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Item Angoff Ratings
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One common phenomenon in Angoff standard setting is that panelisis regress their
ratings in toward the middle of the probability scale. This study describes two in-
dices based on taking ratios of standard deviations that can be wtilized with a scat-
terplot of item ratings versus expected probabilities of success 1o identify whether
ratings are regressed in toward the middile of the probability scale. Results from
a simulation study show that the standard deviation ratio indices can successfully
detect ratings for hard and easy items thai are regressed in toward the middle of
the probability scale in Angoff standard-serting data, where previously proposed
indices often do not work as well to detect these effects. Results from a real day
set show that, while virmually all raters improve from Round 1 to Round 2 as meas
sured by previously developed indices, the standard deviation ratios in conjunction
with a scatterplot of item ratings versus expected probabilities of success can iden-
tify individuals who may still be regressing their ratings in toward the middle of
the probability scale even after receiving feedback. The awthors suggest using the
seatterplot along with the standard deviation ratio indices and other statistics for
measuring the guality of Angoff standard-setiing data.

An important step in developing many examinations is determining cut scores to
classify examinees. In credentialing, one typically determines cut scores to separate
examinees who possess the required knowledge, skills, and abilities for a creden-
tial from those who do not. In an educational testing, one often identifies several cut
scores to separate examinees into multiple performance categories. One common ap-
proach to determine such cut scores is the Angoff (1971) standard-setting method.
The Angoll method uses a group of panclisis to estimale the probability that min-
imally competent examinees would answer each item correctly. These probability
ratings are then analyzed to determine a cut score for each panelist and the mean or
median of the panelist cut scores is taken as the estimated group cul score.

There are a few aspects of the Angoff method that warrant additional discussion.
First, a panelist’s task is to consider the content of each item, the nature of practice,
and the definition of the minimally competent examinee and give probability ratings
that are consistent with how they think minimally competent examinees would per-
form. Panelists may differ on how they think minimally competent examinees would
perform and give different ratings, which implies that there is not an expectation that
all panelists give ratings that are indicative of the same cut score. However, there
is typically an expectation that the panelists’ ratings should align with the level of
performance that they think a minimally competent examinee would demonstrate.
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Detecting Regression of Angoff Ratings

The second part of the Angoff method is translating panelist ratings into cut scores.
When applying item response theory (IRT) models, one uses an equating method to
place the ratings onto the same scale as the examinee item response data and to es-
timate cut scores using an IRT estimator (see Wyse, 2017). The equating process is
usually conducted by fixing the item parameters to the values estimated from item
response data. Fixing the item parameters assumes that panelist ratings should align
with the expected probabilities of success on the items based on the rater’s estimated
cut score and the IRT model (e.g.. item characteristic curve values at the estimated
cut scores) or there may be inaccuracies in the estimated cut score. The idea that An-
goff ratings should align with expected probabilities based on the rater’s estimated
cut score and the IRT model is the foundation for Reckase charts (Reckase, 2001),
which are sometimes provided as rater feedback, as well as indices often used to
evaluate ratings (see Hurtz & Jones, 2009). These observations provide a theoretical
foundation for anticipating that Angoff ratings should align with expected probabil-
ities of success based on estimated cut scores and the IRT model used on the exam.

Research, however, suggests that many challenges can occur when performing the
Angoff method and that ratings may not always align with what one may expect
(see Brandon, 2004; B. E. Clauser, Mee, Baldwin, Margolis & Dillon, 2009; B. E.
Clauser, Mee, & Margolis, 2013; B. E. Clauser, Swanson, & Harik, 2002; Humphry,
Heldsinger, & Andrich, 2014; Hurtz & Auerbach, 2003; Hurtz & Jones, 2009; Mar-
golis & Clauser, 2014; Reckase, 2001; Shepard, 1995; Shephard, Glader, Linn, &
Bohrnsted, 1993; Taube, 1997: Wyse, 2013, 2018: Wyse & Reckase, 2012). One
prevalent challenge is that panelists often regress item ratings in toward the middle
of the probability scale, thinking that hard items are easier and easy items are more
difficult than they are compared to expected probabilities of success based on their
estimated cut scores and the IRT model. Shephard and colleagues (Shepard, 1995;
Shepard et al., 1993) first reported this in National Assessment Educational Progress
(NAEP) standard settings in the early 1990s. Schulz (2006) later reproduced this
finding in an NAEP mathematics standard setting. The pattern of regressing Angoff
ratings in toward the middle of the probability scale for hard and casy items is not
isolated to NAEP. Taube (1997) analyzed data from four credentialing programs,
finding that panelists thought hard items were too easy and easy items were too hard
in each program. Similarly, Wyse (2018) observed this phenomenon in two creden-
tialing program standard settings. Humphry et al. (2014) also found these effects in
a K-12 standard setting in Australia.

Figure 1 shows this phenomenon for a rater from an actual standard setting. The
diagonal identity line shows the ideal scenario where the ratings match the expected
probabilities of success based on a rater’s cut score and the IRT model. One would
hape to find ratings that are close to the identity line, but that are randomly distributed
above and below the identity line over the range of expected probabilities. The ratings
in Figure 1 exhibit a linear trend with the hard items rated too easy and easy items
rated too hard. It is important to note the systematic shifting of the points from the
identity line, such that the Angoff ratings for harder items, which are toward the left
of the figure, tend to be too high (i.e., above the identity line), and the Angoff ratings
for easier items, which are toward the right of the figure, tend to be too low (ie.,
below the identity line). It is also important to realize that this shift varies between

29

Y Slmr) o3 sl St ol 0l i Dy aalidoad “UDDE

dalda

B33 3 ool dag daulew & =il SR e el 4 o k]
oS Sl (25 D 5o 5 (0 T 5 0 ) 30 a)L8 el s sl
FomsS s 3 L o5 ke o 2005 Sij il 25 0T am s e
2OSGE plal day Bb o 5 OUlyr g s OT3,8 (VM) fal 5 Gghs 5 4T 0¥
S il Tl Ol 31l S e | Ll el ) ey s
LBl e o el Jasl gl 51 el OSG a5l e sk 1y OUT il 5 2055
Sl 5T s el Pt Sl el 5 gn 03 I 4 sl o35 LS e
AL A iy e sl e el Ol sl S s sy o sl
LW Tl

el o T dabinn g pge by o5, Do o gt Sl 1151 S

Wl Y el Sl et el DT s et iy y 3 Shes L SOs
'_‘:1;45;_.1.‘,*._\’_';,';\5&;,5,‘ 3005 paT 18 s kb5 OSSOzl a3l
A el Al b s 21 0 Olpe 5 s 5,500 505 2 A
15 OF 013 aT 3005 51 6ot 3 0313y Olonial O 43 3 Olowial 1 o < 302 o 8 5
laduliy opast 5o (VoA @By Miats) Wi o 3 Gl g
WXy 8T SIS b e e & O RSy Ol ol el
S EOa (T A D Gty S ) S S i o gbiys g g ST I3 5
518 @) ditas S L O W T ) s Dby S (Y08 NSl o)

. Grupe & Nitschke
. Lufi, Okasha & Coben

. Mazzacco
10. Cross, Krachok & Rajani




Ratings too high
compared to expected
probabllities

Ttem Rating

Ratings too low
compared to expected
probabilities

T T
04 0.6
Expected Prolability of Success

Figure 1. Example of regression of hard and easy item Angoft ratings for a rater.

raters. Some raters may give ratings that deviate more for hard items, others’ ratings
may deviate more for easy items, and others may have rating deviations for hard and
easy items that are about the same. It is also possible for a rater to provide ratings
that closely match the expected probabilities.

There are many reasons why ratings may deviate from expecied values. In particu-
lar, training for the Angoff method often emphasizes the need to consider the appro-
priateness and relevance of items for minimally competent examinees, the content
of the item, factors that may contribute to item difficulty, the difference between the
overall difficulty of the item and the difficulty level of the item for minimally com-
petent examinees, and how to understand and use feedback information. A panelist
may believe that an item is inappropriate for minimally competent examinees and,
thus, give a rating that is different from the expected probability of success. Alter-
natively, a panelist may think that an item tests extremely critical information that a
minimally competent examinee must know and give a rating that does not align with
the expected probability of success. Panelists may also focus on other factors and
give unexpected item ratings. However, if a panelist’s ratings are systematically off,
as shown in Figure 1, it may indicate challenges in rating certain types of items and a
different conceptualization of minimally competent examinee performance than that
predicted by the IRT model used to score the exam.

The question then is how cut scores may be impacted if a panelist gives this pat-
tern of ratings. Reckase (2006) explored the impact of regressing ratings in toward
the middle of the probability scale and found potential cut score bias as a panelist’s
cut score moved away from an TRT 6 value of 0. Wyse (2017) further explored these
effects and found that regressing ilem ratings in toward the middle of the probabil-
ity scale could bias cut scores. Using the Rasch model, Taube (1997) and Humphry
et al. (2014) investigated whether rating hard items too high and easy items too low
could change cut scores. Taube (1997) found that cut scores would be four to six
questions lower and pass rates would be 7% to 15% higher if ratings were adjusted
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Detecting Regression of Angoff Ratings

to Round 2 in the b metric but decreased in the p metric. These inconsistencies of-
ten occurred when panelists gave notably higher ratings in Round 2 compared to
Round 1 with several extreme ratings. For example, Rater 3 had an §D; of 1.08 in
Round 1 and an SDy, of 1.27 in Round 2 compared to SD,s of 1.10 and 1.08. This
rater had zero ratings of 1.00 in Round 1 but eight such ratings in Round 2 with their
mean rating increasing from .47 to .80. Similarly, Rater 10 had zero ratings of 1.00
in Round 1 and 50 ratings of 1.00 in Round 2 and their mean rating increased from
.67 to .91. This rater had SDys of 1.13 and 1.19 and SDs of 1.00 and .86 in Rounds
I and 2, respectively. The inconsistencies appeared to be a function of 1.00 ratings
being set to missing when computing 50J;, and the nonlinear relationship between
the b and p metric being more pronounced with high ratings. In such cases, there is
more variation in the unbounded b metric than in the bounded p metric. Second, one
can see that there were only four instances where the standard deviation ratios were
below 1.0, suggesting that it was common to have more variation in the expected
probabilitics than the item ratings.

Discussion

The systematic rating of hard items as too easy and easy items as too hard in com-
parison to values expected based on the rater’s cut score and the measurement model
applied on the exam is a complication in Angoff standard setting. This study showed
that previously developed methods for evaluating Angoff ratings are not sensitive to
panelists systematically regressing ratings for hard and easy items. In fact, the simu-
lation study showed that many indices indicated that ratings were better or unchanged
instead of signaling problems when ratings were regressed. Only the standard devia-
tion ratio methods were consistently sensitive to giving higher ratings for hard items
and giving lower ratings for easy items. The results of the real data study further
demaonstrated the utility that the scatterplot and standard deviation ratios could have
in practice.

Standard setters should consider using the scatterplot and one of the new standard
deviation indices in combination with other measures in this study to gain a more
complete picture of the level of quality in Angoff ratings. For example, calculating
the correlation between the ratings and the expected probabilities of success based on
the panelists’ estimated cut scores at the individual and group levels can indicate how
well people are ordering the items. Pairing the correlation with a standard deviation
ratio index and the scatterplot can give an idea of both the ordering and potential
regression of hard and easy Angoff ratings. Pairing these indices can be particularly
useful to detect regression of hard and easy items because the standard deviation
ratios are measures of the slopes if one were to perform a linear equating to place the
results onto the same scale and it is well known that equating methods tend to work
better when correlations are high. Another application could be to pair the scatterplot
and standard deviation ratios with the rater balance index as the rater balance index
may provide a quantitative measure of whether a greater portion of easy items were
rated too low or hard items were rated too high. Because the two standard deviation
ratio indices captlured similar trends and the second index can be applicd with a wider
range of IRT models, the second index may have greater utility in practical settings.
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Value of Rater Indices Over Replications for 8 = 0

No Regression Effect (Baseline) .6 x b + .1 Regression Effect .3 x b + .1 Regression Effect

r=.30 r= .60 r= .90 r= .30 r = .60 r= .90 r=.30 r= .60 r= .90

Index Index Ideal Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

1.00 . 1.00 04 100 .03 167 .08 168 .07 167 .0 335 .15 335 15 334 .10

SD, 3

1.01 .04 1.01 .04 100 .02 154 .07 154 06 154 . 294 13 295 13 294 .09
1
1

SD,
RMSD 23 01 .18 01 .09 .00 20 .01 .16 01 .10 .00 .19 .00 00 .14 .00
14 .00 .12 .00
72 01 79 01 8 01 75 01 8 01 8 .00 77 01 79 01 8 .00

33 03 43 .03 g4 .03 36 .03 45 .03 64 .03 36 .02 40 .02 46 .02

C“-

PWFI o
PWFI s

Rating Balance
cor

A7 .03 23 .03 44 .04 19 .03 23 .03 35 .03 A8 .02 21 .02 23 .02
-01 03 -02 03 -—-03 04 -03 03 —-05 03 —-07 .02 —-02 .02 -—-02 02 -03 .01
30 .06 .60 .04 90 .01 30 .06 60 .04 90 .01 30 .06 60 .04 90 .01

1
1
0
E, 0 A9 .01 1401 07 .00 16 .01 A3 .01 08 .00 16 .00
1
1
1
0
1

Note. SDy, is the ratio of the standard deviation of examinee item difficulty estimates over the standard deviation of the panelist item difficulty estimates in Equation 10, SD,,
is the ratio of the standard deviation of expected probability of successes on the items over the standard deviation of the panelist item ratings in Equation 11, RMSD is the
root mean square difference index in Equation 4, Ej, is van der Linden’s index from Equation 5, Cy, is van der Linden’s index from Equation 6, PWFI 1 is the proportion
of item ratings within a fixed interval of .10, PWFI g5 is the proportion of items rating within a fixed interval of .05, Rating Balance is the rating balance index, and cor is
the correlation between the item rating and the expected probability of success in Equation 2.
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difficult than the values predicted by IRT models in Angoff standard
Research has shown such effects to be common across educational, psychol

processes.
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