfe 
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(2015) also mentioned that rater centrality can be detected in the standard deviation of 
raters’ PCM category thresholds in a partial credit model. 

We note that a simple tabulation of the frequencies of respondents in each score category 
marked by each rater is not so useful in this case because different raters marked differ-
ent sets of essays so we do not know whether the average ability of students marked by 
each rater is the same. If one rater’s scores are all relatively high, it could be because the 
rater is lenient, or it could be that the students marked by this rater are mostly of high 
ability.  

The generalized partial credit model and rater discrimination 

The partial credit model can inform us of whether raters have central tendency, but it 
does not provide information on rater discrimination or rater random error (inaccuracy). 
The thresholds of the partial credit model are determined by the number of respondents 
in each score category, but it does not take into account who are getting high scores and 
who are getting low scores. If two raters have identical scores distribution (i.e., with the 
same proportion of respondents in each score category), but the first rater assigned many 
high ability students low scores and assigned low ability students high scores, while the 
second rater appropriately assigned high scores to high ability students, the estimated 
score thresholds will be the same for both raters, since they have assigned the same pro-
portion of students in each score category (the concept of raw scores being sufficient 
statistics for the PCM parameters). The fit statistics, however, will show large misfits for 
the first rater.  

The term “random error” refers to the extent to which a rating departs from the expected 
score (for the rater). Note that in the IRT model, response categories are probabilistic. 
That is, it is expected that there will be variations of scores given a particular ability and 
rater severity. Figure 6 shows an example using simulated data. In this data set, a rater 
rating a student at ability level 0 has an average score of 2.5. However, the rater may 
give scores between 0 and 5, with a probability of 0.02 for score 0, probability of 0.12 
for score 1, probability of 0.34 for score 2, etc. These probabilities are computed from 
fitting a partial credit model and represent the expected variation of scores under the IRT 
model. 

However, the variation of scores for a rater may be larger or smaller than that expected 
by the model. A rater with large random errors is likely to have a probability distribution 
of scores more spread out than that for the average rater. A rater with small random 
errors will have a probability distribution of scores more clustered near score 2 and score 
3. Further, because of ceiling and floor effects of the score range, a rater with large ran-
dom errors is likely to give higher scores for low ability students, and lower scores for 
high ability students, thus he/she is more likely to be a less discriminating rater.  

One way to check for raters’ random errors is to estimate a discrimination parameter for 
each rater. When a rater has small random errors, the rater will have a high discrimina-
tion parameter. On the other hand, if a rater frequently assigns “incorrect” scores, his/her 
estimated discrimination will be low, irrespective of whether the rater is lenient or harsh. 
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Figure 6: 

Probabilities of a rater’s scores for students at ability level 0 

 

For the estimation of the discrimination parameter, the generalized partial credit model 
(GPCM) (Muraki, 1992) is used. Eq. (5) shows the GPCM.  
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where ia  is the discrimination parameter for item i (rater i, in this case).  

Fitting the GPCM to the essay data analysed earlier, the 20 raters are found to have quite 
different discrimination parameters. Table 4 shows the estimated discrimination ( ia ) 
parameters for the raters. Four raters (3, 11, 12, 13) have very high discrimination pa-
rameters. Unfortunately, there is no information on the background of the raters to check 
whether the high discriminating raters are expert/experienced raters. 

A highly discriminating rater will be able to clearly separate students into low to high 
ability groups. A helpful way to compare high and low discriminating raters is to exam-
ine their category characteristic curves. Figure 7 shows the category characteristic 
curves for four raters, ranging from highly discriminating to poorly discriminating raters. 

It can be seen from Figure 7 that the category characteristic curves for a highly discrimi-
nating rater have narrow and peaked curves, indicating that the rater assigns each score 
to a small ability range of students. In contrast, the category characteristic curve for a 
poorly discriminating rater has wide and low curves, indicating that the rater assigns 
each score to students of a wide range of ability levels.  
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Table 4: 
Estimated rater discrimination parameters 

Rater 
number 

Rater ID Rater 
discrimination 

parameter 

8 66532 0.85 

6 98766 0.87 

10 33908 0.90 

19 71148 1.38 

2 22322 1.46 

7 92060 1.75 

15 26484 1.93 

9 00255 1.94 

4 11239 2.10 

20 42090 2.19 

16 88002 2.21 

14 17322 2.52 

1 38536 3.35 

18 31256 3.55 

5 01884 4.35 

17 90022 4.47 

3 33113 15.20 

13 25181 19.39 

12 66700 20.24 

11 23856 24.07 
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Figure 7: 

Category characteristic curves for four raters 
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Discussion 

In this paper, three item response models are used to describe three rater characteristics: 
rater severity, rater central tendency and rater discrimination. First, it is noted that these 
rater characteristics are distinct concepts and they may be quite independent of each 
other. A lenient rater may be a very discriminating rater, as in the case of rater 11 
(23856). A plot of rater severity measures (Table 2) and rater discrimination parameters 
(Table 4) shows little correlation between these two, as shown in Figure 8. If the four 
high discrimination points are removed, the correlation between severity and discrimina-
tion is only 0.09. 

A rater who uses the full range of scores may not be the most discriminating rater, as 
many scores may be assigned inappropriately. For example, rater 19 (71148) has used 
the full score range but has a low discrimination parameter. In other words, this rater has 
a somewhat steep expected scores curve when partial credit model is fitted. But when the 
GPCM is fitted, this rater is found to have quite a low discrimination parameter. In con-
trast, rater 14 (17322) is the most severe rater who awarded very few top two score 
points (a “restricted-range” rater), but he/she has a moderate discrimination parameter. 
Despite these cases, one may conjecture that a highly discriminating rater is likely to use 
the full range of scores, as it will be difficult to separate students with fewer score points. 

Of the three rater characteristics: severity, central tendency, and discrimination, we place 
an emphasis on discrimination. The main purpose of most examinations is to assess  
 
 

 
Figure 8: 

Plot of raters’ severity measures against discrimination measures 
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students’ ability levels. Therefore, a good test should have high reliability and can clearly 
separate students into different ability levels. Adjustments for rater severity can be made 
when estimating student ability, provided that a rater is consistently lenient or harsh. So 
rater severity does not pose a significant threat to test reliability and validity. If a rater’s 
severity is inconsistent, it will be detected through the discrimination parameter. Yet, 
many rater monitoring programs focus on checking severity only by comparing each 
rater’s ratings with the scores of other raters. A very discriminating rater will likely as-
sign quite different scores from other raters, by giving low ability students lower scores 
and high ability students higher scores. Consequently, if rater severity is the only criteri-
on monitored, a very discriminating rater will likely be identified as not fitting with other 
raters, and be subject to corrective training. Yet a very discriminating rater is actually the 
best rater. For the data set analysed in this paper, the test reliability is 0.858 when a par-
tial credit model is fitted, and 0.892 when a GPCM is fitted. If all raters can be as dis-
criminating as for the four raters (3, 11, 12, 13), the test reliability will be even higher.  

Limitations 

As this paper discusses methods for analyzing one essay at a time, the methodology is 
not as general as many other models that explicitly model raters as facets in an IRT mod-
el. However, we note that in many facets models where there is an ‘item main effect’, a 
‘rater main effect’, and an ‘item by rater’ interaction term, the results essentially are 
produced for each rater and item combination. These models, while much more elegant 
and general, would provide similar results as analyzing each item separately. The draw-
back of analyzing each essay at a time is that the halo effect would not be possible to 
estimate, since the halo effect refers to the dependency of scores across items. If depend-
ency across items is ignored in an analysis, the standard errors of ability estimates would 
be underestimated and test reliability would be inflated. A rater model such as the Hier-
archical Rater Model (HRM) (Patz et al., 2002) would be appropriate to explicitly model 
dependencies in the data, in particular, for the dependency caused by multiple raters 
rating the same piece of essay. However, the advantage of analyzing one item at a time is 
that simple, standard IRT programs can be used without specialized programs for analyz-
ing facets. It is also easier to interpret item statistics in the context of rater effect. The 
conclusions regarding relative rater severity and rater discrimination across raters should 
still be valid even if dependencies in the data are not explicitly modelled. A simple pro-
cedure for providing rater information may be preferred when there is ongoing monitor-
ing of raters as the rating process is taking place. 

Clearly the validity of results of any analysis depends on the extent to which the data fit 
the model. The rating scale model does not fit the data as the raters do not have the same 
threshold structures: some raters assign more scores in the middle range while others 
assign more high and low scores. The data do not fit the partial credit model as the raters 
have different discrimination parameters. Even the generalized partial credit model may 
not be the best fitting model as some raters may be discriminating over one part of the 
score range and less discriminating over another part of the score range. Thus the ex-
pected scores curves and category characteristic curves plotted may not actually reflect 
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the behavior of the raters since these curves are based on the model fitted. This is one 
point we need to constantly remind ourselves when the results are interpreted. 

This paper has not dealt with the impact of rater characteristics on the residual-based fit 
statistics. These fit statistics are computed using standardized residuals which reflect the 
difference between observed score and expected score. Some simulations conducted 
indicate that, depending on the model fitted, rater severity, central tendency and random 
errors may all have an impact on the fit statistics. It will be useful to delineate different 
factors that influence fit statistics under different models, and use fit statistics as another 
source of evidence to describe a rater’s characteristics. However, much work needs to be 
done to thoroughly examine the relationship between fit statistics and the misfitting of 
the data to the model. 

There are, of course, many rater effects other than severity, central tendency and discrim-
ination. For example, a rater may find it easier to discriminate between low ability stu-
dents than between high ability students. After all, when a student produces very little 
work, it will not be too difficult to assess. But rater discrimination may decline as the 
score range increases. So a model that estimates different discriminations for different 
score categories may be needed. 

Conclusions 

In conclusion, we would like to draw attention to the importance of examining different 
aspects of raters’ assignments of scores, since focusing on just one aspect can lead to 
very misleading decisions about the selection of raters and rater training. No one IRT 
model will likely be adequate for all raters. Different IRT models may produce different 
profiles of raters. A rater that has steep expected scores curves under the partial credit 
model may be found to be a non-discriminating rater under the generalized partial credit 
model. A rater that has central tendency may actually be more discriminating than a rater 
that uses the full range of scores. Most important of all is to remember that the ‘average’ 
rater may very well be the mediocre rater while an outlying rater may actually be the best 
rater. 
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