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Under formula-scoring rules for multiple-choice exams, a penalty is applied to incorrect
responses to reduce noise in the observed score. To avoid the penalty individuals are allowed
to “pass,” and therefore they must be able to strategically regulate the accuracy of their
reporting by deciding which and how many questions to answer. To investigate the effect of
bias within this framework, Higham (2007) introduced bias profiles, which show the score
obtained under formula scoring (corrected score) as a function of the omission rate. Bias
profiles estimate the optimal number of questions that should be answered to maximize the
corrected score (i.e., optimal bias). Our initial research showed that individuals tend to be too
conservative when setting reporting criteria, “omitting” too many answers. The present three
experiments introduced a feedback manipulation whereby participants were informed of the
optimal omission rate after completing a test and asked to alter their reporting decisions
accordingly. This feedback and concomitant alteration of reporting decisions led to improved
corrected scores on true/false (Experiment 1), 2-alternative tests (Experiments 2), and 4-
alternative tests (Experiment 3). Importantly, corrected scores at optimal bias also were higher
than at forced-report for both true/false and 2-alternative tests. Furthermore, in Experiment 3,
feedback based on one test improved scores on a second test, and participants were more
likely to perform optimally on a third test without feedback. These effects suggest that
optimal-bias feedback may have long-term effects and generalize to new tests.

Keywords: bias profiles, formula scoring, metacognition, strategic regulation of accuracy, type-
2 signal detection theory

A great deal of research in metacognition has focused on people’s ability to predict their
performance on future tests. For example, researchers have examined the extent to which
judgments about how well paired associates have been learned predict subsequent
performance on an actual memory test (e.g., Dunlosky & Hertzog, 2000). Much less attention
has been paid specifically to the role metacognition plays in determining performance on a
current test. Recently, however, Higham and colleagues (e.g., Higham, 2007; Higham & Arnold,
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2007a, 2007b) have examined metacognition in multiple-choice testing scenarios in which stu-
dents are given the opportunity to pass (i.e., leave questions unanswered). The motivation to
pass on these tests typically is invoked by formula scoring, which involves a point system.
Specifically, in most instantiations of formula scoring, correct responses earn points, but
incorrect responses incur a penalty (e.g., Muijtjens, van Mameren, Hoogenboom, Evers, & van
der Vleuten, 1999; Thurstone, 1919). However, the penalty that is applied to incorrect
responses can be avoided by omitting answers; examinees can choose to omit responses to
questions if they are unsure of the correct answer, which usually neither gains nor loses points.
To maximize their corrected scores, students must strategically regulate both which and how
many responses to report. Such regulation must find a balance between reporting too much
and receiving penalties for low-quality answers (sunk cost), and reporting too little and missing
out on points for high-quality answers (opportunity cost).

Formula scoring is an alternative to the traditional number-right scoring system in which test-
takers are instructed to answer all items and the test is scored by assigning one point for every
correct response (i.e., no penalty for errors). Because formula scoring has a report/omit
option, it introduces the strategic regulation of accuracy, which is not present in the number-
right system. Therefore, it is important to consider issues surrounding metacognitive
monitoring and control when investigating performance on formula- scored tests. Currently,
there are two frameworks that are used to investigate the strategic regulation of accuracy, the
first of which is Koriat and Goldsmith’s (1996; Goldsmith & Koriat, 2008 monitoring-control
framework. The second is a type-2 signal detection theory (SDT) framework that has been
applied to a testing context by Higham (2007; see also Higham & Arnold, 2007a, 2007b;
Lueddeke & Higham, 2011), and which is the framework adopted in this study (see Higham,
2011, and Goldsmith, 2011, for a comparison and discussion of the two approaches).

To investigate accuracy regulation in test-taking situations un- der both frameworks, it is
necessary to know the answers that students omitted. One method for obtaining these
answers is sim- ply to have students return to questions initially left unanswered and ask them
to provide best guesses (e.g., Bliss, 1980; Cross & Frary, 1977; Ebel, 1968; Higham, 2007,
Experiment 1; Muijtiens et al., 1999; Sax & Collet, 1968; Sherriffs & Boomer, 1954; Slakter,
1968a, 1968b). However, this two-pass procedure is not ideal because students have two
attempts at answering questions for which responses were initially omitted (but only one
attempt at other questions on the test), which introduces a systematic processing-time
difference between the question sets. To avoid this criticism, Higham (2007, Experiment 2)
developed a one-pass procedure that required both a response to every question and an
assignment of each response to either a “go for points” category (where correct and incorrect
responses garnered points and penal- ties, respectively) or a “guess” category (where both

correct and incorrect responses earned 0 points). The “go for points” and “guess” category
assignments were considered analogous to re- porting and omitting responses, respectively.
Higham found that the one- and two-pass procedures produced very similar results, but the
one-pass procedure avoids the criticism that not all questions on the test receive equal
consideration. For this reason, Higham’s one-pass procedure is adopted in the current
experiments, and for ease of exposition we will use the terms “report” and “omit” in many
places throughout the rest of the study to refer to “Go for Points” and “Guess” category
assignments, respectively (even though, technically, answers are never omitted with the one-
pass procedure).



Beyond avoiding the potential criticisms of the two-pass procedure, the one-pass method
provides a means to gauge metacognitive monitoring (resolution) and bias using type-2 SDT.
Because responses are assigned to the “guess” category rather than omitted, they can be
scored as correct or incorrect. Knowing the correctness of these responses means that the
type-2 hit rate (HR) and false alarm rate (FAR) can be calculated. As shown in Table 1, the HR is
equal to the number of correct answers placed in the “go for points” column divided by the
total number of correct responses (a/[a + c]), whereas the FAR is equal to the number of
incorrect responses in the “go for points” column divided by the total number of incorrect
responses (b/[b + d]). Once the HR and FAR are known, a discrimination index (e.g., d=) can be
calculated. As detailed below, a key feature of type-2 SDT is that the discrimination index is a
measure of metacognitive resolution.

Although resolution typically has been measured with the Goodman-Kruskal gamma
coefficient (Goodman & Kruskal, 1954)—an ordinal measure of correlation recommended by
Nelson (1984)—it recently has been shown to have a number of poor qualities and SDT indices
have been suggested as an alternative (e.g., Higham, 2007, 2011; Luna, Higham, & Martin-
Luengo, 2011; Masson & Rotello, 2009; Rotello, Masson, & Verde, 2008). It is also important to
distinguish resolution from calibration, another type of metacognitive accuracy. Whereas
resolution (or relative metacognitive accuracy) is a measure of the degree to which people can
discriminate the correctness of their own responses, calibration (or absolute metacognitive
accuracy) is the degree to which the units of measurement on a metacognitive scale match
actual performance. Throughout this paper, we only will be examining resolution, because it is
the measure that corresponds to discrimination from SDT
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To understand better how the type-2 SDT framework provides a measure of resolution, refer
to Figure 1. For all SDT tasks, the goal of the observer is to discriminate between trials that
contain only noise (N) and trials that contain a signal-plus-noise (S; Green & Swets, 1966;
Macmillan & Creelman, 2005). To accomplish this task, the observer must adopt a criterion

along a dimension of sensed intensity of the signal, however that dimension might be defined.
In the type-1 SDT case depicted in Figure 1A, this dimension is the sensed intensity of a
stimulus dimension such as “familiarity” if the task is old/new recognition, or “brightness” if it
is a perceptual task. If the sensed intensity of a given trial is at or above the value of the
criterion, the observer will respond “yes, the signal is present,” otherwise “no, the signal is not



present.” For example, in an old/new recognition task, “yes” and “no” responses would
translate into “old” and “new” responses, respectively.

In the model depicted in Figure 1A, the measure of discrimination—shown in the figure as
d=—is an index of the observer’s ability to discriminate between different types of stimulus
trials, whereas the criterion is a measure of an individual’s tendency to respond “yes.” An
individual who frequently responds “yes” would have a criterion to the left of the intersection
point of the two distributions and is said to have a liberal bias. Conversely, someone who is
less willing to responding “yes” would have a criterion shifted to the right of the intersection
point (as in Figure 1A) and is said to have conservative bias.

In a type-1 discrimination task, S and N trials typically are experimenter-determined (e.g., the
experimenter decides which test items are lures vs. targets in recognition memory
experiments). However, in a type-2 discrimination task, it is the observers themselves who
define the S and N trials; in particular, observers must discriminate between their own correct
(S) and incorrect (N) responses. This critical change can alter the nature of the Sand N
distributions and the underlying dimension over which the discrimination is made (Figure 1B).
That is, the S and N distributions are correct and incorrect candidate responses, respectively,
and the dimension is the sensed intensity of correctness. Importantly, these alterations mean
that observers must decide whether there is enough “sensed correctness” to report an answer
and the discrimination index (e.g., d=) in a type-2 task becomes a metacognitive index of
resolution (akin to a confidence-accuracy correlation), rather than a bias-free measure of
accuracy, as with type-1 SDT. Finally, the type-2 criterion is the observer’s tendency to report
an answer. For a more detailed discussion of SDT and how it relates to formula scoring, see
Higham (2007) and Higham and Arnold (2007a, 2007b).

Corrected Versus Raw Scores

Formula scoring originally was introduced to remove error (guessing) variance from the
observed raw score to yield a purer measure of knowledge/aptitude, and thus enhancing the
reliability and validity of the test. However, the SDT framework seriously questions this basic
classical-testing tenet. From the SDT perspective, the corrected score is a highly complex
measure of performance that is influenced not just by knowledge/aptitude but three separable
parameters: (1) knowledge/aptitude - the uncorrected proportion of items on the test that are
correct after all questions have been answered (f), (2) resolution - participants’ ability to
monitor the correctness of their own candidate answers (e.g., d=), and (3) bias - the tendency
to report/assign answers to the “go for points” versus omit/assign them to the “guess”
category. The parameter fis not the raw score (or “number right”) per se, but the raw score
divided by the number of items on the test. For example, an examinee who answers 40 of 50
questions correctly under the number-right scoring system would have a raw score of 40,
whereas f = 40/50 = .80. Thus, f contains the same information as the raw score about
knowledge/aptitude, but it has the advantage that it can be directly compared between tests
of differing length. Further, it is important to note that these three separate parameters are
respectively analogous to the retrieval, monitoring, and control parameters in Koriat and
Goldsmith’s (1996) framework.

From the SDT perspective, any observed difference between the raw score on the one hand
and the corrected score on the other is attributable to imperfect resolution and/or imperfect
criterion set- ting. Students who monitor their knowledge perfectly and who set a criterion at
an optimal level will report all of their correct answers (thus avoiding opportunity costs) and



omit all of their incorrect ones (thus avoiding sunk costs), producing identical raw and
corrected scores. However, even students with perfect monitoring who do not set an optimal
criterion, or students who set a criterion optimally but have imperfect monitoring, will produce
a corrected score that is lower than the raw score. Thus, to the extent that any difference
between the scores is observed, it highlights room for improvement on one, the other, or both
of these performance parameters
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Closing the Gap Between Raw and Corrected Scores: Bias Profiles

In the type-1 SDT domain, much of the research has focused on how participants adjust their
response criterion to maximize performance (e.g., Bisseret, 1981; Cafial-Bruland & Schmidt,
2009; Maddox, 2002; Meissner & Kassin, 2002; Parasuraman, 1985). For example, in
recognition memory research, when targets are strengthened by repeating them during study,
participants tend to adopt a more conservative old/new criterion (e.g., Bruno, Higham &
Perfect, 2009; Stretch & Wixted, 1998). Doing so maximizes accuracy on the test as a whole,
compared with a situation in which the criterion remains static after targets have been
strengthened.

The current article builds on this previous work examining optimal criterion setting in two
ways. First, we examined optimal placement of the type-2 report/omit criterion rather than
the type-1 yes/no criterion (see also Goldsmith & Koriat, 2008; Lueddeke & Higham, 2011).
This distinction may be important because the cues that people rely on to strategically control
their criterion placement may be different when making response-contingent (type-2)




decisions rather than stimulus-contingent (type-1) ones. Second, to fully examine how the
corrected score varies with bias for particular students, we used bias profiles, which were
introduced by Higham (2007; see also Higham & Arnold, 2007a, 2007b; Lueddeke & Higham,
2011). A bias profile is a plot of the corrected score as a function of the number of omitted
responses. A critical feature of a bias profile is that it produces a measure of optimal bias, that
is, the number of items students should omit to achieve their maximum-corrected score. The
mathematical details and calculations for how to generate bias profiles are shown in the
Appendix, but for more detailed discussion we refer readers to Higham (2007); Higham and
Arnold (2007a, 2007b), and Lued- deke and Higham (2011). In short, bias profiles are sensitive
to three factors: (1) resolution (d=), (2) the raw, uncorrected proportion of items correctly
answered (f), and (3) the penalty for incorrect responses (p). These parameters can then be
fixed in the equations and the FAR varied between 0 and 1 to produce values of the corrected
score, which are then plotted against the corresponding omission rate.

Bias profiles are a straightforward extension of some basic SDT principles and are analogous to
the Receiver Operating Characteristic (ROC) curves that are unique to SDT. Some examples of
bias profiles for a two-alternative-forced-choice (2AFC) test with fixed parameters d= (1.25)
and p (1.00), and three levels of f (.50, .70, and .85) are presented in Figure 2. Unsurprisingly,
note that as f increases, so does the corrected score. More interesting, however, is the
observation that as f increases, the proportion of omissions needed to achieve the maximum
possible corrected score de- creases. For example, if f equals .50, examinees should omit 50%
of their responses to achieve a maximum-corrected score of .23 (bottom curve). Conversely, if
fincreases to .85, examinees need only omit 5% of their answers to attain the maximum-
corrected score of .72 (top curve). The d= and p parameters also affect the shape of bias
profiles and optimal bias, sometimes in ways that are somewhat counterintuitive (see Higham
& Arnold, 2007b, for specific examples). Nonetheless, bias profiles provide a means to
determine, for a particular student on a particular test, exactly how many questions should be
omitted so that the maximum-corrected score can be achieved.

If students are setting criteria optimally on an exam, then their actual bias (i.e., the proportion
of answers they actually omit) should match their optimal bias, as calculated by the bias
profile. Higham and Arnold (2007a) tested this relationship between optimal and actual bias
using classroom data; bias profiles were created for each student who wrote three formula-
scored exams (i.e., under “go for points”/“guess” instructions) in an introductory psychology
course. The results demonstrated that, across all three exams, students did not perform at
their optimal bias. Specifically, the overall mean optimal-bias score showed that students
should have omitted 10% of the questions, whereas their mean actual bias revealed that they
were too conservative and omitted 25% of their responses—a phenomenon we refer to as
underconfidence. The term “underconfidence” is also used to describe cases in which rated
confidence underestimates actual performance in calibration research. For example,
participants who rate a group of items as 60% likely to be recalled but who later recall 80% of
them are described as underconfident. However, throughout this study, we use the term to
refer to ultraconservatism, that is, omitting too many answers such that the corrected score
suffers on formula- scored tests. More importantly, the discrepancy Higham and Arnold found
between optimal and actual bias remained almost constant across the three exams, in that
having experience with writing formula-scored exams (and receiving feedback in the form of
corrected scores) did not teach students how to optimize their test-taking strategy and reduce
their omission rate by the final test. Although Higham and Arnold’s (2007a) data support the
idea that guessing in the formula-scoring system is not random and that students




underestimate their knowledge (i.e., by failing to report high-quality responses), there were
some methodological issues that may hamper a clear interpretation of the results. For
example, on all three exams a small bonus (.25) was given for any correct responses that were
omitted and therefore critics may argue that this bonus was an incentive to omit responses,
which resulted in an inflated measure of the actual bias. Similar results have been found when
no bonus was offered for incorrect omissions (Higham, 2007), but it is important to note that,
in general, a bonus for correct omissions is a deviation from the typical formula-scoring
system. Another potential issue that may cloud generalizability from the data is that the
penalty was higher on Test 1 (.50) than both Test 2 and 3 (.33); starting students with a more
severe penalty (i.e., one that is higher than the typical guessing correction) may have pushed
them to be more conservative than they other- wise would have been, although it is not clear
why they would have remained too conservative across all three tests. Regardless, these two
issues, along with the fact that the design was correlational, are important considerations
when trying to reach concrete conclusions from the results. Therefore, the goal of the present
research both was to replicate and to build on the Higham and Arnold findings in an
experimental context.
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Overview of the Experiments

In three experiments, we administered general-knowledge tests and participants completed
each test under the one-pass procedure described above (i.e., answer all questions but assign
each to either a “go for points” or “guess” category). The first overall goal of these
experiments was to replicate in a controlled, experimental context Higham and Arnold’s
(2007a) critical results—namely, that participants are underconfident in their knowledge and
there- fore omit too often. The second aim of the present set of experiments was to extend




the previous research by adding an optimal- bias feedback variable. Although students in
Higham and Arnold’s (2007a) study received feedback in the form of test results (i.e., they
were given their Test 1 and 2 exams to review, along with the correct answers to the
questions), they received no advice regarding test-taking strategy or optimal bias. In contrast,
in Experiment 1 and 2 of the current research, participants received feedback at the end of
each test and subsequently were asked to adjust their criterion setting accordingly.
Specifically, bias profiles were calculated at the end of each test for the participants and they
were then informed of their optimal bias (i.e., the proportion of answers that should be
omitted to achieve the maximum-corrected score); participants were then required to go back
over the test and redistribute their answers between the “go-for-points” (report) and “guess”
(omit) categories until optimal bias was achieved. For example, suppose the optimal bias
computation on a student’s completed test indicated that 10% of the questions should have
been omitted to reach the maximum-corrected score, but 20% were actually omitted. This
participant would be informed of his or her actual bias and required to adjust the “guess”/“go
for points” category assignments until the omission rate was reduced to 10%. Importantly, the
answers themselves could not be changed, only the decision on whether to “guess” or “go for
points.” Thus, if there was any increase in the corrected score that resulted from the
redistribution of answers, we could be sure that it was specifically optimal criterion setting
that was resulting in the corrected-score increase and not answer changing.

Experiment 3 was similar in nature to the first two experiments, but there were two
experimental groups, control and educated. Participants in the control group completed three
tests under formula-scoring instructions, and they received no feedback on their performance
at any point during the experiment. The partic- ipants in the educated group completed the
same three tests, but after finishing Test 2 they were informed of their optimal-bias score from
Test 1 and told to return to their second test and adjust assignment of items to the “go for
points” and “guess” categories accordingly. Participants then were required to write Test 3
with- out further guidance. This methodology was used to explore two important questions.
First, can the optimal bias measure from one test be applied to a subsequent test in order to
improve perfor- mance (i.e., significantly increase the corrected scores on the subsequent test
compared to initial performance)? Second, is there a lasting benefit of feedback in terms of
criterion setting on a third test? That is, after feedback (based on Test 1) has indicated the
appropriate number of answers to omit on Test 2, are students less underconfident on a final
test?

The third aim of the current experiments was to investigate the efficacy of normative advice
given to students that is derived from judgment and decision theory. Budescu and Bar-Hillel
(1993) noted that, for a rational test taker, reporting answers should always equal or increase
the corrected score compared to omitting; that is, there should never be a score advantage for
a test with omissions compared with one without. Indeed, as noted above, a common finding
in the testing literature is that providing “best guesses” to questions for which answers were
originally omitted tends to improve the test score (e.g., Bliss, 1980; Cross & Frary, 1977; Ebel,
1968; Higham, 2007, Experiment 1; Muijtjens et al., 1999; Sax & Collet, 1968; Sherriffs &
Boomer, 1954; Slakter, 1968a, 1968b). Thus, the suggestion seems to be that students should
ignore warnings to omit answers if they are unsure and simply treat formula-scored tests as if
they were number-right tests and never leave a question blank. On the other hand, although
bias profiles sometimes predict that a zero omission rate will maximize the corrected score,
often they have an inverted-U shape such that optimal bias is greater than zero (see Figure 2).
Thus, judgment and decision theory on the one hand and SDT on the other appear to




sometimes give conflicting advice as to how students should behave when writing formula-
scored tests.

To investigate this important matter, we compared corrected scores given at SDT-based
optimal bias with corrected scores at forced report. If the predictions for the rational test taker
from judgment and decision theory are correct, then the forced-report score should be equal
to, or exceed, the score at optimal bias. Conversely, if the inverted U-shaped predictions of
SDT are cor- rect, then the corrected score at optimal bias should exceed that at forced report
(assuming optimal bias is not equal to zero).

Experiment 1

Method

Participants. Twenty-four University of Southampton under- graduates participated in
exchange for £5.

Design and materials. Three general knowledge tests were constructed, each of which
contained 26 true/false (T/F) questions gathered from a variety of sources (e.g., Nelson &
Narens, 1980). Three sets of 26 questions (question set: A, B, and C) were constructed to
counterbalance the items across the tests, which resulted in six between-subjects
counterbalancing conditions. The questions sets were counterbalanced so that each set
appeared equally often across participants in Test 1, 2, or 3. Testing was computerized and the
response screen for each test question in- cluded the following (1) The T/F question (e.g.,
“Omega is the last letter of the Greek alphabet”), (2) separate “Go for points” and “Guess”
columns containing the “True” and “False” response options and corresponding points system
(i.e., “+1/-1” for “Go for points” and “0 points” for “Guess”) and (3) a section to record
confidence in the chosen response on a scale from 1 to 6 (with 1 being least confident and 6
being most confident). For responses assigned to the “Go for points” category, the typical
correction factor (penalty for errors) was applied (i.e., 1/[number of alterna- tives — 1]), which
for a T/F test with two alternatives, was equal to 1.

Procedure. All participants were tested in individual work-

stations. To ensure that participants understood the structure of the tests, they were given a
set of instructions to read before starting Test 1, which were verbally reiterated by the
experimenter. Both the written instructions and the experimenter informed participants that
they had two options when answering a question that would indicate whether or not they
wanted their response to count in the point tally. More specifically, they were informed that if
they believed that they knew the correct answer to a question then they should select the
answer (i.e., click either “True” or “False”) in the “Go for points” column—if they selected the
correct answer they would receive 1 point, but if they gave an incorrect response they would
be penalized 1 point. Alternatively, if they believed that they did not know the correct answer
to a question (i.e., that they were guessing) then they were told to select their True/False
answer in the “Guess” column, in which case no points would be gained or lost. Finally,
participants were told that, regardless of whether they chose to “go for points” or “guess,”
they had to rate their confidence in their chosen response using the scale of 1 to 6. At the end
of each test the experimenter calculated participants’ optimal-bias scores (i.e., the number of



responses they should have omitted to achieve their maximum-corrected score). All partici-
pants were then given optimal-bias feedback. That is, participants were told that their optimal
bias had been calculated for the test, and that they were restricted to this number. If this value
differed from actual bias, they were required to redistribute their answers between the
“Guess” and “Go for points” columns. Specifically, if there were too many items in the “Guess”
column (i.e., optimal bias < actual bias), then they should choose answers that were likely to
be correct from that category to move to the “Go for points” category. However, if there were
too many items in the “Go for points” category (i.e., optimal bias > actual bias) then they
should choose answers that were likely to be incorrect from that category to move to the
“Guess” category. Additionally, partici- pants were told that they were not permitted to make
any changes to their actual responses or their confidence ratings. Once partic- ipants had the
required amount of responses placed in the “Guess” and “Go for points” columns (i.e., had
achieved their optimal bias) they were allowed to move on to the next test.

Results and Discussion

Corrected-score differences. There are four different types of corrected scores that are of
interest: (1) the highest corrected score that was theoretically possible, as determined by bias
profiles (maximum-corrected score), (2) the observed corrected score for a formula-scored
exam (corrected score), (3) the observed corrected score after participants were instructed to
redistribute their answers between the “go for points” and “guess” categories to reach optimal
bias (corrected-feedback score), and (4) the observed corrected score that would be achieved if
participants were in- structed to report all answers (corrected-forced score). Overall, if the
current data replicate the previous findings (Higham & Arnold, 2007a), then the mean
corrected score will be significantly lower than the maximum-corrected score. Further, if the
feedback ma- nipulation was successful then the corrected-feedback score should be higher
than the corrected score. However, even if optimal-bias feedback produces a higher corrected
score, a critic may argue that this increase came about because students simply answered
more questions and that the better/easier strategy to teach participants is that they should
never omit responses; that is, it is possible that having participants report all responses would
have been just as effective (or more effective) than having them perform at optimal bias
(Budescu & Bar-Hillel, 1993). Therefore, if there is a signif- icant increase in corrected scores
attributable to optimal-bias feed- back, it is important to demonstrate that this increase is
higher than if the participants had been given the easier strategy of reporting all answers (i.e.,
corrected-feedback > corrected-forced).

The four different corrected scores across the three tests are presented in Table 2. A 4 (score:
maximum-corrected, corrected, corrected-feedback, corrected-forced) x 3 (test: Test 1, Test 2,
Test 3) repeated-measures ANOVA demonstrated a main effect of score, F(3, 69) = 19.19, MSE
=.003, h?= .46, p < .001,,but no

main effect of test and no interaction between test and score, Fs < 1.06, ps >.39. Planned
follow-up comparisons showed that the maximum-corrected score (M = .50, SEM = .02) was
significantly higher than the corrected score (M = .43, SEM = .02), t(23) = 8.36, p < .001, the
corrected-feedback score (M = .48, SEM =

.03), t(23) = 4.27, p < .001, and the corrected-forced score (M =



.45, SEM = .03), t(23) = 5.80, p < .001. Importantly, the corrected-feedback score was
significantly greater than both the corrected score, t(23) = 4.54, p < .001, and the corrected-
forced score, t(23) = 2.52, p = .02. There was no difference between the corrected score and
the corrected-forced score, t(23) = 1.38, p =

.18.

Resolution. The proportions of correct versus incorrect re- sponses that were reported
correspond to the type-2 SDT HR versus FAR, respectively, which can be used to index relative
monitoring accuracy or resolution. Specifically, if the difference between these rates is high,
participants are using the report option to successfully monitor the accuracy of their own
responses. Con- versely, if the difference is low, their resolution is poor. To investigate
resolution, a 2 (feedback: before, after) x 2 (response: HR, FAR) x 3 (test: Test 1, Test 2, Test 3)
within-subjects ANOVA was performed on the proportion of responses placed in the “go for
points” column (see Table 3 for the means). There was a main effect both for feedback, F(1,
23) =72.74, MSE = .05, h? = .76, p < .001, and response, F(1, 18) = 56.82, MSE = .07,

p
h%?=.71, p <.001. The main effect of feedback arose because

participants were underconfident prefeedback (i.e., too conserva- tive); the HRs and FARs
were lower before (M = .61, SEM = .03) than after (M = .83, SEM = .02) the feedback was
provided across all three tests. As anticipated, the main effect of response occurred because
the HR (M = .84, SEM = .01) was higher than the FAR rate (M = .60, SEM = .03), showing that
resolution was reason- ably good. Of more interest, though, was an interaction between
feedback and response, F(1, 23) = 33.28, MISE = .01, h? =.59, p < .001, which occurred because
the difference between pre- and postfeedback for the HRs versus the FARs showed that
feedback led to a larger increase in the FAR (Mdiff = .28, SEM = .03) than the HR (Mdiff = .16,
SEM = .02). No other main effect or interactions were significant, Fs < 1.93, ps > .16.

Optimal versus actual bias. Bias profiles were created for each participant for the three tests,
and optimal and actual bias are reported in Table 4. Optimal and actual bias reflect the
proportions of items that should have been omitted (according to the bias profiles), and that
actually were omitted (before feedback), respec- tively. These data were analyzed in a 2 (bias
type: optimal, actual) x 3 (test: Test 1, Test 2, Test 3) within-subjects ANOVA. The analysis
revealed a main effect of bias type, F(1, 23) = 82.90, MSE = .02, h 2= .78, p < .001, which arose
because participants were too conservative in their respondipg; that is, actual bias (M =.32,
SEM = .02) was significantly higher than optimal bias (M =.12, SEM = .02). There was no main
effect of test and no interaction between test and bias type, Fs < 1.34, ps > .26.

Confidence ratings. The mean confidence ratings across the three tests are shown in Table 5. A
2 (response: correct, incorrect) x 2 (report decision: go for points, guess) x 3 (test: Test 1, Test
2, Test 3) within-subjects ANOVA was conducted on the mean ratings. Thpe results showed
main effects of response, F(1, 15) = 38.53, MSE = .29, h? =.72, p < .001, and report decision,
F(1, 15) = 122.45, MSE = 1.90, h? = .89, p < .001. The main effects of response and report
decision occurred because, as expected, participants assigned higher confidence ratings to
correct (M = 3.65, SEM = .17) than incorrect (M = 3.17, SEM = .20) items, and to items placed in
the “go for points” (M = 4.51, SEM = .20) than “guess” (M = 2.30, SEM = .21) column. There
also was an interaction between response and report decision, F(1, 15) = 26.18, MSE = .32, h ?
= .64, p < .001; the difference in confidence ratings between correct and incorrect responses
was larger for items placed in the “go for points” column (Mgt = .90, SEM = .14) than for items



placed in the “guess” column (Mdiff = .07, SEM = .07). There was no main effect of test, and no
other interactions were significant, all Fs < 1.10, ps > .35.

Summary. The results from Experiment 1 replicated Higham and Arnold’s (2007a) key findings
that individuals tend to be underconfident in their level of knowledge when answering
formula-scored tests, and that overall they adopt a criterion that is too conservative (e.g.,
maximum-corrected score > corrected score; see also Budescu & Bar-Hillel, 1993; Koriat &
Goldsmith, 1996). These finding were obtained despite the change in the nature of the test
from 4AFC used in Higham and Arnold’s research to the T/F format used here. Further, the
confidence data demonstrated that self-reported confidence was a predictor of accuracy for
the reported items: Correct reported answers were given a significantly higher confidence
rating than incorrect re- ported answers.

The present study also showed that providing feedback about optimal bias and instructing
participants to distribute their answers between the “Go for points” and “Guess” categories
accordingly led to a significant improvement in their test scores. Interestingly, the resolution
data demonstrated that the optimal-bias feedback led to a higher increase in the FAR than the
HR, which may suggest one reason why examinees tend to be too conservative; specifically,
they may have some intuition that responding at optimal bias rather than at their prefeedback
bias had forced them to report a considerably larger proportion of their errors (i.e., they are
particularly sensitive to their FAR). Despite the large effect of feedback on the FAR,
participants moved more correct answers (M = 2.99, SEM = .37) than incorrect answers (M =
1.85, SEM = .27) to the “go for points” category in response to optimal-bias feedback, which
explains why their corrected score increased.

Although participants moved more correct answer to the “go for points” category in response
to optimal-bias feedback, the careful reader may wonder how participants’ corrected score
could in- crease after redistributing their responses in response to optimal- bias feedback if the
redistribution caused a greater increase to the FAR than the HR; should that not mean that the
penalty would overshadow any points gained, leading to a reduction of the corrected score
rather than an increase? The reason that there is an increase in the corrected score highlights
again how the corrected score is a complex measure made up of several components; in
particular, because fis above .50, a change to the b frequency in Table 1 (false alarms) will
have a greater impact on the FAR (b/[b + d]) than a comparable or even larger change to the a
frequency (hits) will have on the HR (a/[a + c]). In other words, because there are fewer
incorrect (b + d) than correct (a + c¢) responses, the FAR is more susceptible to change than the
HR.




Table 2
T\ Mezam Moacimum-Corrected (MUCS), Corrected, Corrected-Feedback (Corrected-Feed), and
Corrected-Forced Scores Across the General Knowledge Tests i Experiments 1, 2, and 2

Seore typs
Tast WGCE. Comected Comrected-Epad, Corracted-Egprad,
Experimeant 1
Test 1 31004 A5 (04 470 A4 {0
Test 2 A9003) AL (05 A6 (03) A5003)
Test 3 S1003) A5 (05 003y AT
Total 00002y A3 002 4B (03) 45003
Experimant 2
Fegular-instructions group
Tast 1 S0 50004 SR 560
Tast 2 S58(03) 33004 SEC 32005
Tazt 3 B5(03 57004 B4 05 B3005)
Total B1004) B304 A0 AT
Enhanced-mstuctions group
Tazt 1 83004 ST 004 64 (04 630
Tazt 2 B4 00 ST004 RETHICY] BL1E0E)
Tazt 3 ST 004 5605 S3005)
Total B1004 55005 RANHICY] 900
Experimeant 3
Control group
Tazt 1 B1003) 55005 S9E0E
Tast 2 £2003) 55005 003
Tazt 3 B2003) 56005 A0 03)
Total B2002 S5005) 00T
Educated group
Tast 1 £2005) S5005) A1
Tast 2 600(03) 33005 B0 9003
Tazt 3 B1005) 55005 SR
Todal B1002) 55(05) 9000

Note. Standard srrors of the mean are in parentheses.

“BACS is the hizhest comected score theoretically possible, a5 determined by bias profiles. " The corrected score
1z computed based on the HEs and FAR: produced befors faedback [1e., HE — FAR whare FAR reprezentz the
false alarm rate]. ° The comected-feed score iz the comrected score that 1= computed based on the HEs and FAR:
produced gfter feadback [1.e, after parficipants have been mformed of their opfimal izs and asked to change
their “go for point"/ guss=" assizmments accordingly; ie, HR — FAR]. " Corected-forced scoreisthe corrected
seore that would be achieved if participants weare told to repert all answears 1.2, [[H + M) — (FA + CE))'n,
where 1 equals the number of test fems)].

underconfident in their level of knowledge when answering formula-scored tests, and that
overall they adopt a criterion that is too conservative (e.g., maximum-corrected score >
corrected score; see also Budescu & Bar-Hillel, 1993; Koriat & Goldsmith, 1996). These finding
were obtained despite the change in the nature of the test from 4AFC used in Higham and
Arnold’s research to the T/F format used here. Further, the confidence data demonstrated that
self-reported confidence was a predictor of accuracy for the reported items: Correct reported
answers were given a significantly higher confidence rating than incorrect re- ported answers.

The present study also showed that providing feedback about optimal bias and instructing
participants to distribute their answers between the “Go for points” and “Guess” categories
accordingly led to a significant improvement in their test scores. Interestingly, the resolution
data demonstrated that the optimal-bias feedback led to a higher increase in the FAR than the
HR, which may suggest one reason why examinees tend to be too conservative; specifically,
they may have some intuition that responding at optimal bias rather than at their prefeedback
bias had forced them to report a considerably larger proportion of their errors (i.e., they are
particularly sensitive to their FAR). Despite the large effect of feedback on the FAR,
participants moved more correct answers (M = 2.99, SEM = .37) than incorrect answers (M =



1.85, SEM = .27) to the “go for points” category in response to optimal-bias feedback, which
explains why their corrected score increased.

Although participants moved more correct answer to the “go for points” category in response
to optimal-bias feedback, the careful reader may wonder how participants’ corrected score
could in- crease after redistributing their responses in response to optimal- bias feedback if the
redistribution caused a greater increase to the FAR than the HR; should that not mean that the
penalty would overshadow any points gained, leading to a reduction of the corrected score
rather than an increase? The reason that there is an increase in the corrected score highlights
again how the corrected score is a complex measure made up of several components; in
particular, because fis above .50, a change to the b frequency in Table 1 (false alarms) will
have a greater impact on the FAR (b/[b + d]) than a comparable or even larger change to the a
frequency (hits) will have on the HR (a/[a + c]). In other words, because there are fewer
incorrect (b + d) than correct (a + c) responses, the FAR is more susceptible to change than the
HR.

Table 3
Mean Hit Rates (HRs) and False Alavm Rates (FARs) Pre- end Posi-Feedback i Experiments I,
2, and 3

EDT meazurs and feedback stafus
Test HE Bafars, HE After FAR. Before FAE/ Aftar
Experimant 1
Test 1 70 0102y 3905 6% (.08)
Test 2 4003 83 0.02) 50 {08) B0 0
Test 3 9003 82002 A9 .08) 4005
Total JT0 82001 A5 (0 A Y
Experimant 2
Fagular-mstructions group
Tes=t 1 JT9003) 85023 10T 83 (.08)
Tast 2 20 003) B2 002) 31 (08) 63 (.08)
Teazt 3 A2 (03) B3003) 52{08) 34 (.08
Total 20002 B3002) A5 (0 77 (043
Enhanced-metructions group
Tazt 1 21003 06 (.01 47 (0T JTE (D)
Tazt 2 2003 06 02) AR {08) 5008
Tazt 3 22003 82003) 52{08) B8 (.06
Total 2003 85001 490 J500%
Expermment 3
Educated zroup
Tazt 2 AT 66 (02) 12001 2502

Nore.  Standard errors of the mean are m parentheses.

" HE. Before = proportion of correct answers that ware reported before feedback; HE After = proportion of
correct items that wera reported after feedback; FAR. Before = proportion of incormrect items that were reported
before feedback; FAR/After = proportion of incorrect tems that were reported after feadback.

Most importantly, though, the data demonstrated that participants’ corrected score at optimal
bias (corrected-feedback) also exceeded their corrected score at forced report (corrected-
forced). This finding counters claims in the literature that students writing formula-scored tests
should simply be instructed to answer all the questions (e.g., Budescu & Bar-Hillel, 1993).

Instead, there is sometimes an optimal level of omissions that is above zero as the SDT model
predicts. In Experiment 2, we examine whether these results extend to tests with two plausible
alternatives, or whether they are unique to T/F tests.



Experiment 2

Although optimal-bias feedback led to higher scores on each general knowledge test in
Experiment 1, there was no tendency for participants to home in on optimal bias with
repeated testing. That is, by the final test, participants were still too conservative and were no
closer to performing at optimal bias than they had been on Test 1. However, it is possible that
the nature of the tests them- selves (i.e., T/F questions) limited the benefit of the optimal-bias
feedback; for example, research has shown that performance on T/F tests tends to be
significantly lower than two-alternative- forced-choice (2AFC) tests (Jang, Wixted, & Huber,
2009). One limitation of T/F questions is that, in situations where individuals do not know the
answer, they cannot use the alternatives (i.e., “true” and “false”) to infer the correct response,
and therefore they may believe that it is best to remain with a conservative responding
strategy. However, when the questions have two informative alternatives rather than just
“true” and “false,” the alternatives them- selves may provide partial knowledge that can be
used to infer the correct response. For example, participants may not know the answer to the
question “What is the last letter of the Greek alphabet?” but if they were given the two
possible alternatives of “Omega” and “Beta” they may remember that “Beta” is the second
letter of the alphabet and thus infer that the correct response must be “Omega.”

To explore whether the T/F question format hindered the effectiveness of the optimal-bias
feedback (such that learning across tests was limited), the T/F statements from Experiment 1
were amended in Experiment 2 such that they were questions with two alternatives. Further,
to increase the chances of finding an overall effect of feedback on bias (i.e., a reduction
between actual and optimal bias by the final test), half of the participants were given
enhanced optimal-bias feedback regarding how performing at optimal bias would have a
beneficial effect on their test scores. In particular, in an effort to boost their motivation to take
the feed- back seriously, participants in the enhanced-instructions group were shown the score
that they could achieve by redistributing their answers between the “go-for-points” and
“guess” categories.

Method

Participants. Forty-eight University of Southampton under- graduates participated in exchange
for a £5 payment.

Design and materials. The T/F statements from Experiment 1 were edited so that they were
questions with two alternative answers (e.g., “What is the last letter of the Greek alphabet?”
with “Omega” and “Beta” as the correct and incorrect alternatives, respectively). Additional
general-knowledge questions, also edited so that they had two-alternatives, were taken from
various sources (e.g., Nelson & Narens, 1980). All three tests contained 20 questions, and
question sets were constructed to counterbalance items




Table 4
Mean Optimal Bias and Actual Bias (ie., Proportion of
Omissions) Across the General Knowledge Tests in Experiments

i, 2 and 3
Bia= type
Tt Optimal bz Aptual bias
Expermment 1
Teat 1 1403 34003
Test 2 A0 (02 J33(03)
Test 3 A3 (03) 2803y
Total 12003 52002
Experiment 2
Fegular-mstuctions group
Teat | 0% (UL 23 (03)
Test 2 & (03) 26 (03)
Test 3 08 03) 21 ¢03)
Total A1 002 24 (03)
Enhanced-instrocthions group
Test | U6 U2 26 (U4
Test 2 08 (03 24 (03)
Test 3 13 (.03) 26 (.03)
Total 0802 25 (.03)
Experiment 3
Confrol zroup
Tazt 1 20020 27 (03)
Tast 2 AR (02) 26(.03)
Tazt 3 A0 (02 26(.03)
Total 10013 26 (03)
Educated group
last 1 AL W)
Tazt 2 D& 020 3003y
Tast 3 002 24 (03)
Total 08010 2B (03)

Note. Standard emrors of the mezn are m parentheses.

across the tests, which resulted in each set appearing on each test equally often across
participants. Finally, presentation of the questions and tests was identical to Experiment 1
except for three key changes: (1) each question was presented with the correct answer and a
plausible foil (randomly assigned to the left or right column on the screen) instead of “true”
and “false,” (2) participants were required to report confidence from 50% (no confidence) to
100% (very confident), a confidence scale (unlike the 1- 6 scale used in Experiment 1) that
incorporated a blind-guessing baseline, and (3) participants were assigned randomly to one of
the two between- subjects conditions of the experiment: regular-instructions or enhanced-
instructions. As in Experiment 1, for responses assigned to the “Go for points” category, the
typical correction factor (penalty for errors) was applied (i.e., 1/[number of alternatives — 1]),
which for a test with two alternatives, was equal to 1.



Procedure. Participants in the regular-instructions group received the same feedback and
information as participants in Experiment 1. However, participants in the enhanced-
instructions group were given additional feedback and instructions at the end of each test.
Specifically, all participants received the same optimal- bias feedback from Experiment 1, but
participants in the enhanced- instructions group were also given information regarding
maximum-corrected score; that is, after receiving the optimal-bias feedback based on their
performance, the enhanced-instructions group were also shown their predicted maximum-
corrected score (i.e., the corrected score they would theoretically obtain if they performed at
optimal bias) and were told that they could achieve this score if they correctly adjusted their
“go-for-points” versus “guess” assignments.

Results and Discussion

Corrected-score differences. The four different corrected scores across the three tests are
presented in Table 2. A 2 (group: regular, enhanced) x 3 (test: Test 1, Test 2, Test 3) x 4 (score:
maximum-corrected, corrected, corrected-feedback, corrected- forced) repeated-measures
ANOVA demonstrated a main effect of score, F(3, 132) = 34.21, MSE = .004, h? = .44. The
planned follow-up comparisons showed that the maximum-corrected score (M = .61, SEM =
.03) was significantly higher than the corrected score (M = .54, SEM = .02), t(45) =7.23, p <
.001, and the corrected-forced score (M = .58, SEM = .03), t(45) = 4.79, p < .001, but not the
corrected-feedback score (M = .61, SEM = .03), t(45) = .65, p = .52. As in Experiment 1, the
corrected-feedback score was significantly greater than both the corrected score, t(45) = 8.31,
p < .001, and the corrected-forced score, t(45) = 4.63, p < .001. Finally, the corrected-forced
score also was higher than the corrected score, t(45) = 4.31, p < .001.

There was an interaction between group and test, F(2, 88) = 5.30, MISE = .06, h? = .11, which
occurred because there was no difference in the test scores for the regular-instructions

group, | t]|s £ 1.86, ps = .08, but there was a difference for the enhanced- instructions group.
Specifically, the scores in the enhanced- instructions group were lower on Test 3 (M = .54, SEM
=.04) than on either Test 1 (M = .62, SEM = .03), t(23) = 2.22, p = .02, or Test 2 (M = .61, SEM =
.04), t(23) = 2.11, p = .05. One potential interpretation of the lower scores on Test 3 for the
enhanced-instructions group is that the added instructions—that is, providing participants with
information regarding their maximum- corrected score—negatively impacted their
performance. How- ever, inspection of the means for the educated group in Table 2 indicates
that, although scores were lower on Test 3, the pattern of the scores is similar to Test 1 and
Test 2 (e.g., corrected-feed- back > corrected-forced). Indeed, it appears that the participants
in the educated group had a more difficult time overall with Test 3 than the control group (i.e.,
the corrected-forced score on Test 3, which removes the strategic regulation component, is
lower than on Test 1 or Test 2), but that the pattern of their scores on Test 3 replicates the
pattern of their previous two tests. There were no other main effects or interactions, Fs < 1.32,
ps 2 .24.

Resolution. To investigate resolution, a 2 (feedback: before, after) x 2 (response: HR, FAR) x 3
(test: Test 1, Test 2, Test 3) within-subjects ANOVA was performed on the proportion of
responses placed in the “go for points” column (see Table 3 for the means). There was a main
effect both for feedback, F(1, 45) = 86.63, MSE = .07, h? = .65, p < .001, and response, F(1, 45) =

P
201.71, MSE = .05, h? = .82, p < .001. The main effect of feedback arose because participants
were too conservative pre- feedback; the HRs and FARs were lower before (M = .64, SEM =



.02) than after (M = .85, SEM = .02) the feedback was provided. As expected, the main effect of
response occurred because the HR (M = .87, SEM = .01) was higher than the FAR rate (M = .61,
SEM = .02), showing that resolution was reasonably good. As in Experiment 1, there also was
an interaction between feedback and

Table 5
Meam Confidence Ratings for Correct and Incorrect Items Placed in the “Go for Points™ and
“Guess”™ Columms in Experiments i, 2, and 3

Apccuracy and decizion

Test Correct Bonts.. Correct/Guess Incorract Points Incorract/ Guess
Experiment 1
Test 1 498 (1) 226 (24) 392 (24) 2,14 (20)
Test 2 50117 244 (23) 423030y 227(22)
Test 3 4.80 (22) 232(23) 404 {32) 2.400(28)
Total 4.96 (18) 234 (22) 406 (24 227(2D)

Experiment 2
Regular-instructions group

Test 1 3734310 5908 (343 T0.21(3.0%) 31192598
Tast 2 86.25 20T 5906 (3.34) 70.70 (431) 5740 (3.03)
Test 3 3264 (104 B85 (3.100 6741433 5708 (349
Total 354121% 59.0003.10 6544 (4.17T) 3122 (2ED)
Enhanced-mstructions group
Test 1 BET2(33D) 5738 (3.6T) TT98 (334) 3464 (319
Tast 2 9338 (222) F5.1043.5T) 30.71 (4.61) 3560357
Tast 3 9412 (2.08) 5433330 3107 (469 36.14 (3.73)
Total 9214228 35.60(3.32) 75.92 (4.46) 3546 (3.000
Expermment 3
Control group .
Test 1 454 (1%) 183 (14) 3.59(26) L0 (12)
Test 2 503 (13) 197 (18) 3.90(24) 1.80 (.14
Tast 3 526 (1% 1.3 (22) 401 {27 1.81 (18)
Total 5.07 (108) 1.B9 (16) 3.83(13) L7 (14)
Educated zroup
Test 1 493 (1) 17201%) 3.74(23) 1.6% (11}
Tast 2 504 (12 177 (16) 3.66 (22) L7013
Test 3 490(1%) 20202 3.91(24) 170 (16)
Total 496 (108) 1.B4(14) 37720 170 (12)

Note. Standard emer of the means are in parentheses.
* ComectPoints = comect answars that were reported; Correct/Gueszz = correct answers that were cumtted;
IncomectPoints = mecorrect answers that were reported; Incomrect/Guess = meorrect answers that were omitted.

response, F(1, 45) = 26.545 MSE = .03, h? = .37, p < .001, which occurred because the difference
between pre- and postfeedback for the HRs versus FARs showed that feedback led to a larger
increase in the FAR (Mdiff = .28, SEM = .04) than the HR (Mdiff = .13, SEM = .01). No other
main effect or interactions were significant, Fs < 2.09, ps > .13.

Optimal versus actual bias. Bias profiles were created for each group of participants for the
three tests, and optimal and actual bias are reported in Table 4. These data were analyzed in a
2 (bias type: optimal, actual) x 2 (group: regular, enhanced) x 3 (test: Test 1, Test 2, Test 3)
mixed ANOVA, with group as the between-subjects factor. The analysis revealed a main effect
of bias type, F(1, 46) = 78.60, MSE = .02, h? = .63, p < .001, and an interaction between test and
group, F(2,92) =5.23, MSE’= .01, h*= .10, p =.01. No other main effect or interaction was
significant, Fs < 2.30, ps > .11.

The main effect of bias type arose because participants were too conservative in their
responding; across all three tests, actual bias (M = .24, SEM = .02) was significantly higher than
optimal bias (M = .10, SEM = .01). Follow-up t tests for the test by group interaction
demonstrated that there was a different pattern of average bias scores between Test 2 and 3



for the regular- and enhanced-instructions groups; that is, the bias scores in the regular- p
instructions group were higher on Test 2 (M = .21, SEM = .03) than on Test 3 (M = .15, SEM =
.02), t(23) = 2.07, p = .05, whereas the reverse pattern was observed in the enhanced;
instructions group (Test 2: M = .16, SEM = .02; Test 3: M = .19, SEM = .02), t(23) = 2.52, p = .02.
The average bias scores also were lower on Test 1 (M = .16, SEM = .02) than Test 3 for the
enhanced-instructions group, t(23) = 2.45, p = .02 but the com- parable difference in the
regular-instructions group was not significant, t(23) = .49, p = .63. No other significant
differences were found from the follow-up comparisons, |t|s < 1.94, ps = .07. Confidence
ratings. The group variable (regular vs. enhanced) was not included in the analysis because of
insufficient sample size. Specifically, not all participants had H, M, FA, and CR responses in
every test, which is not an issue for the preceding analyses (e.g., a FAR of 0 simply means the
corrected score is equal to the HR), but does lead to problems for analyzing confidence if both
group and test are included as variables. Therefore, only participants who contributed data to
all cells across the three tests were included in the analysis, which reduced the group size to
eight participants in the regular-instructions condition and seven participants in the enhanced-
instructions condition. The mean confidence ratings for both groups are shown in Table 5. A 2
(response: correct, incorrect) x 2 (report decision: go for points, guess) x 3 (test: Test 1, Test 2,
Test 3) mixed ANOVA was conducted on the mean ratings. The results showed main effects of
response, F(1, 14) = 46.57, MSE = 56.06, h* = .77, p < .001, and report decision, F(1, 14) = 91.79,
MSE = 265.08, h? = .87, p <.001, but not of test, F < 1. The main effects of response and report
decision occurred because, as expected, participants as- signed higher confidence ratings to
correct (M =72.98, SEM = 1.59) than incorrect (M = 65.37, SEM = 2.18) responses, and to
responses placed in the “go for points” (M = 81.44, SEM = 2.36) than “guess” (M =56.91, SEM
= 2.09) column. There also was an interaction between response and report decision, F(1, 14) =
29.42, MISE = 66.69, h? = .68, p < .001, which arose because the difference in confidence ratings
between correct and incorrect responses was larger for items placed in the “go for points”
column (Mdiff = 14.22, SEM = 2.24) than for the items placed in the “guess” column (Mdiff =
1.01, SEM = .67). No other interactions were significant, all Fs < 1.

Summary. The results from Experiment 2 replicated the pat- terns found in Experiment 1;
specifically, participants were under- confident in their knowledge and, although optimal-bias
feedback and answer redistribution improved performance on every test, there was no strong
reliable reduction between actual and optimal bias by the third general knowledge test.
Further, the confidence data again showed that participants’ self-reported confidence was a
predictor of accuracy for the reported items; that is, correct reported answers were given a
significantly higher confidence rating than incorrect reported answers. Additionally, the
resolution data demonstrated that the optimal-bias feedback led to a higher increase in the
FAR than the HR. Again though, the frequency data showed that participants did move more
correct answers (M = 2.16, SEM = .21) than incorrect answers (M = .88, SEM = .13) to the “go
for points” category after receiving optimal-bias feed- back.

Importantly, as in the previous experiment, the data from Experiment 2 demonstrated that
performance at optimal bias led to a significantly higher corrected test score than if
participants simply had been told to report all answers (corrected-feedback > corrected-
forced). However, enhancing the optimal-bias feedback to include information regarding
maximum-corrected score (i.e., the enhanced-instructions condition) did not significantly
improve performance over the regular feedback. Further, switching from the T/F format used
in Experiment 1 to two-alternatives in the present experiment had almost no impact on the
data patterns. For example, the optimal-bias feedback was not more effective for long-term



learning with two-alternative questions than T/F questions: As in Experiment 1, participants’
actual bias was no closer to their optimal bias by the final test.

Indeed, the only small difference in the data for the present study compared to Experiment 1
was that the maximum-corrected score was not significantly higher than the corrected-
feedback score. This difference likely was due to the change in the question format, as
previous research has found that accuracy tends to be lower with T/F questions (e.g., Jang et
al., 2009), and Table 3 suggests that participants in Experiment 1 may have had more difficulty
with resolution (i.e., a smaller difference between the HR and FAR in Experiment 1 compared
to Experiment 2). Specifically, there is less information in the T/F answer choices than the two-
alternatives answer choices to make the decision on which items to move over from the
“guess” column to conform to the optimal-bias feedback. This lack of information may have
affected participants’ motivation to perform the task as requested in Experiment 1, potentially
introducing a random component to their decisions and causing the corrected-feedback score
to fall short of the maximum-corrected score.

Experiment 3

In both Experiment 1 and 2 participants were required to apply what they had been told about
their optimal bias to the test on which it had been computed; that is, on each test their
optimal bias was calculated and subsequently they were required to review the same test and
adjust the number of responses in the go-for-points/ guess columns accordingly. Experiment 3
was designed to test the efficacy of feedback when optimal-bias scores from an initial test are
applied to performance on a different test.

There are two main reasons why it is important to explore whether optimal-bias feedback
transfers to different tests. First, it is possible that no overall reduction in actual bias from the
first to final general knowledge test was found in Experiments 1 and 2 because participants
may not have understood that the optimal-bias score on each test was telling them something
about their general responding strategies. More specifically, because feedback was given on a
test-by-test basis, participants may not have sufficiently internalized that overall they were too
conservative (i.e., that independent of any given test, they “guess” too many items). By having
participants use previous test performance to adjust their criterion on a current test, the
generality of the problem may become more apparent.

Second, using optimal-bias feedback to improve performance is less effective if the feedback
does not transfer across different tests. That is, individuals who want to improve their
performance on standardized tests such as the SAT Reasoning Test will need to complete the
training before taking the actual test itself, and therefore the benefit from this training needs
to carry-over from practice tests. Because large-scale, formula-scored tests such as the SAT
Reasoning Test have multiple alternatives rather than just two as in Experiments 1 and 2,
multiple-choice questions with four alternatives were used in Experiment 3. Presenting
multiple alter- natives per question also allowed us to more directly compare the current
results obtained in a controlled experimental context to Higham and Arnold’s (2007a)
classroom data.




Method

Participants. Forty-eight University of Southampton under- graduates participated in exchange
for course credit in an introductory psychology course or a £5 payment.

Design and materials. The three general knowledge tests contained questions used in
Experiment 1 and 2; there were 50 questions on both Test 1 and Test 2, and 35 questions on
Test 3. As in Experiment 2, the third test contained a different number of questions to
dissuade students from simply mimicking postfeed- back performance (i.e., “guessing” the
same number of times on Test 3 as on Test 2 that received the optimal-bias feedback).

Each question was presented with four possible alternatives, which consisted of the correct
answer plus three plausible incorrect responses. Unlike the previous two experiments,
participants in this experiment were given paper/pencil tests instead of answering the
questions on a computer. The answer sheet for the test questions included the following (1) a
section containing the four possible response alternatives (labeled a, b, ¢, and d), (2) a section

with two separate columns to reflect the point system, with one column designated “Go for
points” and the other column designated “Guess,” and (3) a column to record confidence in
the chosen response on a scale from 1 to 6 (with 1 being least confident and 6 being most
confident). For responses assigned to the “Go for points” category, the typical correction
factor (penalty for errors) was applied (i.e., 1/[number of alternatives — 1]), which for a test
with four alternatives, was equal to 0.33. For each response category, the points gained or lost
for correct and incorrect answers was indicated on the answer sheet (i.e., “+1/—0.33” for “Go
for points” and “0 points” for “Guess”).

Three sets of 50 questions (question set: A, B, and C) were constructed to counterbalance the
items across the tests. To create the 35 question set versions for Test 3, 15 questions from
each set were deleted randomly, and the same 15 items from each set were always omitted
from Test 3. The questions sets were counterbalanced so that each set appeared equally often
across participants in Test 1, 2, or 3. Participants were assigned randomly to one of the two
between-subjects conditions of the experiment; control or educated. All participants
completed the three general knowledge tests, and the only difference between the two groups
was the content of the instructions given on Test 2.

Procedure. Participants were tested individually or in groups of no more than three people. To
ensure that participants under- stood the structure of the tests, they were given a set of
instructions to read prior to starting Test 1, which were verbally reiterated by the
experimenter. Both the written instructions and the experimenter informed the participants
that they had two options when answering a question; that is, after circling a response on the
test sheet they had to choose whether or not they wanted that response to count in the point
tally. More specifically, they were informed that if they believed that they knew the correct
answer to a question then they should mark the “Go for points” column—if they circled the
correct answer they would receive 1 point, but if they gave an incorrect response they would
be penalized .33 points. Alternatively, if they believed that they did not know the correct
answer to a question (i.e., that they were guessing) then they were told to mark the “Guess”
column, in which case no points would be gained or lost. Finally, participants were told that,
regardless of whether they chose to “go for points” or “guess,” they had to rate their
confidence in their chosen response using the scale of 1 to 6.



At the end of Test 1 all participants were given a 6-minute embedded figures task. This filler
task allowed the experimenter to score the first test and compute each participant’s optimal-
bias score (i.e., the number of responses that they should have placed in the “guess” column
to achieve the maximum-corrected score). Test 2 was administered after the embedded
figures task, and all participants were given the same instructions as Test 1. After completing
Test 2 the participants in the control condition were given Test 3, with the only added
instruction that this test contained 35 instead of 50 questions. Conversely, participants in the
educated group were given optimal-bias feedback. That is, the educated group was told that
their optimal-bias scores had been calculated on Test 1 and that they were restricted to this
number on Test 2; therefore, if performance was not at optimal bias, they were required to go
back over the items on Test 2 that they had placed in the “guess” and “go for points” column
and redistribute them accordingly. As in the previous experiments, the participants were told
that they were not allowed to make any changes to their actual responses or their confidence
ratings. Once participants in the educated condition had the required amount of responses
placed in the “Guess” and “Go for points” columns (i.e., had achieved their Test 1 optimal bias)
they were allowed to move on to Test 3.

Results

Preliminary analyses. Because we used performance on Test 1, which used one question set,
to guide performance on Test 2, which used a different question set, it was important to
demonstrate similar levels of optimal bias between the three question sets. A 2 (test: Test 1,
Test 2) x 6 (set/order: AB, AC, BA, BC, CA, CB) mixed ANOVA was performed on the optimal-
bias scores, with set/order as the between-subjects variable. If optimal bias varied
systematically between question sets, this variation would emerge from this analysis as an
interaction between test and set/order. There were no main effects of test, F< 1, or set/order,
F(5, 61) = 2.15, p = .07. More importantly, there was no inter- action between test and
set/order, F(5, 61) = 1.88, p = .11.

Corrected-score differences. The different corrected scores across the three tests are
presented in Table 2. Unlike previous experiments, the first analysis excluded the corrected-
feedback score because feedback was only provided to participants in the educated group for
the second test. A 2 (group: control, educated) x 3 (score: maximum-corrected, corrected,
corrected- forced) x 3 (test: Test 1, Test 2, Test 3) mixed ANOVA was conducted, with group as
the between-subjects variable. The results revealed a main effect of score, F(2, 92) = 102.41,
MSE =

.002, h?= .69, p < .001, but no other main effect or interaction was significant, Fs < 1.33, ps >
.27. Follow-up t tests demonstrated that the main effect of score occurred because the
maximum-corrected score (M = .61, SEM = .02) was significantly higher than both the
corrected score (M = .55, SEM = .02), t(47) = 12.16, p < .001, and the corrected-forced score (M
=.59, SEM = .02), t(47) = 8.58, p < .001. Additionally, the corrected- forced score also was
significantly higher than the corrected score, t(47) = 8.29, p < .001.

Planned-comparisons for Test 2 of the educated group (i.e., where feedback based on Test 1
optimal bias occurred) were conducted to compare the four different corrected scores. The
maximum-corrected score was significantly higher than the corrected score, t(23) = 6.85, p <
.001, the corrected-feedback score, t(23) = 5.43, p < .001, and the corrected-forced score, t(23)
=5.16, p < .001. Importantly, the corrected-feedback score was significantly higher than the



corrected score, t(23) = 4.53, p <.001. The corrected-forced score was also higher than the
corrected score, t(23) = 5.00, p < .001; however, there was no significant difference between
the corrected-feedback and corrected-forced scores, t(23) = 1.89, p = .07.

Resolution. To explore resolution on Test 2 of the educated group, a 2 (feedback: before,
after) x 2 (response: HR, FAR) within-subjects ANOVA was performed on the proportion of
responses placed in the “go for points” column (see Table 3). There was a main effect both for
feedback, F(1, 23) = 80.49, MSE = .003, h? = .78, p < .001, and response, F(1, 23) = 219.48, MSE
=.02, h? = .91, p < .001. The main effect of feedback arose because every participant in the
educated group was too conservative prefeedback; the proportion of responses assigned to
the “Go for points” category was lower before (M = .35, SEM = .01) than after (M = .46, SEM =
.01) the feedback occurred on Test 2. As anticipated, the main effect of response occurred
because the HR (M = .62, SEM = .02) was higher than the FAR (M =.19, SEM = .01), showing
that resolution was reasonably good. Of more interest, though, was the interaction between
feedback and response, F(1, 23) = 9.04, MSE = .001, h? = .28, p = .006. As in the previous two
experiments, the difference between pre- and postfeedback for the HRs versus FARs showed
that feedback led to a larger increase in the FAR (Mdiff = .13, SEM = .01) than for the HR (Mdiff
=.09, SEM = .01).

Optimal versus actual bias. Bias profiles were created for each group of participants for the
three tests, and optimal and actual bias are reported in Table 4. These data were analyzed in a
2 (bias type: optimal, actual) x 2 (group: control, educated) x 3 (test: Test 1, Test 2, Test 3)
mixed ANOVA, with group as the between-subjects factor. The analysis revealed a main effect
of bias type, F(1, 46) = 111.65, MSE = .02, h? =.71, p < .001, and a bias type by test interaction,
F(2,92) =3.66, MSE = .005,'h? =.07, p = .03. The main effect of bias type arose because
participants were too conservative in their responding; across all three tests, actual bias (M =
.27, SEM = .02) was significantly higher than optimal bias (M = .09, SEM = .01).

To explore the interaction, difference scores between the bias score types were calculated,
and follow-up t tests indicated that the difference between the two bias scores was smaller on
Test 3 (Mdiff = .15, SEM = .02) than on Test 2 (Mdiff = .20, SEM = .02), t(47) = 2.79, p = .008.
There was no difference in the bias score differences between Test 1 (Mdiff = .18, SEM = .02)
and Test 2, t(47) = 1.11, p = .27, nor between Test 1 and Test 3, t(47) = 1.44, p = .16. As can be
seen from Table 4, performance across the tests was relatively stable for participants in both
the control and educated groups. However, the means for the educated group showed a
reduction in omitted responses (i.e., actual bias) on the final test. These observations were
confirmed in planned follow-up analyses. That is, there was no difference across the tests for
amount of withheld responses in the control group, all |t|s < 1, but participants in the
educated group withheld less on Test 3 than they did on either Test 1, t(23) = 3.10, p = .005, or
Test 2, t(23) =3.69, p < .001.

Confidence ratings. The mean confidence ratings for both groups are shown in Table 5. A 2
(group: control, educated) x 2 (response: correct, incorrect) x 2 (report decision: go for points,
guess) x 3 (test: Test 1, Test 2, Test 3) mixed ANOVA was conducted on the mean ratings, with
group as the between-subjects factor. This analysis was performed on the prefeedback Test 2
data for the educated group. The results showed no main effect of group, F < 1, but there were
main effects of response, F(1, 38) = 124.34, MSE = .43, h? = .77, p < .001, report decision,
F(1,38) = 1232.21, MSE = .66, h* = .97, p < .001, and test, F(2,



76) = 4.01, MSE = .27, h? = .10, p = .02. The main effects of response and report decision
occurred because, as expected, participants assigned higher confidence ratings to correct (M =
3.44, SEM = .07) than incorrect (M = 2.77, SEM = .11) responses, and to responses placed in the
“go for points” (M =4.41, SEM = .10) than the “guess” (M = 1.80, SEM = .10) column. The main
effect of test was due to an increase in confidence ratings from Test 1 to Test 3; specifically,
confidence ratings were higher on Test 3 (M = 3.18, SEM =.10) than Test 1 (M = 3.02, SEM =
.09), t(40) = 2.36, p = .02. However, the increase from Test 1 to Test 2 (M = 3.11, SEM = .10),
and Test 2 to Test 3, failed to reach significance, both |t/s < 1.88, ps > .07.

There also was an interaction between response and report decision, F(1, 38) = 63.45, MSE =
.55, h? = .63, p <.001, which occurred because the difference in confidence ratings between
correct and incorrect responses was larger for items placed in the “go for points” column
(Mdiff = 1.21, SEM = .12) than for the items placed in the “guess” column (Mdiff = .13, SEM =
.05). No other interactions were significant, all Fs <2.43, ps 2 .10.

Summary. The data from Experiment 3 demonstrated that providing feedback to
participants—that is, using the optimal-bias score calculated on one test to guide test-taking
strategy on a subsequent test— does improve performance. Specifically, the participants who
were informed of their Test 1 optimal bias and required to apply this information to their Test
2 performance (i.e., by adjusting the number of items they had placed in the “guess” and “go
for points” columns accordingly) showed a significantly higher corrected score postfeedback.
However, unlike Experiments 1 and 2, the corrected score increase attributable to optimal-
bias feedback did not exceed the corrected score at forced report. This issue will be addressed
further in the General Discussion.

Feedback led to a significant increase in the prefeedback corrected scores on Test 2 even
though participants moved more incorrect than correct responses from the “guess” to “go for
points” column postfeedback. That is, unlike in Experiment 1 and 2, the frequency data
showed that participants in the educated group moved more incorrect answers (M = 6.29, SEM
=.72) than correct answers (M = 4.46, SEM = .63) to the “go for points” category on Test 2
after receiving optimal-bias feedback. How- ever, the prefeedback corrected score still
increased in response to feedback because the penalty was lower in this experiment (.33) than
in the previous ones (1; i.e., the ratio of incorrect to correct responses moved from “guess” to
“go for points” was less than 3:1).

The results of the current study also showed that participants in the educated group reduced
the proportion of responses they withheld on Test 3 so that it was significantly lower than the
proportion they withheld on both Test 1 and Test 2 and closer to optimal bias. This finding
demonstrates for the first time that feedback regarding optimal criterion setting provided on
one test can carry over to subsequent tests, which is promising if optimal bias training
programs are to be developed that have long-term effects. However, the rate of withholding
on Test 3 in the educated group was still too high, suggesting that participants were still
somewhat reluctant to reduce their rate of withholding even after receiving feedback on Test
2.

Supplemental Pooled Analyses

Ranking



What do increases in performance attributable to feedback on optimal bias mean in real-world
terms? Would students who wrote a standardized formula-scored test such as the SAT
Reasoning Test perform noticeably better if they performed at optimal bias compared to other
students who do not? One way to answer this question is to consider changes in percentile
rank that might result from optimal-bias feedback. Standardized test results typically take the
form of some kind of ranking statistic computed with respect to the current cohort of
examinees. To examine any changes to percentile rank that may have resulted from our
optimal-bias feedback, we first computed the percentile rank of each student’s corrected score
based on the distribution of corrected scores that existed prior to feedback. Then, for each
student, a new percentile rank was computed from that student’s corrected- feedback score,
but that rank was again based on the distribution of prefeedback corrected scores. Finally, we
computed a difference score between each student’s percentile rank before versus after
feedback. Thus, with this analysis, it was possible to determine how much a single examinee’s
percentile rank would increase in their cohort of no-feedback examinees if only that single
individual received feedback and performed at optimal bias instead of at the bias associated
with no feedback (i.e., the bias associated with the corrected score, which tends to be overly
conservative).

The analysis showed that average percentile rank increased for all 10 tests across all three
experiments. In particular, the increases were: (1) +4 percentiles, +11 percentiles, and + 13
percentiles for Tests 1, 2, and 3 of Experiment 1, respectively, (2) +14

percentiles, +8 percentiles, and +12 percentiles, for Tests 1, 2, and 3, of the Regular
Instructions group of Experiment 2, respectively, and (3) +24 percentiles, +12 percentiles, and
+11 percentiles, for Tests 1, 2, and 3, of the Enhanced Instructions group of Experiment 2,
respectively, and (4) +13 percentiles for Test 2 of the Educated group of Experiment 3. The
average percentile rank increase averaged across all tests used in the three experiments was +
11 percentiles. In some cases, the change in percentile rank could not be computed because
the corrected-feedback score exceeded the maximum value of the (prefeedback) corrected
scores. In no cases did the corrected-feedback score fall below the mini- mum of the
(prefeedback) corrected scores. This analysis suggests that the small but reliable increase in
the corrected score resulting from optimal criterion placement that we have observed in our
research is likely to have substantial effects on standardized test performance. Many students
would likely be thrilled at the proposition of increasing their ranking by 11 percentiles simply
by having been instructed on how often to omit answers.

The preceding analysis assumes that there is a single examinee who receives and conforms to
optimal bias training whereas others within the same cohort do not. However, what would
ranking results look like if all examinees received this training? Also, how would ranking scores
compare between a case in which all examinees perform at optimal bias (corrected-feedback
score) versus one in which they answer all the questions (corrected-forced score)? Certainly, it
is more straightforward to instruct examinees to answer all questions than it is to compute
optimal bias and attempt to train students to perform at that omission rate. Hence, if the
ranking scores are identical between the two cases, efforts may be better directed at
persuading students to avoid omissions altogether than teaching them more complex omission
strategies. Although universal conformity to any training regime is unlikely to happen for
actual, large-scale formula scored tests such as the SAT Reasoning Test, a comparison of
ranking statistics may nonetheless be informative about the real-world impact of optimal- bias
feedback and how it compares to an answer-all strategy. It should also be informative about



what aspects of performance the answer-all versus optimal-bias ranking statistics are actually
measuring To explore this issue in more depth, we computed the percentile ranks based on
the distribution of corrected-feedback scores (optimal-bias strategy) and the percentile ranks
based on the distribution of corrected-forced scores (forced-report strategy) for Experiment 1
(collapsed across tests), the two groups of Experiment 2 (separately for each group and
collapsed across tests), and for the second test in the educated group of Experiment 3. We
then computed a difference score between the two percentile ranks; positive versus negative
values translate into higher ranking at optimal bias versus forced report, respectively. If the
corrected- feedback and corrected-forced score rankings were identical, all participants would
yield a difference score of zero. However this was not the case: only 26 of 96 (27%)
participants had ranking scores that were unchanged. The mean absolute change in percen-
tile ranking within each group was 6.29, (SEM = 0.60; see Figure 3, explained in more detail
below).

What accounts for the difference in ranking? According to the SDT model, corrected scores are
a complex measure involving not just the sheer ability to answer the question correctly
(retrieval), but also resolution and bias. However, this is only true if the omission rate is above
0% or below 100% (Higham & Arnold, 2007b), which is not the case at forced report (omission
rate = 0%). Hence, only the corrected-feedback score can be affected by these parameters.
However, because the corrected-feedback score has, by definition, had the negative influence
of a nonoptimal criterion setting eliminated, only resolution is left to account for the
difference in ranking.

To test this prediction we examined the relationship between resolution and the percentile
ranking difference scores. For this analysis we used d= scores at optimal bias as our measure of
resolution, and the results are shown in Figure 3, which plots the size of the percentile ranking
difference scores for the three experiments as a function of d=. Data from 28 participants
(across all three experiments) were not plotted because d= was undefined. As the figure makes
clear, the relationship was positive and strong (r = .68, p < .001). Specifically, examinees with
poorer-than- average resolution had better ranking if their test was scored at forced report
(corrected-forced score), presumably because that score eliminates the negative influence of
their poor resolution on their score. Conversely, examinees with better-than-average
resolution were better off if their test was scored at optimal bias (corrected-feedback score).
Clearly, because we observed an over- all increase in the corrected-feedback score relative to
the corrected-forced score when all participants were considered (at least in Experiments 1
and 2), most participants must have had sufficient resolution skills to benefit from optimal-bias
feedback. Importantly, because the corrected-forced score is just a mono- tonic
transformation of number-right scoring (and f), the ranking of the corrected-forced score
doubles as the ranking for number-right (and f) scoring. That is, because the omission rate is
fixed at zero and cannot affect any score at forced report, the ranking remains the same at
forced report regardless of whether it is based on number right, f, or the corrected-forced
score. Thus, the same result shown in Figure 3 (and the conclusions derived from it) would
obtain if resolution was used to predict the ranking difference between tests scored for
number-right (or f) versus the same tests formula scored at optimal bias (i.e., corrected-
feedback score).
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Withheld-ltem Accuracy

How could it be that forcing output (i.e., reporting all answers) produced a lower corrected-
forced score than a corrected-feedback score in Experiments 1 and 2? If the answers omitted
at optimal bias were of chance-level (50%) accuracy or higher, then “releasing” them by
forcing output should either make no change to the score or improve it (Budescu & Bar-Hillel,
1993). Thus, there is the seemingly paradoxical situation in that, whereas the prefeed- back
omitted answers must have had above-chance accuracy for the corrected score to improve at
optimal bias, the postfeedback omitted answers must have had below-chance accuracy to
cause the score to drop at forced report.

To investigate this issue in more detail, we compared the accuracy of omitted answers in
Experiment 2 before and after feedback. In particular, we conducted a 2 (feedback: before,
after) x 2 (group: regular, enhanced) mixed ANOVA, with feedback as the repeated-measures
factor. We chose to restrict our analysis to Experiment 2 data because (1) the pattern of
corrected-forced < corrected-feedback was observed in that experiment, and (2) the inclusion
of two experimental groups produced sufficient power to detect differences. The analysis
revealed a main effect of feedback, F(1, 43) = 13.30, MSE = 0.04, h? = .24, p = .001, which
occurred because the accuracy of omitted answers before feedback (M = .57, SEM = .02) was
greater than after feedback (M = .41, SEM = .02). Also, accuracy of the omitted answers
prefeedback was significantly above chance, —95% confidence limit = .52, whereas the
accuracy of omitted answers at optimal bias after feedback was significantly below chance,
+95% confidence limit = .49.



This analysis suggests an explanation for why increasing output had a nonmonotonic effect on
the corrected score: The answers that were moved from the “Guess” category to the “Go for
Points” category in response to feedback were of good quality, whereas the answers that were
left behind in the “Guess” category at optimal bias after the move was complete were not. In
other words, participants were able successfully to choose originally omitted answers to risk
against the penalty to improve their score post feedback. This finding is promising news for
students who want to eliminate bias effects from their scores on formula-scored exams. One
concern about this result is that it is specific to our question sets. For example, it is conceivable
that there were some so-called “deceptive” questions in the set with incorrect alternatives
that participants consistently endorsed with greater-than-chance likelihood. However, this
situation seems unlikely for at least two reasons. First, incorrect answers to deceptive
questions are typically endorsed with high confidence (e.g., Koriat & Goldsmith, 1996),
whereas the omitted answers that remained after feedback in the current studies were at the
lowest level of confidence. Second, the same pattern of results was obtained in Experiment 1,
in which there were no potentially deceptive alternatives to con- sider (i.e., only T/F).
Nonetheless, we thought it would be prudent to conduct an analysis of the items we used in
Experiment 1 and 2 (where all participants received optimal-bias feedback) to explore the
possibility of our having deceptive questions in our sample. In particular, we conducted one-
sample t tests on the accuracy of postfeedback answers in Experiment 1 and 2 that were
omitted by at least one participant. The analysis showed that these items as a whole had
accuracy rates of 67% (Experiment 1) and 76% (Experiment 2), which were significantly above
the chance rate of 50% [Experiment 1: t(51) = 10.84, p < .001, Experiment 2: t(56) = 6.44, p <
.001]. This overall above-chance accuracy for the items that continued to be withheld after
optimal-bias feedback was also found with a more strict analysis, that is, for the items that
were most often left in the “guess” column postfeedback. For example, the mean accuracy in
Experiment 2 of the 10 most frequently omitted questions postfeedback was 65%, which a
one-sample t test again showed was significantly above chance, t(9) = 2.41, p = .04.

Together, these analyses show that, although on a per participant basis, the postfeedback
omitted answers had below-chance accuracy, this did not come about because participants as
a whole were generally deceived by these questions or their alternatives. Instead, it suggests
that, for any given individual, there are a subset of answers associated with very low
confidence that have a below- chance accuracy rate, but that the items that make up this rate
vary between participants.

General Discussion

Similar to our previous results (e.g., Higham, 2007; Higham & Arnold, 2007a), participants in
the current set of experiments demonstrated underconfidence. That is, they consistently
underes- timated their knowledge, omitting high-quality responses instead of reporting them
and thereby suffering an opportunity cost. This result was obtained despite substantive
differences in the nature of the test in Experiments 1 and 2 compared with previous research
(T/F and two-alternative, rather than four-alternative). Coupled with Higham’s (2007) SAT
Reasoning Test results, the current data suggest that underconfidence is a fairly ubiquitous
phenom- enon and not specific to the small reward for correct “guesses” (which ostensibly
could have attracted responding from risk- averse students) used in Higham and Arnold’s
(2007a) research. Further, the results from all three experiments demonstrated that informing
participants of their optimal-bias score derived from bias profiles—and having them
redistribute their omitted versus reported answers—is a viable technique for helping people




adjust their test-taking strategies and improve their performance. Not only did this feedback
enhance the corrected score relative to participants’ “natural” report criterion, but in
Experiments 1 and 2, it also enhanced it relative to forced report (i.e., corrected-feedback
score > corrected-forced score). This finding indicates that, contrary to the advice of some
theorists (Budescu & Bar-Hillel, 1993), it is not always the best strategy to answer all questions
on formula-scored tests; omitting some answers, particularly those associated with very low
levels of confidence, is sometimes beneficial.!

IM

Lt is important to keep in mind that the bias profiles created from type-2 SDT measures
assume an equal-variance Gaussian (EVG) model of the underlying evidence distributions (i.e.,
correct vs. incorrect items). Admittedly, if the underlying model is not EVG, bias profiles may
be slightly inaccurate in terms of the number of answers to redistribute. However, we were
not overly concerned about this issue for the present paper because the information that bias
profiles provided was accurate enough to improve students’ scores, and d= was a good
predictor of examinees’ change in ranking. Nonetheless, future research should attempt to
generalize bias profiles beyond the EVG model scenario to get even more accurate estimates
of test-takers performance.

Implications for Withheld-ltem Accuracy Results

The analysis conducted on the items used in Experiments 1 and 2 (reported in the
“Supplemental Pooled Analyses” section at the end of Experiment 3) demonstrated that there
is a subset of items specific to individual participants that have below-chance accu racy. This
result is consistent with an SDT model of confidence and accuracy on multiple-choice tests,
which allows for the pos- sibility of inverted U-shaped bias profiles (see Figure 2). However, it
runs counter to the notion that there is a chance-level accuracy baseline of 1/n corresponding
to blind guessing. As Higham (2007) noted, students reason their way to particular answers
(whether those answers are correct or not), and they seldom blindly guess. Reassuringly,
students seemed to be able to discriminate between correct versus incorrect answers even if
their initial decision was to omit them, as long as they were given feedback about their optimal
omission rate. The future challenge for students and educators alike is to create situations in
which students choose their optimal omission rate for themselves rather than having to be
told it, a topic to which we turn next. For now at least, we know that the optimal rate is not
always zero (forced report), a finding that is both surprising and contradicts the received
wisdom in the decision- making literature.

Although the data from Experiment 1 and 2 showed a difference between the corrected-
forced score and the corrected-feedback score, this difference did not replicate in Experiment
3. The likely reason for this is that, all else being equal, the low penalty (p =

.33) used for the four-alternative tests in Experiment 3 produces less bowing in the bias
profiles compared to higher penalties (p = 1), such as those for the two-alternative tests in
Experiments 1 and 2 (see Figure 6 in Higham & Arnold, 2007b). Stated differently, compared
with low penalties, there is a higher sunk cost for reporting too much with large penalties,
producing a greater difference between the corrected score at optimal bias and that at forced
report.




Implications for Ranking Results

The ranking analyses presented in the “Supplemental Pooled Analyses” section demonstrated
that the optimal-bias feedback led to a sizable average percentile rank increase compared to
prefeed- back ranks across all of the tests in the current experiments. Additionally, further
comparisons showed a strong and positive relationship between resolution (i.e., d=) and the
difference in percentile ranking between the corrected-feedback score (optimal- bias strategy)
versus the corrected-forced score (forced-report strategy): Examinees with poorer-than-
average resolution achieved higher rankings at forced report whereas examinees with better-
than-average resolution achieved higher rankings at optimal bias (see Figure 3). At this point a
number of questions present themselves. What are the implications of these results for the
validity of formula scored tests? Which measure is the best one to measure performance? If a
subset of students learns to perform at optimal bias and score above other students, is that
advantage unfair because it is based on a test-writing strategy? Although students tend to be
overly conservative when writing formula scored tests, is the ranking that is derived from
these scores still an accurate reflection of their true abilities?

Answers to the above questions are not trivial and, in our view, they depend on how these
scores relate to actual academic performance in school and university, which standardized
tests are presumably meant to be predicting. For example, we have demonstrated that the
corrected-feedback score rank is influenced not just by retrieval (f in the SDT model), but also
resolution. The influence of resolution on the test scores can be eliminated if examinees
answer all the questions, regardless of whether the test is formula scored or not. Clearly this is
a good idea from examinees’ point of view if their resolution is poor. However, whether forced
report makes the test more valid depends on whether resolution, as measured by the
application of SDT to formula- scored tests, predicts some aspect of academic performance.

A growing literature strongly suggests that metacognitive processes underpin important
learning decisions, such as how to allocate study time (e.g., Metcalfe & Kornell, 2005) and
whether to reread passages of text (e.g., Rawson & Kintsch, 2005). Thus, it is conceivable that
the metacognitive processes that formula- scored tests are tapping overlap with those that
underpin academic success. To the extent that this overlap exists, formula-scored tests may be
more valid if examinees do not adopt an answer-all strategy. However, in our view, nonoptimal
bias is unlikely to predict much of interest in school and university, so if students are to be
persuaded to omit answers so that the resolution component influences the score (and thus
potentially increase the validity of the test), they should be trained to perform at optimal bias
rather than at their natural, overly conservative level of bias.

The Efficacy and Long-Term Effects of Feedback

Although optimal-bias feedback improved participants’ performance in Experiment 1 and 2
(i.e., corrected-feedback score > corrected score), the lasting benefits of that feedback were
limited because participants showed no significant reduction in their actual bias from the first
to the last test. However, the feedback manipulation in Experiment 3 did have lasting effects
on performance: Providing feedback to participants in the educated group about optimal bias
from Test 1 to guide their performance on Test 2 caused them to set a more liberal, closer-to-
optimal criterion on the third test. This result is promising because it suggests that optimal-
bias feedback, even if that feedback is based on a different test from the one currently being
written, carries over to new tests.



The basic paradigm of Experiment 3 is exactly the scenario that would be required if training
programs are to be developed to assist examinees to better prepare for upcoming formula-
scored examinations such as the SAT Reasoning Test. Although there are different companies
(e.g., Kaplan Guide, Princeton Review) de- signed to coach students who are preparing for
large-scale tests (some of which are formula-scored), to our knowledge none focus specifically
on coaching omission behavior. The only advice offered is that if examinees do not know the
answer to a question, but they do know that one or more alternatives are wrong, they should
answer the question. Our results have clearly shown that, although this particular piece of
advice may be appropriate (i.e., scores are likely to improve under such circumstances), there
is much more to the problem than is offered by this advice. That is, we have shown that the
optimal omission rate is a complex construct and that it is related to prior knowledge, the
penalty on the test, and resolution. Fortunately, our methodology provides the tools to
estimate the optimal omission rate in a fairly straightforward manner.

Because of the number of factors that affect the optimal omission rate, examinees wanting to
truly benefit from feedback may have to learn the lessons of feedback at a nondeclarative or
nonanalytic level, in much the same way that other forms of complex knowledge are learned.
For example, a large body of research has shown that participants exposed to consonant
strings that conform to a complex rule structure (e.g., finite-state gram- mar) are later able to
discriminate between test strings that also conform to that grammar and ones that do not
(e.g., Reber, 1993; Higham, 1997). However, these participants are unable to verbally describe
the rules that underlie such decisions (i.e., they lack declarative knowledge). Similarly, Durso
and Shore (1991) showed that participants possess tacit knowledge about word meanings; for
example, even participants who denied that a legal English word was part of the English
language still were able to discriminate between correct versus incorrect applications of the
word. These studies suggest that efforts to teach complex knowledge (such as optimal
criterion setting) that are based on the provision of declarative knowledge may be in vain.
Instead, ample practice and providing examinees with the opportunity to develop a backlog of
instances may be the more appropriate way to go.

Another potential problem with providing declarative knowledge to participants and expecting
them to respond to it has to do with strategy implementation. For example, Hertzog, Price and
Dunlosky (2008; see also Dunlosky & Hertzog, 2000, 2001) had participants learn two lists of
paired associated, one with a normatively effective learning strategy (interactive imagery) and
the other with a normatively ineffective strategy (rote repetition). After learning, participants

demonstrated that they were sensitive to the effectiveness of the different strategies as
reflected in their “strategy effectiveness” ratings. However, participants seemed un- willing or
unable to implement this learning with item level judgments-of-learning. Similarly, participants
in our studies may possess declarative knowledge that their responding is overly conservative,
but when it comes to deciding whether to report or withhold a given answer, this knowledge is
not applied. Again, it may be that to overcome problems in implementing strategies at the
item level, extensive practice is needed.

Although examinees may only learn optimal criterion setting with ample practice, our research
points to other factors that may facilitate this learning. For example, in Experiments 1 and 2
our participants did not carry over the feedback they received on earlier tests to later tests.
However, as noted above, in Experiment 3 the participants who received feedback on Test 2
did significantly reduce their omission rate on the final test, whereas participants in the control
group who did not receive feedback showed no such reduction. What accounts for the



different results between experiments? One possibility is that participants were made aware in
Experiment 3 that the feedback that they were receiving on Test 2 was derived from Test 1.
Hence, it was highlighted for them that their overly conservative responding tendencies were a
general phenomenon and not specific to the current test. However, there were other
differences between Experiments 1 and 2 on the one hand and Experiment 3 on the other, so
this conclusion should be treated with caution. Nonetheless, presenting feedback in a
“generalist” framework may be important in persuading participants to heed any feedback
they are given and to transfer their learning to new tests.

A final obstacle that may need to be overcome in training students to perform at optimal bias
with tests that have high accuracy (f) is the impact it has on the FAR. In both Experiment 1 and
2, the increase to the FAR after responding to the feedback manipulation was greater than the
increase to the HR because f was greater than 50%. In other words, of the few errors that
participants made, a large proportion of them would need to be reported to achieve the
maximum-corrected score. To the extent that students are specifically concerned about their
FAR and try to minimize the reporting of errors (however few or many that might be), then
persuading them to respond more liberally may be difficult. Mul- tiple feedback sessions in
which overall high accuracy is made salient may go some way to overcoming this obstacle. The
goal of such sessions would be to teach students that they can afford to have a high FAR if
their accuracy is high, and that a somewhat more liberal response strategy than the one they
naturally adopt likely would increase their corrected score. In other words, appropriate
training may encourage students to incorporate accuracy into their reporting decisions rather
than these decisions being solely based on minimizing the FAR, as appears to have occurred in
the current experiments.

Conclusions

The data from the present set of experiments support the claim that criterion setting is an
important contributing factor to overall performance on formula-scored tests. Further,
because the strategic regulation of accuracy is an essential skill (i.e., in terms of maximizing the
corrected score) and, as indicated by the results of the current experiments, is responsive to
certain types of feedback, further research on the topic is required. Indeed, if formula scoring
continues to be applied both to large-scale exams (e.g., SAT Reasoning Test) and to course
exams taken at university, then it would be remiss not to explore further the role of criterion
setting and resolution on the corrected score. Such research not only will enlighten
researchers and educators as to what the corrected score informs us regarding ability (e.g.,
separating out monitoring skills from learned facts), but also will provide a means of helping
examinees understand their own aptitude and how best to perform under such testing
conditions.
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Appendix

Equations to Compute Bias Profiles

Below is a general description of and the equations needed to
generate a bias profile. The first step involves expressing the
corrected score as a function of the hit rate (HR.), the false alarm
rate (FAR), the uncorrected raw score (f), and the penalty for errors

(®),
Corrected score = HR - f— p-FAR-(1—1) (1)

Now consider the contingency table shown in Table 1. The a, b,
¢, and d cells in the table represent frequencies. but it is possible
to calculate the probabilities of P(a). P(b). P(c). P(d) as follows,

P@@)=a/(a+b+c+d)=HR-f 2)
Pb)=b/(a+b+c+d)=FAR (1 —1) (3)
P(c)=c/(a+b+c +d)=f—P(a) (1)
Pd)=d/(a+b+c+d)=(1—1f)—P(b) (&)

Now it is possible to express the probability of guesses as
function of H, FA, and f.

P(guess) = P(c) + P(d) (©)
P(guess) =(f —HR - f) + [(1 —f) —FAR - (1 —{)] ©
P(guess) =1 —HR -f —FAR - (1 —1) (8)

However, because a simple equal-variance Gaussian SDT model
can account for the data (see Higham, 2007, Experiment 2), we can
express HR as a function of FAR as,

HR = Q(zFAR + d) )

where @(x) refers to the probability under the standard normal
distribution associated with a z score equal to x, and zZFAR refers
to the z score corresponding to the FA rate. This term can then be
substituted for HR in Equation 1 to produce,

Corrected score = @(zFAR + d)-f —p:FAR - (1 — ) (10)

The same substitution can be made for the P(guess) in Equation
8 to yield,

P(guess) =1 — Q(zFAR +d) f—FAR-(1—1f) (11)

Thus, both the corrected score and P(guess) are now expressed
as a function of the FA rate, d= (monitoring). the uncorrected, raw
score (f) and the penalty for errors (p). It is important to note that
it is the critical substitution of @(zFAR. + d=) for HR in Equations
10 and 11 that allows a prediction about optimal bias setting to be
made. By fixing d=. £, and p, and varying FAR from 0 to 1, different
values of the corrected score can be obtained using Equation 10,
and different values of P(guess) can be generated using Equation

11. It is then possible to plot corrected scores against corresponding
P(guess) values—the bias profile.
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