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This study examined the dimensionality of 10 different calibration measures using confirmatory factor
analysis (CFA). The 10 measures were representative of five interpretative families of measures used to
assess monitoring accuracy based on a 2 (performance) � 2 (monitoring judgment) contingency table.
We computed scores for each of the measures using a common data set and compared one-, two-, and
five-factor CFA solutions. We predicted that the two-factor solution corresponding to measures of
specificity and sensitivity used to assess diagnostic efficiency would provide the best solution. This
hypothesis was confirmed, yielding two orthogonal factors that explained close to 100% of sample
variance. The remaining eight measures were intercorrelated significantly with the sensitivity and
specificity factors, which explained between 91 and 99 percent of variance in each measure. The two-
factor solution was consistent with two different explanations, including the possibility that meta-
cognitive monitoring may utilize two different types of processes that rely on separate judgments of
correct and incorrect performance, or may be sufficiently complex that a single measurement statistic
fails to capture all of the variance in the monitoring process. Our findings indicated that no single
measure explains all the variance in monitoring judgments. Implications for future research are
discussed.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Calibration is a term used in the study of metacognitive moni-
toring that describes the relation between task performance and
a judgment about that performance (Keren, 1991; Nietfeld, Enders,
& Schraw, 2006). The typical format in calibration studies is to
answer a test item and judgewhether one’s answer is correct or not
(see Table 1). Outcome scores are computed based on different
computational formulas that utilize frequencies from two or more
of the four mutually exclusive cells in a 2 � 2 data matrix, where
cell a corresponds to correct performance and judgments, cell
b corresponds to incorrect performance that is judged to be correct,
cell c corresponds to correct performance that is judged to be
incorrect, and cell d corresponds to incorrect performance that is
judged to be incorrect.

Many disciplines use the same general format to assess moni-
toring accuracy, diagnostic efficiency, or the association between
two ordered variables (Agresti & Franklin, 2007). The 2 � 2
contingency table can be expanded into a 2 � n format in which
yeseno performance judgments are segmented into Likert-type
intervals (Allwood, Jonsson, & Granhag, 2005). A comparable
raw).
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discussion of continuous measures has been made elsewhere in
which individuals make judgments on a Likert or 100-point scale
about performance rather than discrete judgments used in a 2 � 2
contingency table (Boekaerts & Rozendaal, 2010; Schraw, 2009).
Although continuous judgments may be more sensitive, we focus
on dichotomous judgments here because they are most common in
the monitoring literature.

It should be noted that the four cells in Table 1 are analogous to
four diagnostic decision-making outcomes, where cell a corre-
sponds to a true positive, cell b corresponds to a false positive, cell c
corresponds to a false negative, and cell d corresponds to a true
negative (Schwartz & Bergus, 2008). Different statistical measures
combine these four types of information in different ways to obtain
an estimate of the calibration process. However, there is no study
that we knowof that examines whether thesemeasures yield equal
or equivalent scores with the same psychological interpretation.

There are a wide variety of statistical measures that have been
used across disciplines to assess calibration using the data in
Table 1. All of these measures are potential statistical candidates,
yet it is unclear how these measures are related. We selected 10
statistical measures from an interdisciplinary review that are used
in the 2 � 2 framework shown in Table 1. These measures include
sensitivity, specificity, simple matching, the G index, the odds ratio,
gamma, kappa, phi, the Sokal distancemeasure, and d0 (see Table 2).
Formulas shown in Table 2 are discussed in detail in Agresti and
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Table 1
A 2 � 2 performance-judgment data array for monitoring accuracy.

Performance
Row

Correct Incorrect Marginals
Monitoring
Judgment

Correct a + b

 Incorrect c + d

Column
Marginals a + c   b + d   a + b + c + d

 a
 true positive

b
false positive 

c
false negative

d
true negative

G. Schraw et al. / Learning and Instruction 24 (2013) 48e57 49
Franklin (2007), Cheetham and Hazel (1969), Macmillan and
Creelman (2005), Romesburg (1984), Schraw (2009), Warnick,
Bracken, and Kasl (2008), and Warrens (2008). These measures
have been used widely in medicine, psychology, and the biological
and physical sciences. As discussed below, these measures may
assess different constructs (i.e., dimensions of the calibration
process) and somemay provide a better fit with observed data than
others. A comparison of these measures enables us to determine
how many latent dimensions of calibration they assess, whether
some measures explain more variation in the data than others, and
whether the use of multiple measures provides a more complete
Table 2
Summary of calibration measures for a 2 � 2 contingency table.

Index Family Formula Interpretation of
formula

Sensitivity Diagnostic
efficiency

a/(a þ c) Proportion of yes
judgments when
item is answered
correctly

Specificity Diagnostic
efficiency

d/(b þ d) Proportion of no
judgments
when item is answered
incorrectly

Simple
matching

Agreement (a þ d)/(a
þ b þ c þ d)

Proportion of concordant
yes and no judgments

G index Agreement (a þ d) � (b þ c)/
(a þ b þ c þ d)

Difference between
the proportion
of concordant and
discordant judgments

Odds ratio Association ad/bc Ratio of products of
concordant to discordant
judgments

Gamma Association (ad � bc)/(ad þ bc) Difference between
product of concordant
and discordant
judgments

Kappa Association 2(ad � bc)/[(a þ b)
(b þ d) þ (a þ c)(c þ d)]

Difference between
product of concordant
and discordant
judgments
corrected for chance

Phi Association (ad � bc)/[(a þ b)(b þ d)
(a þ c)(c þ d)]1/2

Correlation coefficient
for binary data

Sokal
reverse

Binary
distance

[1 � [(a þ d)/
(a þ b þ c þ d)]]1/2

Square root of 1 minus
proportion of concordant
judgments

d0 Discrimination z(a/(a þ c))
� z(b/(b þ d))

Difference between
standardized
hit rate and false
alarm rate
interpretation of the data as suggested by a variety of authors
(Boekaerts & Rozendaal, 2010; Keren, 1991; Schraw, 2009).

The present study adds to the existing literature on calibration
in two ways. One is that it compares 10 measures from a variety of
disciplines that have not been compared to one another in
a systematic manner. This comparison allows us to calibrate
different commonly used measures of calibration. Previous
research has focused on the effect of person-variables such as
motivation and self-regulatory skills (Serra & Metcalfe, 2009;
Winne & Hadwin, 2008), or task-variables such as feedback and
assessment (Martens, de Brabander, & Rozendaal, 2010; Tobias &
Everson, 2009) on the calibration process. However, we believe it
is also important to evaluate potential differences between the
statistical measures used to assess calibration because, if the
statistical medium is themessage, then the calibrationmeasure one
selects determines one’s interpretation of the data in a manner that
may differ from measure to measure. Different measures may lead
to different conclusions about the calibration process or instruc-
tional interventions to improve calibration (Boekaerts & Rozendaal,
2010; de Bruin & van Gog, 2012). In contrast, measures may be so
strongly inter-correlated that they yield much the same conclusion
regardless which measure is selected.

A second contribution is to examine how many latent factors
are needed to account for the data in Table 1. Although there are
many potential candidates, and different disciplines use different
measures, it is unclear how many latent factors exist among these
measures. Comparing the 10 measures directly using factor anal-
ysis enabled us to assess their interrelationship and dimension-
ality by testing three different theoretically-driven models
described below. This allowed us to use multiple measures of
calibration to investigate whether the calibration process used to
make the four types of judgments in Table 1 appears to be
a unidimensional or multidimensional process. This is highly
relevant to understanding the underlying cognitive processes used
in calibration and how to improve these skills in an instructional
context.

2. Theoretical framework

Previous research has debated the advantages and disadvan-
tages of the statistics in Table 2 as suitable, or even optimal,
measures of calibration. Different measures have unique compu-
tational strengths and weaknesses, as well as different interpreta-
tions of the underlying construct that is assessed by each measure
(Masson & Rotello, 2009; Mayer, 2010; Nietfeld et al., 2006;
Romesburg, 1984; Spellman, Bloomfield, & Bjork, 2008; Warrens,
2008). Some of these measures are used frequently in psycholog-
ical research (e.g., gamma and d0) while others are used primarily in
medical settings (e.g., sensitivity and specificity).

The choice of which measure to use as the gold standard in
calibration research has been guided in part by assumptions about
the nature of the monitoring process rather than an empirical
comparison of the measures. Historically, research in psychology
has been guided by the Nelson and Narens (1990) model of meta-
cognition, which assumes there is a single general monitoring
process that links information at the object level to information at
a higher, meta-level. Information gained by accurate monitoring
can be used at the meta-level to control subsequent performance.
Nelson et al. (Leonesio & Nelson, 1990; Nelson, 1984; Nelson &
Narens, 1990) argued that the gamma statistic developed by
Goodman and Kruskal (1954) provided the single best measure of
calibration accuracy. Henceforth, we refer to this framework as the
one-factor model because it assumes there is one general moni-
toring process that is captured by one “best” statistical outcome
measure.
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An alternative framework is used routinely in medical and
clinical diagnosis in which two calibration outcome scores are of
interest (Feuerman & Miller, 2008; Mayer, 2010; Warnick et al.,
2008). In this scenario, sensitivity assesses the diagnostic accu-
racy of judgments about correct performance, whereas specificity
assesses the diagnostic accuracy of judgments about incorrect
performance. The diagnostic efficiency model suggests that judg-
ments about correct versus incorrect performance constitute two
separate monitoring processes that may be independent of one
another statistically. Henceforth, we refer to this as the two-factor
model, which assumes there are two cognitively different moni-
toring factors associated with sensitivity and specificity.

3. A summary of the 10 measures

We conducted an interdisciplinary search to identify a compre-
hensive set of statistical measures appropriate for data in Table 1.
We identified approximately 25 different measures collectively
(Cheetham & Hazel, 1969; Romesburg, 1984; Warrens, 2008).
Previous studies have examined the relations among subsets of the
25 measures to determine their computational interrelations. For
example, Warrens (2008) compared 10 measures he referred to as
a family of similarity coefficients. Each of these measures was
related to other measures in the family through a linear trans-
formation. Other studies have provided extensive reviews of
different measures and attempted to develop typologies based on
either formulaic or interpretative similarities (Cheetham & Hazel,
1969; Romesburg, 1984). However, none of these studies conduct-
ed a statistical comparison among these measures; therefore, it is
unknown how scores based on each of these measures are corre-
lated with scores from the remaining measures when computed
from a common data set.

3.1. Five interpretative families

We reduced the number of available measures to a smaller set
that focused on what we refer to as interpretative families, where
a family includes different measures that purport to assess the
same underlying interpretative dimension. Our goal was to identify
as many interpretative families as possible, as well as the most
commonly used statistical measure(s) within each family. We
identified the 10 measures shown in Table 2 as representative of
five different interpretative families, which included diagnostic
Calibrat
Measures f
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Fig. 1. Five interpretive familie
efficiency, agreement, association, binary distance, and discrimi-
nation (see Fig. 1). The diagnostic efficiency family includes statis-
tical measures used to assess the ratio of correct to total diagnostic
decisions when judging either correct (i.e., sensitivity) or incorrect
(i.e., specificity) diagnostic outcomes. These measures provide the
gold standard for clinical screening and diagnosis judgments in
medicine and health (Warnick et al., 2008). The agreement family
includes measures used to assess the proportion of concordant or
discordant judgments relative to total judgments. These indices are
interpreted as measures of the proportion of judgment agreement
for concordant judgments (Romesburg, 1984).

The association family includes measures used to assess the
association or correlation between cross-classified pairs on the
performance and judgment dimensions shown in Table 1 (Agresti,
1984; Simon, 1978). The binary distance family uses measures
based on the Euclidian distance between two points in two-
dimensional data arrays such as multi-dimensional scaling or
cluster analysis studies (Dunn-Rankin, 1983). The discrimination
family uses measures that compare the hit rate and the false alarm
rate to determine how well individuals are able to discriminate
accurate versus inaccurate judgments (Benjamin & Diaz, 2008;
Kadlec, 1999).
3.2. Relations between measures

Some of the 10measures in Table 2 may be related to each other.
Generally speaking, sensitivity and specificity should be indepen-
dent of one another because they utilize different sources of data in
Table 1 (Feuerman & Miller, 2008; Pagano & Gauvreau, 2000).
Sensitivity utilizes information from cells a and c, whereas speci-
ficity utilizes information from cells b and d. The eight remaining
measures all utilize information from all four cells in a slightly
different manner; thus, one would expect some degree of correla-
tion among them when conducting a factor analysis of all 10
measures. In addition, all of themeasures that we did not include in
Table 2 should be correlated with either sensitivity or specificity
because they are based on cells a and c, cells b and d, or information
from cells a through d.

It should be noted that algebraic comparisons are possible and
have been made between some measures to evaluate their rela-
tionships. However, it is untenable to generate a single algebraic
comparison across all 10 measures that would take the place of
a comprehensive statistical comparison of all measures such as the
ion 
or 2 x 
es 
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CFA used here. One reason is that one of the 10 formulas (e.g.,
gamma) would need to serve as a baseline formula that other
formulas could be equated to. A more important reason is that the
observed relationship between two measures will vary depending
on the difficulty of the test and specific data in Table 1 (Nietfeld
et al., 2006). From our perspective, the best way to compare the
dimensionality of multiple measures is to compare them collec-
tively based on the same set of data. Only an empirical comparison
under a constant set of conditions is able to reveal the simultaneous
correlational relationships among the 10 outcome scores.

4. Research questions, hypotheses and predictions

Despite the abundance of statistical measures appropriate for
2 � 2 contingency tables, no study has conducted a systematic
statistical comparison of them. The present study addressed two
questions about the 10 measures in Table 2:

1. What is the underlying dimensionality of thesemeasures when
they are used to compute outcome scores based on the same
data set?

2. Is there a preferredmeasure or set of measures to use as indices
of calibration?

These questions are important because they provide a data-
driven basis for selecting one or more statistical measures that
best explain the results of calibration accuracy using Table 1. In
addition, results bear upon the assumptions one makes about the
number of latent monitoring processes used in calibration and
diagnostic activities.

4.1. Hypotheses and predictions

We used standard confirmatory factor analysis (CFA) to assess
the underlying dimensionality of the 10 measures. The Nelson and
Narens (1990) model of metacognition specifies a unitary moni-
toring process that corresponds to a single calibration score; thus,
this model hypothesizes (Hypothesis 1) a one-factor solution (see
Table 3). Nelson (1984) also argued that gamma provides the best
outcome measure of this hypothesized unitary monitoring process.
This model predicts that the CFA analysis should yield a single
factor in which gamma has the highest loading among the 10
measures. The one-factor model also fits within the organizing
Table 3
Summary of the three models and predictions.

Model Hypothesis Predicted
factors

Relationship
among factors

Explanation

Nelson and
Narens (1990)

Hypothesis 1 1 Unitary factor Predicts one
factor in which
gamma has
highest loading.

Diagnostic
Efficiency

Hypothesis 2 2 Orthogonal
factors

Predicts two
factors in which
sensitivity and
specificity are
statistically
orthogonal and
have highest
loadings.

Five Interpretative
Families

Hypothesis 3 5 Inter-correlated
factors

Predicts five
inter-correlated
factors with a
measure of each
family explaining
significant
variance.
structure of the multi-component models proposed by Efklides
(2008) and Winne and Hadwin (2008), which include a single
monitoring factor, as well as additional factors such as motivation
that we did not attempt to assess in the present study.

The diagnostic efficiency model hypothesizes (Hypothesis 2)
a two-factor solution in which sensitivity and specificity are
orthogonal (i.e., statistically independent) and have the highest
factor loadings. Sensitivity and specificity are predicted to be
independent because they are calculated from different cells in
Table 1 and therefore can be shown to be computationally inde-
pendent. Specifically, sensitivity utilizes information from cells
a and c, while specificity utilizes information from cells b and
d (Mayer, 2010). Feuerman and Miller (2008, Appendix 2) show the
two conditions under which sensitivity and specificity are equal to
each other. This model suggests that sensitivity and specificity
collectively explain 100% of the sample variance in the CFA solution
and that the remaining eight measures can be explained by the
combination of sensitivity and specificity. This model also tacitly
assumes that the monitoring process associated with judging
correct performance is independent of the monitoring process
associated with judging incorrect performance. Compared to the
Nelson and Narens (1990) model, the two-factor model assumes
there are two separate monitoring processes associated with
correct and incorrect performance judgments.

A third hypothesis (Hypothesis 3) is that a five-factor solution
exists inwhich one or more measures from each of the five families
has a high loading on one of the observed factors.We did not expect
this solution to be supported because many of the 10 measures
used in this study were assumed to be highly inter-correlated. In
the present study, the five families were constructed based on the
interpretation of the statistical measures in that family rather than
the mathematical relationship between these measures. For
example, in the association family in Table 2, kappa and gamma
may be related mathematically via a linear transformation and
therefore correlated with one another (Agresti, 1984), a scenario
that would support the inference that they both provide a measure
of the strength of association between performance and judgments
in Table 1. Moreover, we assume that measures in different inter-
pretative families may be related to one another via a linear
transformation (Feuerman & Miller, 2008; Warrens, 2008).

We predicted the two-factor model to provide the best fit
because sensitivity and specificity partition the data in Table 1 into
two scores based on different data (Mayer, 2010; Pagano &
Gauvreau, 2000). These scores collectively exhaust the informa-
tion included in Table 1. Thus, we anticipated that sensitivity and
specificity scores would be independent of each other, explain 100%
of variance in the factor scores, and be highly correlated with all of
the eight remaining measures in Table 2. We predicted identical
solutions in both the chance and moderate accuracy conditions
(described below), suggesting that the factor model is invariant as
a function of performance accuracy.

5. Testing the hypotheses

We tested the three hypotheses using a three-step sequence,
which included creating a database, computing outcome scores for
the 10 measures using the common database, and conducting
a standard CFA that compared the three models in Table 3. Step one
was to develop a database. We used Monte Carlo simulation tech-
niques to generate a very large data set that mirrored human
performance on a typical calibration task. We did so because this
method enabled us to simulate real-life data using a very large test
with 10,000 simulated participants that yielded stable, reliable
results not possible with a small sample (e.g., 100e200 cases) of
human participants.
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5.1. Advantages of the Monte Carlo strategy

We believe the Monte Carlo strategy used in this study has two
distinct advantages. One is the use of a very large sample size that
yields stable results indicative of population-like behavior. We
simulated human calibration performance using 10,000 cases,
modeling a moderate accuracy situation in which participants
rendered approximately 60% of responses in cell a, with the
remaining responses divided equally among cells b, c and d. In the
present study, we randomly assigned 25% of responses to each of
the four cells in the chance accuracy condition and 62.5%, 12.5%,
12.5% and 12.5% in the moderate accuracy condition. The chance
accuracy condition simulated random guessing, while the
moderate accuracy condition simulated a situation in which the
individual answers an item correctly and judges it as correct about
63% of the time, which we refer to henceforth asmoderate accuracy.

A second advantage is that we simulated a calibration test using
1000 items. This is important because short tests with 20 or fewer
items decrease score reliability, which reduces the estimated cali-
bration outcome score (Nietfeld et al., 2006; Weaver, 1990). Using
a long test with a very large number of cases maximizes the reli-
ability of scores and the stability of factor solutions. For this reason,
our results should provide a population estimate of calibration
performance, as well as the relationship among the 10 measures.
These results could be replicated using smaller samples based on
human participants that are less reliable and statistically powerful.

5.2. Score generation

Step two was to generate scores for each of the 10 measures. To
do so, we placed simulated responses in cells a through d for each of
the 10,000 simulated cases. The frequency of responses differed
from case to case as theywould with human participants. However,
the overall scores aggregated across all cases approximated 25% of
responses in each cell in the chance accuracy condition and 62.5%,
12.5%,12.5% and 12.5% in cells a through d in themoderate accuracy
condition. This step yielded 10 sets of scores using each of the
formulas in Table 2 computed from the same data setdan impor-
tant constraint when comparing the 10 outcome scores.

5.3. Confirmatory factor analyses

Step three was to conduct a CFA using EQS 6.1 software. We
tested three different models summarized in Table 3. Model 1
specified one factor in which scores on the 10 measures correlated
in excess of 0.50 with the gamma score having the highest loading.
This pattern would support the two assumptions of the Nelson and
Narens (1990) model that monitoring is a unitary process and
gamma is the best measure of this process. Model 2 specified two
factors in which scores on the sensitivity and specificity measures
were uncorrelated and had the highest loadings. In addition, this
model suggests that the remaining eight measures would be highly
correlated with either or both of the sensitivity and specificity
scores. Specifically, none of the remaining eight scores would
explain a significant proportion of variance above and beyond the
sensitivity and specificity factors. Model 3 specified five factors
associated with the five interpretative families. We did not expect
this solution to fit the data closely.

6. Methods and data

6.1. Data generation

We used a Monte Carlo simulation process based on Nietfeld
et al. (2006) to generate data. Typical of this process, we
selected a sampling distribution and a data simulation model
(Paxton, Curran, Bollen, Kirby, & Chen, 2001). We sampled from
a uniform distribution to model equally likely discrete outcomes
among the four cells in Table 1. We created data matrices that
simulated results for a 1000-item test using 10,000 cases. Our data
simulation model reflects a static, discrete, stochastic system
(Rubinstein & Kroese, 2008) because the model is static over time,
uses discrete data points, and utilizes a random process to assign
data.

We used SAS 9.2 to generate data based on guidelines in Fan and
Fan (2005). A quantile approach was used to assign responses to
cells from a uniform distribution using the random number
generator in the SAS procedure. The random number generator
produces a decimal with a value less than 1 but greater than or
equal to 0. If the random number produced a value equal to or
greater than 0 but less than 0.250, a response was placed in cell a. If
the value produced was equal to or greater than 0.250 but less than
0.500, a response was placed in cell b, and so on for cells c and d.

For the chance-accuracy condition, we expected the overall
proportion of observations to closely approximate 25% in each of
the four cells. Sampling from the uniform distribution meant that
each of the 1000 items on the simulated test had the same likeli-
hood of being randomly assigned to cell a, b, c or d. For the
moderate accuracy condition, we used a two-phase process in
which 50% of responses were seeded into cell a in phase one, fol-
lowed by the remaining 50% being randomly assigned to cells
a through d. This was done using the uniform sampling process
described above, which distributes the remaining 50% of data
points equally into the four cells. This yielded 62.5% of responses in
cell a and 12.5% of responses in cells b through d. This is the
approximate proportion of responses one would expect from
a large study of human participants if the overall probability of
accurate judgment of performance were 62.5%, while the remain-
ing outcomes were equally likely.

6.2. Score computation

Scores were computed for the 10 measures in Table 2 using the
same Monte Carlo output (Fan, Felsovalyi, Sivo, & Keenan, 2001).
This process was conducted once to generate scores for the chance
accuracy data and repeated a second time with seeding to generate
scores for the moderate accuracy data. Sample means, standard
deviations, ranges, skewness and kurtosis were computed for the
entire sample of cases for the chance and moderate accuracy
analyses.

6.3. Data analysis

We conducted standard CFAs using EQS 6.1 (Bentler, 2005). The
NNFI, CFI, IFI, standardized root mean square residual (SRMR), and
root mean square error of approximation (RMSEA) and its 90%
confidence interval (CI90%) were evaluated as fit indices for this
purpose. We followed up with principal components analyses of
the best-fitting model to examine the variance explained by
components and relationship of the 10 measures to each compo-
nent. We also conducted regression analyses using scores in the
best fitting model to determine howmuch variance they explained
in the remaining scores.

7. Results

7.1. Chance accuracy data

Descriptive statistics for the chance accuracy data appear in
Table 4. Scores for the 10 measures are reported on different



Table 4
Descriptive statistics for the chance monitoring data set.

Mean Standard
deviation

Range

Sensitivity 0.499 0.022 0,1
Specificity 0.499 0.022 0,1
Simple matching 0.499 0.015 0,1
G index 0.000 0.031 �1, 1
Odds ratio 1.006 0.128 0, N
Gamma 0.000 0.063 �1, 1
Kappa 0.000 0.031 �1, 1
Phi 0.000 0.031 �1, 1
Sokal reverse 0.292 0.011 0, 1
d’ 0.000 0.079 �N, N

Table 6
Principal component loadings for the two-factor solution using the chance moni-
toring data set.

Component 1 Component 2

Specificity 1.000
Phi 0.718 0.695
Gamma 0.718 0.695
Kappa 0.718 0.695
d0 0.718 0.695
Sokal reverse 0.718 0.696
G index 0.718 0.695
Simple matching 0.718 0.695
Odds ratio 0.718 0.695
Sensitivity 1.000

G. Schraw et al. / Learning and Instruction 24 (2013) 48e57 53
measurement scales in Table 4; thus, the value of each score may
differ even though scores are correlated.

The confirmatory factor analyses revealed that the one-factor
solution was the most ill-fitting, c2 (35, N ¼ 10,000) ¼ 1241.72,
p < 0.0005, NNFI ¼ 0.99, IFI ¼ 0.98, CFI ¼ 0.99, SRMR ¼ 0.44,
RMSEA ¼ 0.06, and its CI90% ¼ 0.06, 0.07. The five-factor model was
an improvement, c2 (25, N ¼ 10,000) ¼ 680.81, p < 0.0005,
NNFI ¼ 0.99, IFI ¼ 1.0, CFI ¼ 0.99, SRMR ¼ 0.33, RMSEA ¼ 0.05, and
its CI90% ¼ 0.05, 0.06. However, the two-factor model demonstrated
the best overall fit and lowest residuals, c2 (9,N¼ 10,000)¼ 300.22,
p < 0.0005, NNFI ¼ 1.01, IFI ¼ 1.00, CFI ¼ 1.00, SRMR ¼ 0.12,
RMSEA ¼ 0.03, and its CI90% ¼ 0.03, 0.04. The two-factor solution
yielded the highest factor loadings (ranging from 0.96 to 0.99) and
the highest explained variances (R2 ranging from 0.90 to 0.99)
when compared to the one- and five-factor models. This confirmed
our prediction in Hypothesis 2 that the two-factor model would
explain maximum variance.

The two-factor solution was based on sensitivity and specificity.
For this reason, we conducted an additional analysis using only
sensitivity and specificity to determine if these two scores
accounted for all the variance in Table 1. This model revealed an
outstanding fit, c2 (2, N ¼ 10,000) ¼ 0.80, p ¼ 0.88, NNFI ¼ 1.01,
IFI ¼ 1.00, CFI ¼ 1.01, SRMR ¼ 0.001, RMSEA ¼ 0.001, and its
CI90%¼ 0.000, 0.001, with loadings and R2 values approximating 1.0,
when compared to a two-factor model that included all measures
except sensitivity and specificity, c2 (14, N ¼ 10,000) ¼ 434.33,
p < 0.0005, NNFI ¼ 1.0, IFI ¼ 0.99, CFI ¼ 1.0, SRMR ¼ 0.75,
RMSEA ¼ 0.06, and its CI90% ¼ 0.05, 0.06.

Table 5 shows the correlations between each of the 10measures.
As expected, the correlation between sensitivity and specificity is
approximately zero. All other correlations exceed 0.70 with both
sensitivity and specificity. Table 6 shows the rotated factor loadings
for the 10 measures based on a follow-up principal components
analysis (PCA) with varimax rotation using the chance accuracy
data. This solution converged in three iterations with two compo-
nents. Component 1 had an eigenvalue of 8.989 that explained
Table 5
Correlations among the 10 measures for the chance accuracy data.

Sn Sp SM GI

Sensitivity 1.00 �0.001 0.704 0.704
Specificity 1.00 0.708 0.708
Simple matching 1.00 1.00
G index 1.00
Odds ratio
Gamma
Kappa
Phi
Sokal reverse
d0
89.894% of sample variance and 89.894% of cumulative variance.
Component 2 had an eigenvalue of 1.001 that explained 10.014% of
sample variance and 99.81% of cumulative variance. This outcome
indicates that the two-component solution explained all the vari-
ance in the chance monitoring condition. Sensitivity and specificity
provided two independent dimensions on which the remaining
eight measures had high loadings in the 0.71 range for specificity
and the 0.69 range for sensitivity. That is, each of the remaining
measures may be replicated based on some linear combination of
sensitivity and specificity. Fig. 2 shows the rotated principal
component plot in which sensitivity and specificity provide two
independent dimensions and the remaining scores are clustered
together approximately mid-point between the two independent
dimensions.

We also conducted regression analyses in which sensitivity and
specificity were used to predict each of the other remaining eight
measures individually. The adjusted R2 values for each analysis
exceeded 0.99 for the simple matching, G-index, odds ratio,
gamma, kappa, phi, sokal reverse, and d0 measures. These results
showed that sensitivity and specificity accounted for all of the
variance in each of these measures. Thus, the eight measures are
redundant with the information provided by sensitivity and
specificity.

7.2. Moderate accuracy data

Descriptive statistics for the moderate accuracy data appear in
Table 7. The confirmatory factor analyses revealed that the one-
factor solution was the most ill-fitting, c2 (35,
N ¼ 10,000) ¼ 37,226.64, p < 0.0005, NNFI ¼ 0.97, IFI ¼ 0.98,
CFI ¼ 0.98, SRMR ¼ 40.12, RMSEA ¼ 0.33, and its CI90% ¼ 0.32, 0.33.
The five-factor model was an improvement, c2 (25,
N¼ 10,000)¼ 7619.18, p< 0.0005, NNFI¼ 0.99, IFI¼ 1.0, CFI¼ 0.98,
SRMR ¼ 4.15, RMSEA ¼ 0.17, and its CI90% ¼ 0.17, 0.18. However, the
two-factor model demonstrated the best overall fit and lowest
residuals, c2 (9, N ¼ 10,000) ¼ 2243.44, p < 0.0005, NNFI ¼ 1.0,
OR G K P SR d_P

0.701 0.704 0.704 0.704 0.704 0.704
0.706 0.709 0.709 0.709 0.708 0.709
0.995 0.999 1.00 1.00 1.00 0.999
0.995 0.999 1.00 1.00 1.00 0.999
1.00 0.996 0.996 0.996 0.996 0.996

1.00 1.00 1.00 0.999 1.00
1.00 1.00 0.999 1.00

1.00 1.00 0.999
1.00 0.999

1.00



Fig. 2. Component plot of the 10 rotated scores for the chance accuracy data.
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IFI¼ 1.0, CFI¼ 1.0, SRMR¼ 0.04, RMSEA¼ 0.10, and its CI90% ¼ 0.09,
0.10. The two-factor solution yielded the highest loadings (ranging
from 0.94 to 0.99) and the highest explained variances (R2 ranging
from 0.88 to 0.99) when compared to the one- and five-factor
models. This confirmed the prediction of Hypothesis 2 that the
two-factor model would explain maximum variance.

The two-factor solution was based on specificity and sensitivity.
For this reason, we conducted an additional analysis using only
specificity and sensitivity to determine if these two scores
accounted for all the variance in Table 1. This model revealed an
outstanding fit, c2 (2, N ¼ 10,000) ¼ 1.647, p ¼ 0.57, NNFI ¼ 1.0,
IFI ¼ 1.0, CFI ¼ 1.0, SRMR ¼ 0.001, RMSEA ¼ 0.001, and its
CI90%¼ 0.000, 0.001, with loadings and R2 values approximating 1.0,
when compared to a two-factor model that included all measures
except sensitivity and specificity, c2 (11, N ¼ 10,000) ¼ 3523.07,
p < 0.0005, NNFI ¼ 1.0, IFI ¼ 0.98, CFI ¼ 1.0, SRMR ¼ 23.44,
RMSEA ¼ 0.14, and its CI90% ¼ 0.14, 0.15.

Table 8 shows the correlations between each of the 10measures.
As expected, the correlation between sensitivity and specificity is
approximately zero. All other correlations exceed 0.70 with speci-
ficity and 0.50 with sensitivity. Table 9 shows the rotated factor
loadings for the 10 measures based on a follow-up principal
components analysis (PCA) with varimax rotation using the chance
accuracy data. This solution converged in three iterations with two
components. Component 1 had an eigenvalue of 8.681 that
explained 86.81% of sample variance and 86.81% of cumulative
variance. Component 2 had an eigenvalue of 1.070 that explained
10.70% of sample variance and 97.51% of cumulative variance. This
Table 7
Descriptive statistics for the moderate accuracy monitoring data set.

Mean Standard deviation Range

Sensitivity 0.833 0.011 0,1
Specificity 0.500 0.031 0,1
Simple matching 0.750 0.011 0,1
G index 0.500 0.022 �1, 1
Odds ratio 5.078 0.787 0, N
Gamma 0.665 0.042 �1, 1
Kappa 0.333 0.033 �1, 1
Phi 0.333 0.033 �1, 1
Sokal reverse 0.500 0.011 0, 1
d0 0.968 0.092 �N, N
outcome indicates that the two-component solution explained
close to all of the variance in the moderate accuracy monitoring
condition. Sensitivity and specificity provided two independent
dimensions on which the remaining eight measures had high
loadings in the 0.80e0.90 range for specificity and the 0.35e0.55
range for sensitivity. That is, each of the remaining measures may
be replicated based on some linear combination of sensitivity and
specificity with a high degree of accuracy. Fig. 2 shows the rotated
principal component plot in which sensitivity and specificity
provide two independent dimensions and the remaining scores are
clustered together approximately mid-point between the two
independent dimensions.

We also conducted regression analyses in which specificity and
sensitivity were used to predict each of the other remaining eight
measures. The adjusted R2 values were as follows: simple matching
(0.91), G-index (0.91), odds ratio (0.99), gamma (0.99), kappa
(0.99), phi (0.99), sokal reverse (0.91), and d0 (0.99). These results
showed that virtually all of the variance in the odds ratio, gamma,
kappa, phi, and d0 is explained by the combination of specificity and
sensitivity. In addition, over 91 percent of variation in the simple
matching, G-index, and sokal reverse is explained by sensitivity and
specificity.

7.3. Summary

The analyses supported Hypothesis 2 in which sensitivity and
specificity provided two independent scores that explained all of
the variance in the data. The CFA solutions yielded extremely well-
fitting goodness-of-fit indices, combined with low residuals as well
as high factor loadings and R2 values. In both analyses, the two-
factor model based on independent sensitivity and specificity
dimensions provided the best fit to the present data that explained
virtually all of the sample variance in the data. The two-factor
model improved upon the five-factor model, which improved
upon the one-factor model. Regression analyses further showed
that specificity and sensitivity explained between 91 and 99
percent of variance in each of the remaining eight scores.

8. Discussion

The purpose of this study was to statistically calibrate 10
commonly used measures of calibration appropriate for Table 1.
Such a comparison has not been done before. We posed two
research questions that focused on the underlying dimensionality
of the measures and whether there is a preferred set of measures to
use as indices of calibration. We compared the one-factor
(Hypothesis 1), two-factor (Hypothesis 2) and five-factor
(Hypothesis 3) models summarized in Table 3. We expected the
two-factor model to provide the most parsimonious solution by
providing two orthogonal factors that explained close to 100% of
sample variation, which would be consistent with previous find-
ings in the diagnostic accuracy literature (Feuerman &Miller, 2008;
Mayer, 2010; Warnick et al., 2008).

The two-factor model produced the best goodness of fit indices
for both the chance and moderate accuracy data sets. These results
supported Hypothesis 2 and showed that a two-factor solution
utilizing two separate scores provided the best fit with observed
data. Regarding our first research question, the two-factor solution
was superior to the five-factor solution, which in turn, was superior
to the one-factor solution; thus, findings supported Hypothesis 2
rather than Hypotheses 1 and 3. The gain in goodness-of-fit was
significant among the three models. This finding indicated that
a single calibration score does not provide an optimal measure of
the data in Table 1, explaining approximately 86e89% of the total
sample variance. Rather, a two-score solution provides a more



Table 8
Correlations among the 10 measures for the moderate accuracy data.

Sn Sp SM GI OR G K P SR d_P

Sensitivity 1.00 �0.008 0.633 0.633 0.542 0.543 0.507 0.507 0.573 0.633
Specificity 1.00 0.708 0.708 0.827 0.832 0.853 0.853 0.813 0.708
Simple matching 1.00 1.00 0.937 0.939 0.905 0.905 0.934 1.00
G index 1.00 0.937 0.939 0.905 0.905 0.934 1.00
Odds ratio 1.00 0.982 0.987 0.987 0.992 0.939
Gamma 1.00 0.993 0.993 0.996 0.938
Kappa 1.00 1.00 0.995 0.905
Phi 1.00 0.905 0.996
Sokal reverse 1.00 0.934
d0 1.00
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complete account of the data, explaining close to 100% of sample
variation. From a practical perspective, this means that a significant
proportion of variance in the calibration process is left unexplained
using a one-factor model, whereas a two-factor model explains all
of the variance in the calibration process when using a 2 � 2
contingency table.

Regarding our second research question, sensitivity and speci-
ficity provided a better fit to the data than any other pair of scores
for both the chance and moderate accuracy data. This supported
Hypothesis 2. Tables 6 and 9 and Figs. 2 and 3 showed that sensi-
tivity and specificity provided uncorrelated dimensions on which
the eight remaining scores were correlated highly. For example,
Table 9 showed that in the moderately accurate monitoring
scenario, all measures except sensitivity were correlated 0.80 or
higher with specificity, while all measures except specificity were
correlated in the 0.35 to 0.55 range with sensitivity. In addition, the
regression analyses showed that sensitivity and specificity
explained virtually all of the variance in the remaining eight scores,
suggesting that theses scores provide redundant information over
and above the two-factor model. From a measurement perspective,
our results unambiguously showed that using two outcome scores
is superior to using any of the 10 scores individually.

These findings suggested two possible interpretations. One is
that the cognitive processes underlying specificity and sensitivity
may constitute two separate monitoring processes rather than
a single unitary process as described by Nelson and Narens (1990)
and measured by statistics such as gamma (Nelson, 1984) and
d0 (Macmillan & Creelman, 2005). The two-process explanation is
consistent with the diagnostic efficiency literature that distin-
guishes between measures that correctly report the presence or
absence of disease. In terms of performance monitoring, sensitivity
and specificity may correspond to separate monitoring processes
that assess judgments of correct performance and judgments of
incorrect performance. However, we emphasize that it is unclear
presently what underlying cognitive processes are measured by
sensitivity and specificity. Sensitivity may measure any number of
different constructs such as feelings of knowing, judgments of
Table 9
Principal component loadings for the two-factor solution using the moderate
accuracy monitoring data set.

Component 1 Component 2

Specificity 0.987
Phi 0.923 0.353
Kappa 0.923 0.354
Gamma 0.908 0.405
Odds_ratio 0.905 0.406
d0 0.895 0.432
Sokal reverse 0.803 0.556
Simple matching 0.803 0.556
G index 0.803 0.556
Sensitivity 0.978
learning, performance accuracy, or ease of processing. Specificity
may measure inverse processes such as feelings of not knowing,
performance uncertainty, or difficulty of processing. Future
researchmaywish to correlate sensitivity and specificity with other
indicators such as confidence, feeling of knowing, judgments of
effort, or calibration accuracy.

In contrast to the two-process explanation, a second interpre-
tation is that sensitivity and specificity each measure unique vari-
ance in a single monitoring process that is sensitive to a variety of
constraints such as performance, motivation, and external cues and
feedback. That is, they explain variation in a single monitoring
process that also includes variance attributable to motivation and
external information. This view is consistent with contemporary
models of monitoring that include an important role for motiva-
tion, affect, external feedback, and complex interactions among
these variables during self-regulation (Efklides, 2008). We stress
that due to the exploratory nature of our research, it remains
unclear why two measures are better than one when assessing
monitoring. Our findings only provide unambiguous information
about the number of measures that are needed to explain the
maximum amount of variance in Table 1. Questions about the
dimensionality of monitoring deserve further attention, but espe-
cially with respect to understanding the potential independence of
correct and incorrect performance judgments.

8.1. Implications

Our results suggest practical and theoretical implications. From
a practical perspective, researchers should use more than one
outcome measure to assess calibration because none of the 10
Fig. 3. Component plot of the 10 rotated scores for the moderate accuracy data.
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measures accounted for all of the sample variation. Two measures
provide a better account of the data, and sensitivity and specificity
in particular, provide the best account. This finding is important
because most disciplines rely on a single measure of calibration.
Like others, we recommend reporting multiple outcome measures
and their inter-correlations (Allwood et al., 2005; Boekaerts &
Rozendaal, 2010; Keren, 1991; Schraw, 2009) in order to triangu-
late and better understand the monitoring process. We specifically
suggest using sensitivity and specificity in conjunction with other
measures such as gamma or d0. This should help researchers better
understand different monitoring processes that are used in cali-
bration judgments, as well as how much variation in the data in
Table 1 is explained by each of these processes. A comparison of
outcomes may also help researchers select a measure that appears
to be best suited for the specific criterion task of interest (e.g.
feeling of knowing, judgments of learning), assuming that the
power of each statistical measure is linked in part to the meta-
cognitive activity of interest in the research.

From a theoretical perspective, our findings suggest the need to
investigate whether correct and incorrect judgments constitute
separate calibration processes that could be affected differently by
other mechanisms such as motivation and feedback. Most models
appear to focus on a single monitoring mechanism (Nelson &
Narens, 1990) even though self-regulation based models (Efklides,
2008; Serra & Metcalfe, 2009; Winne & Hadwin, 2008) also
include motivational mechanisms that presumably interact with
the monitoring function. The idea that the monitoring process is
multidimensional should be tested in much further detail, as
should the possibility that motivation and external feedback are
related to either a single or multidimensional monitoring process.

8.2. Limitations

Two limitations of this study include the use of computer
simulated rather than human data, and the statistical distribution
used to assign data into Table 1. Regarding the first, the main
purpose of this study was to calibrate 10 existing measures of
calibration to determine the most parsimonious set of measures.
We wished to use a large data set to assure stability of findings. It is
important to note that human generated data would include some
degree of judgment bias that simulated data does not. We used
simulated data in part to eliminate human bias, although it is
important to note that results could change given such data. Thus,
the current findings should be replicated using human data.

Regarding the second limitation, we do not believe that the
sampling distribution used to assign data would change results
provided the relative proportion of cases remained the same in the
four cells in Table 1. In addition, regardless of the distribution used
to assign data to Table 1, the proportions used in the moderate
accuracy condition are similar to what onewould expect to observe
in human-subject research. Nevertheless, an important issue is
whether data generated by human judges is best modeled using
a uniform distribution as in the present study or some other
distribution that assumes that judgments across the four cells in
Table 1 are not equally likely. Such a study could be conducted by
replicating the current study with the addition of two or more
distributional assignment strategies.

8.3. Conclusions

Overall, our findings supported four conclusions related to
Hypothesis 2. Onewas evidence for two orthogonal factors based on
sensitivity and specificity. These scores provide the gold standard in
medicine andhealth, and accounted for substantiallymore variation
in calibration scores than any of the remaining eight measures. A
second conclusion is that no single measure explains all of the
variance in Table 1, even though the combination of sensitivity and
specificity explain all of that variation. A third conclusion is that
sensitivity and specificity also explain all of the variation in each of
the eight remaining measures; thus, each of these eight measures
provides nomoredor possibly lessdinformation about monitoring
than sensitivity and specificity combined. A fourth conclusion is that
the two-factor solution suggests that separatemonitoring processes
may be in play whenmaking calibration judgments, or that a single
monitoring process is sufficiently complex to require multiple
measures to capture all of the variance in the monitoring process.
We believe it is of utmost importance to further investigate the
dimensionality of the monitoring process to determine which of
these explanations is most plausible.

We believe that each of these four conclusions warrant further
research using Monte Carlo simulations as well as data collected
from human participants. While conclusion four is speculative at
this point, conclusions one, two and three provide unambiguous
empirical results that are consistent with the large literature in
medical diagnosis. Thus, we anticipate a high degree of replication
between these studies and consistent empirical support for the
two-factor model based on sensitivity and specificity. We also
believe that qualitative studies are needed to evaluate the internal
and external criteria used by good monitors during the calibration
process.
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