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ASSESSMENT JUDGEMENTS

‘Key discriminators’ and the use of item level data in

awarding

Tom Bramley Research Division

Introduction

As more examination papers in general qualifications (GCSEs and A
levels) are scanned and marked on screen, the marks on individual
questions or question parts are collected automatically, and are referred
to as item level data (ILD). The analysis of ILD is available for use in
awarding meetings (where the grade boundaries are decided). This article
discusses the theoretical rationale for using ILD in awarding, presents
some possible formats for displaying data, and suggests ways in which
the data could be used in practice.

For many examinations (whether marked on screen or not), the
Principal Examiner (PE) will have produced a list of the questions which
they expected to be ‘key discriminators’ at particular grade boundaries.
This information might come from the test blueprint (for example,
if each question on a test was ‘targeted’ at pupils at a particular grade
or level), or it might come from the PE’s (and their marking team’s)
experience of marking the papers — for example, if during the course of
marking the paper they noticed which questions seemed to be
discriminating well at particular grades or levels.

The (often unspoken) assumption behind identifying these 'key

discriminators’ is that by focussing on performance on these questions

1 Louis Guttman (1916—1987) was an American psychologist. See
http://en.wikipedia.org/wiki/Guttman_scale for more information.
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when making judgements about scripts in the awarding meeting, the
awarding panel will use their time and effort most efficiently and be best
able to identify the overall score on the test which represents the same
performance standard as the corresponding grade boundary set in

previous sessions.

The Guttman pattern — an idealised scenario

Imagine that we have a test consisting of ten dichotomous items (items
scored 1 or 0). The scores on such a test fit a Guttman' pattern if success
on an item implies success on all easier items and failure on an item
implies failure on all harder items. If the columns represent the items
with the easiest item at the left and the hardest item at the right, and
the rows represent examinees with the least able at the top and the most
able at the bottom, then a Guttman pattern for scores of 23 examinees
on this 10-item test might look like Table 1 below.

If the score data fit this idealised pattern then all scripts on the same
test total would show exactly the same performance (in terms of which
items were answered correctly and incorrectly). In other words, every
script perfectly represents the performance of all examinees with the
same test score. Furthermore, there is a ‘simple order’ in the raw scores.

Each increasing test total implies that the examinee has achieved


http://www.cambridgeassessment.org.uk/research-matters/

Table 1: Illustration of Guttman pattern of test scores
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everything that examinees with a lower test total have achieved, plus
one more item correct.

In a situation like this, the task of the award meeting would be to
decide on the pattern of performance which was worthy of the particular
grade — and this could be done by considering individual items. For
example, suppose that in the above scenario the test is a simple pass-fail
test, and a total of 6 out of 10 is under consideration for the pass mark.
Inspection of Table 1 shows that it is success on Q8 which distinguishes
those with a total of 6 out of 10 from those with a total of 5 out of 10.
The content of Q8 could therefore form the basis of a discussion as to
whether this was indeed an appropriate cut-score.

This could allow genuine criterion referencing in standard setting. If we
imagine our example is a functional maths test, and that Q8 involves
calculating a percentage, if it was deemed essential that the ‘minimally
competent examinee’ should be able to calculate a percentage, then
6 out of 10 is the lowest score on the test which guarantees this.

Also, once the standard has been set, standard-maintaining in such a
scenario is also straightforward. By including a similar (ideally identical)
item in a future test we might anchor the new test to the old simply by
finding the lowest test total on the new test guaranteeing success on this
item, assuming of course that the new test also produces scores in the
Guttman pattern. Thus it would not matter if the new test were easier or
more difficult than the original test — the cut-score would vary
accordingly.

The traditional item analysis statistics of facility (mean item mark as a
proportion of maximum item mark) and discrimination are shown below
in Table 2.

Table 2: Facility values and discrimination indices for example data in Table 1

Easy Hard

Q4 Q2 Q1 Q7 Q5 Q8 Q3 Q10 Q9 Q6

Facility 096 091 083 070 052 043 030 017 009 0.04
Discrimination 0.34 044 0.57 068 0.77 0.78 072 059 045 034

Facility is the mean mark on each item as a proportion of maximum item
mark?.

Discrimination is the Pearson correlation between item score and total
score minus that item.

These statistics do not seem especially useful for setting cut-scores at
an awarding meeting. The facility values are sample-dependent, and the
discrimination indices are both sample-dependent and facility-value-
dependent.

It is more informative to consider the relationship between score on
test and score on item. This can be presented graphically in what are
known as Item Characteristic Curves (ICCs). Figure 1 shows the ICCs for
Q1,Q5 and Q10 in our example.

U A
]

N A
-

Test total

Item score

Figure 1: Plot of item score against test total for Q1, Q5 and Q10. (The top and
bottom of each ICC should be at 1 and 0, but are separated here for clarity)

These ICCs illustrate the step change in performance on each item with
increasing test total score. The slope of the ICC is another indicator of
discrimination — in this case it can be clearly seen that each item
discriminates very well (perfectly!) by the same amount at a different
point on the raw score scale. This information is obscured by using the
traditional discrimination statistics (see Table 2).

This kind of display shows the link between performance on the test as
a whole and performance on an individual item, and as such is far more
relevant to the task which awarders are engaged in when assessing
performance on ‘key discriminators’.

However, it is virtually impossible in practice to construct tests which
produce the deterministic Guttman pattern of responses. This is first
because people of the same overall ability differ in their specific
knowledge and skills and thus tend to produce different patterns of
correct and incorrect responses; and secondly because there are many
unknown ‘random’ variables which might influence a particular response
on a particular occasion. In order to overcome both of these factors it
would be necessary to use items very widely spaced in difficulty and to
administer the test to a population with a very wide distribution of
ability. For example, the four-item test below, administered to the entire
population of England, might produce a Guttman pattern of responses:

Q1 2+2=7

Q2 2/3x3/s=7?

Q3 x-5x+6=0,x=7?
Q4 Provee”+1=0

2 For a dichotomous item the facility value is also the proportion of examinees who answered
correctly.
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But the results of such a test would be extremely uninformative for most
educational purposes! Therefore it is necessary to consider another

idealisation, but a slightly more realistic one — the Rasch model.

The Rasch model

It is outside the scope of this article to derive or explain the Rasch model
— see Wright & Stone (1979) or Bond & Fox (2000) for details. The Rasch

model for dichotomous items can be written as:
e (Bn-5i)
P(Xn/': 1 |ﬂrv75r') =
1+e (B
where x,; is the score of person n on item j, 3, is the ability? of person n,

and &; is the difficulty of item /.

This model can be considered to be a stochastic form of Guttman’s
model. This is because the pattern of expected scores from this model is
the Guttman pattern. In other words, a person with higher ability has a
higher probability of success on every item than a person of lower ability,
and every person has a lower probability of success on a more difficult
item than on an easier item.

The pattern of observed scores will not exactly conform to the
Guttman pattern, but should be a stochastic approximation to it if the
data fit the Rasch model. Table 3 shows some simulated data generated
to fit the Rasch model, using approximate parameters* derived from the
data in Table 1.

Table 3 shows that the rank order of examinees has changed slightly,
as has the rank order of items, due to the random element in the data
generation. More importantly, the data now does not exactly conform to

the Guttman pattern, as can be seen by comparing the score patterns of

Table 3: Pattern of scores generated by the Rasch model
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3 Ability here does not mean some innate ability or IQ — it simply means the examinee’s level on
the trait presumed to underlie performance on the test.

4 Note for Rasch experts: it is impossible to estimate parameters for data which exactly fit a
Guttman pattern, hence the ‘approximate’. The logit difficulties were derived by transforming the
facility values, then the abilities were estimated iteratively, arbitrarily assigning reasonable values
to scores of 0 and 10 respectively.
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the three examinees with a test total of 5 out of 10. E11’s pattern of
performance is exactly in line with expectation, but E13 and E14 have
both succeeded on some more difficult items and failed some easier
items.

Table 3 illustrates the problem of using ‘key discriminators’ for
deciding on cut-scores when data does not fit the ideal Guttman pattern
(which it never does). Consider the performance on Q5 by examinees
with test scores of 5 and 6. Two of the three examinees with a score of 5
succeeded on this item, whereas only one of the four examinees with a
score of 6 did. If consideration of this item were a main focus for
awarders then 5 might seem a more appropriate cut-score than 6 — even
though examinees with a score of 5 have (by definition) achieved less
overall than those with a score of 6, and in particular on other items
(e.g- Q8 and Q1) which might not have been deemed ‘key discriminators’.

A further issue which is clarified by considering the Guttman pattern in
Table 3 is that of examinee (rather than item) score profiles. Some
examinees will have an ‘unusual’ pattern of responses in that they tend
to have succeeded on items that they might have been expected to fail,
and vice versa. An extreme example in Table 4 is a comparison between
examinees EO4 and EO9 — both with a score of 1. EO4 answered the
easiest question correctly and failed all the others (as expected), but E09
succeeded on the second hardest question on the test. Given that
awarders can only look at a small selection of the scripts on each mark,
it would make sense to choose scripts from examinees whose pattern of
responses conforms reasonably closely to the Guttman pattern. This is
because their responses best exemplify what the test was measuring. In
the real world the patterns are far more ‘messy’ than the neat example in
Table 3, which was generated to fit the Rasch model, but the principle is

still relevant.

Practical application

For an exam with a large entry (say >1000) we can calculate the average
score on each item for the set of examinees with each possible score on
the test. A table would be one way to present this information for
awarders. There should be a general increase in score on each question
as test total score increases — this is more likely to be the case for a
question which discriminates well (by definition) and the increase is likely
to be smoother when the number of examinees is large. At very high and
very low test total scores there is likely to be some fluctuation because
of the low numbers of examinees.

Table 4 illustrates this kind of information for a GCSE paper, where
ILD from approximately 38,000 examinees was captured. Note that the
information is shown at the level of the whole question. It would also be
possible to show the same information at sub-question level, but such a
table would potentially be very large, creating a danger of ‘information
overload'.

The information in Table 4 might be easier to appreciate if it were
presented in graphical form.

The graphs in Figure 2 show one possibility for creating visually
informative displays. They simply join the mean y-values (score on
question) for each value of x (score on test), and show + 2 standard
errors of each mean. This conveys the information that the location of
the mean is more variable at the extremes (or wherever N is low), and
also takes into account the spread of the y-values at each value of x (the
formula for the standard error is /YN, where s is the standard deviation

of the y-values). The individual data points are not shown in the graphs in



Figure 2.This makes the graphs less cluttered, but leaving the points on
would emphasise the extent to which there is variability at the individual
question level for a given score on the test as a whole.

With a smaller cohort it might be preferable to fit a smoothed line
through all the data points, rather than joining up the means in a ‘dot-to-

dot’ fashion. This is an area for further practical experimentation.

Use of item level information in an award
meeting

How might the information shown in Table 4 and Figure 2 be used in an
awarding meeting? First of all we should note that these whole questions
vary quite a lot in terms of maximum marks (Q5 is out of 3 marks and
Q9 is out of 12 marks). Q7 was clearly too difficult for most examinees.
Q1 and Q8 discriminated best for examinees at the lower end of the
score range. The questions with larger mark totals discriminated more
smoothly across the score range, as might be expected.

It is possible to identify two approaches for linking information about
examinees’ performance on individual questions with grading decisions —
what we might call a ‘prescriptive’ approach and a ‘maintaining’ approach.

On the prescriptive approach, expert judgement combined with grade
descriptors might be used to make pronouncements like ‘The average
borderline grade C examinee ought to score at least 7 marks on Q3.
From the ICC for Q3 or from Table 4, this can be seen to imply a cut-
score of around 41. Making several pronouncements of this type on
different questions from different topic areas across the paper would
produce several potential cut-scores — these could then form a purely
judgementally derived range of marks to consider for the grade C
boundary. This approach might be more effective at sub-question level
because more information could be used (but this would have to be
balanced against the dangers of information overload).

On the maintaining approach (which can only work when ILD from
two or more sessions are available) the awarding panel would identify
questions on the current paper which are similar enough to questions on
a previous paper for it to be reasonable to expect performance on them
to be equivalent. Now the argument would be along the following lines:
‘Last year the borderline grade C examinees (with a test score of 40)
averaged 1.2 out of 2 on question 7a, which required them to label a
diagram of a cell. This year’s question 3b was practically identical, and
examinees who averaged 1.2 out of 2 scored 42 on the test overall,
suggesting a mark of 42 would be appropriate for this year’s boundary.’

Obviously the more ‘equivalent’ questions that can be identified, the
better the linking will be (and this need not always link back to the
previous session — links which go back further will help avoid ‘drift’ in
boundaries). There are obviously many caveats which could be raised,
such as the extent to which the questions really are equivalent®, changes
over time in topic relevance, drifts in item difficulty, teaching trends etc.
— a microcosm of the debates around standards over time more
generally! But it is nonetheless a method with some rational justification.

Because of the wide variability in question performance across
individual scripts, these judgements based on the ICCs (which show the
average performance of the entire examination cohort) might be found

to be more effective than judgements based on scrutinising a tiny

Table 4: GCSE paper — mean scores on each question for pupils with each total
test score

Max mark— 6 0 11 5 3 4 4 4 12 7

Test

total N gl g2 g3 g4 g5 g6 q7 g8 q9 q10
0 5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00
1 0.25 025 0.00 0.00 000 0.50 0.00 0.00 0.0 0.00
2 12 0.92 042 000 0.00 008 033 000 017 0.8 0.0
3 28 186 061 0.04 0.00 0.11 0.14 0.00 0.14 0.07 0.04
4 39 213 085 0.13 0.00 008 0.15 000 013 036 0.18
5 71 2.54 101 048 0.00 0.10 0.28 0.00 0.177 030 0.13
6 99 2.57 129 065 0.02 0.12 034 000 031 045 024
7 117 260 138 103 005 021 049 000 045 053 026
8 169 2.76 170 121 0.05 025 066 001 057 0.50 030
9 211 2,57 168 165 0.08 027 063 000 082 082 047
10 263 277 179 183 0.11 041 079 000 104 0.76 051
11 338 297 202 193 0.14 036 083 001 126 088 062
12 458 3.08 215 213 021 048 090 001 129 099 0.76
13 579 320 230 232 021 053 088 002 154 119 083
14 643 335 245 240 025 058 102 001 173 128 094
15 752 349 263 260 028 0.61 105 003 182 144 1.05
16 925 3.58 277 268 037 065 112 004 202 163 114
17 992 3.72 292 276 048 0.72 112 003 219 181 1.25
18 1139 3.81 3.09 288 056 076 1.19 004 232 202 133
19 1227 397 326 297 063 081 122 0.04 246 220 144
20 1437 409 342 306 076 088 132 006 251 237 153
21 1542 422 353 314 087 09 135 006 268 257 161
22 1470 432 371 321 088 103 136 006 281 289 173
23 1708 441 388 333 103 109 138 008 288 308 183
24 1808 450 401 348 115 113 146 008 296 333 190
25 1780 4.58 423 353 119 125 154 009 3.04 353 202
26 1856 468 443 369 129 130 160 0.10 3.08 3.71 212
27 1907 4.77 455 380 140 140 1.64 0.11 3.16 395 222
28 1788 482 475 390 149 149 169 0.11 321 421 233
29 1687 489 490 409 159 153 170 0.12 331 444 244
30 1656 499 507 426 166 162 181 0.13 331 462 254
31 1519 503 524 440 173 166 188 0.13 336 488 269
32 1418 510 548 459 186 171 188 0.16 336 505 281
33 1250 512 562 484 192 178 199 0.12 340 531 289
34 mnm 517 582 509 200 181 203 015 342 556 295
35 1011 519 591 528 221 185 209 0.15 3,50 575 3.06
36 843 529 6.13 558 220 190 212 017 349 594 3.8
37 766 530 6.25 568 231 202 224 0.16 352 620 331
38 606 529 632 6.15 253 201 219 018 354 639 341
39 548 533 6.51 6.28 251 204 232 020 352 6.74 355
40 497 529 665 6.58 270 210 242 018 351 695 361
41 348 536 686 699 277 208 231 020 366 7.12 3.65
42 314 540 690 728 291 213 250 022 353 739 374
43 236 540 6.97 760 284 2.18 254 0.27 362 759 398
44 182 538 712 775 316 222 257 027 362 788 403
45 160 547 730 769 323 223 273 029 371 813 423
46 136 549 743 799 336 231 278 027 359 843 436
47 102 546 7.74 860 322 234 273 048 364 865 416
48 70 559 793 863 329 220 306 051 366 861 453
49 45 562 769 847 367 253 291 056 376 889 491
50 37 554 808 886 3.54 249 300 089 368 924 468
51 27 563 793 9.11 404 237 311 085 367 959 470
52 28 568 804 943 389 236 300 071 371 1004 5.14
53 17 565 824 965 412 241 341 088 394 965 506
54 14 571 850 9.71 479 236 293 086 3.86 1000 5.29
55 7 571 829 1043343 243 329 143 386 1029 586
56 3 533 800 1033300 267 400 133 400 1133 6.00
57 3 567 7.67 967 500 3.00 267 167 4.00 1067 7.00
58 3 533 9.00 10.003.67 267 400 167 367 1133 6.67
59 1 6.00 9.00 10.005.00 200 4.00 1.00 400 1200 6.00

5 It has sometimes been observed that small changes to questions can have a large effect on their
facility value, so judgements of equivalence should be made with great care.

proportion of the scripts on each mark (as currently happens). It would
also prevent individual awarders’ judgements being skewed by their
impressions from having marked a possibly unrepresentative batch of
scripts. For example, using the above data we can see from the graph for
Q1 that this question was discriminating most effectively for pupils with
a test score of between about 10 and 25 marks. Repeatedly sampling two
scripts at random from those with a test total 4 marks apart, and then

1 mark apart gave the results in Table 5 below.
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Figure 2: Question score v test score for each question

on the GCSE paper
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Table 5 shows that even in the most discriminating part of the range,
with scripts 4 marks apart on total score the script with the higher test
total only scored a higher mark on Q1 about half the time, dropping to
around 40% of the time with scripts 1 mark apart. This suggests that
script scrutiny might not be a good way to relate performance on ‘key
discriminators’ to total test score.

This is not to suggest that the use of ICC graphs means that script
scrutiny can be dispensed with altogether. It does, however, suggest a
different focus for the script scrutiny. The ICC graphs can be used to
identify the ‘key discriminators’ for a particular boundary and to derive
expectations about the likely range of test total marks corresponding to

that boundary, either using the ‘prescriptive’ or the ‘maintaining’

Table 5: Result of 10,000 comparisons of pairs of scripts sampled at random

Performance on Q1 Test totals 4 marks apart  Test totals 1 mark apart

(18and 22) (19 and 20)
Script with higher test total better 51% 39%
Scores equal 26% 29%
Script with lower test total better 23% 22%

approach described above. The role of the script scrutiny would then be
to make a global, holistic judgement about examinee performance on
scripts in that range, taking into account performance on all the
questions. We must not forget that examinees can compensate for poor
performance on the key discriminators by good performance elsewhere.
The judgemental task could now perhaps be phrased along the lines

‘Would you be happy for scripts in this mark range to receive a C grade?’

In summary, the approach might work as follows:

1. The awarding panel decides for which (if any) questions a
‘prescriptive’ approach is appropriate and for which questions (if any)
a 'maintaining’ approach is appropriate.

2. For the ‘prescriptive’ questions, the awarding panel decides what the
minimum mean mark on those questions for examinees at a
particular grade boundary should be, using expert judgement and (if
appropriate) grade descriptors. The test total mark corresponding to

this mark is then located using the ICCs.

3. For the 'maintaining’ questions, the awarding panel uses the ICCs to
locate the test total mark corresponding to the same question mean

mark as that obtained by borderline examinees in a previous session.

4. Steps 2 and 3 should now have created a range of test total marks
for consideration at each judgemental boundary. Each range can now
be compared with the range produced at the pre-award based on
statistical information about score distribution and cohort
composition. Hopefully, there will be some overlap between these

ranges!

5. The awarding panel can scrutinise scripts in the overlapping range to
ratify a particular mark, or narrower range, as appropriate for the

boundary in question.

6. The final boundary mark is agreed by the usual process of

considering all available evidence.

Implementing this kind of process would create a system where the
judgements about scripts can be less influenced by information about
pass rates and cohort composition. It has been argued elsewhere

(e.g. Black & Bramley, 2008) that this would be desirable.

Conclusion

In summary, consideration of the idealised Guttman pattern of examinee

scores on test items leads to the following conclusions:

e If only a small number of scripts is chosen for scrutiny at an award
meeting, it is possible that performance on an item designated as a

‘key discriminator’ will not correspond well with the total score.

e Traditional item analysis statistics (facility values and
discriminations) may not be particularly useful for identifying the

‘key discriminators’ at each grade boundary, but empirical Item
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Characteristic Curves (ICCs), ideally based on points plotted at each
possible score on the test (when enough data are available), could be

much more useful.

e  Scripts for the award meeting could be screened to eliminate
‘misfitting’ examinees with unusual response patterns, or positively
selected to aim for responses which conform as well as possible to

the Guttman pattern.

e An explicit rationale should be provided for how the item level data
will be used in making decisions about grade boundaries — for
example, the ‘prescriptive’ and ‘maintaining’ rationales described in

this article.
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EXAMINATIONS RESEARCH

Statistics Reports Series

The Statistics Team Research Division

The ongoing ‘Statistics Reports Series’ provides statistical summaries of
various aspects of the English examination system such as trends in pupil
attainment, qualifications choice, combinations of subjects and subject
provision at school. These reports, produced using national-level
examination data, are available in .pdf format on the Cambridge
Assessment website: http://www.cambridgeassessment.org.uk/ca/

Our_Services/Research/Statistical_Reports

In 2009, the following reports were produced:

e Statistics Report Series No.8: Uptake of GCSE AS level subjects in
England, 2001-2007

e Statistics Report Series No.9: Numbers achieving 3 A grades in
specific A-level combinations by school type and LEA

e Statistics Report Series No.10: Some issues on the uptake of Modern
Foreign Languages at GCSE

e Statistics Report Series No.11: Uptake of GCSE and A-level subjects
in England by Ethnic Group, 2007

e Statistics Report Series No.12: A-level uptake and results by gender,
2002-2007

e Statistics Report Series No.13: GCSE uptake and results by gender,
2002-2007

Other statistical reports also available on the Cambridge Assessment

website are:

e  Statistics Report Series No.1: Provision of GCE A-level subjects

e Statistics Report Series No.2: Provision of GCSE subjects

e Statistics Report Series No.3: Uptake of GCE A-level subjects in
England, 2001-2005

e Statistics Report Series No.4: Uptake of GCSE subjects, 2000-2006

e Statistics Report Series No.5: Uptake of GCE A-level subjects in
England, 2006

e Statistics Report Series No.6: Numbers of A-level examinations taken
by candidates in England 2006 and the percentages attaining 3 or

more A grades

e Statistics Report Series No.7: The relationship between A-level grade
and GCSE grade by subject

Factsheets

The Statistics Team Research Division

In order to make our research accessible to a wider audience we have
produced a series of easy-to-read factsheets. The objective of these
factsheets is to ‘headline’ the main findings of some research projects.
They are available in .pdf format on the Cambridge Assessment
website:http://www.cambridgeassessment.org.uk/ca/Our_Services/
Research
The full research reports can be found in the ‘Conference Papers’

section of the same website.
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As of December 2009, factsheets on the following subjects have been
produced:

e AS and A-level choice: Ten factsheets based on the project entitled
‘A-level subject choice in England: Patterns of uptake and factors

affecting subject references’.
e Emotional Intelligence: Three factsheets based on the project entitled

‘Can trait Emotional Intelligence predict differences in attainment

and progress in secondary school?’



