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Abstract A number of experiments have demonstrated that
observers can accurately identify stimuli that they fail to detect
(Rollman and Nachmias, 1972; Harris and Fahle, 1995; Allik
et al. 1982, 2014). Using a 2x2AFC double judgements proce-
dure, we demonstrated an analogous pattern of performance in
making judgements about the direction of eye gaze. Participants
were shown two faces in succession: one with direct gaze and
onewith gaze offset to the left or right.We found that they could
identify the direction of gaze offset (left/right) better than they
could detect which face contained the offset gaze. A simple
Thurstonian model, under which the detection judgement is
shown to be more computationally complex, was found to ex-
plain the empirical data. A further experiment incorporated
metacognitive ratings into the double judgements procedure to
measure observers’ metacognitive awareness (Meta-d’) across
the two judgements and to assess whether observers were aware
of the evidence for offset gaze when detection performance was
at and below threshold. Results suggest that metacognitive
awareness is tied to performance, with approximately equal
Meta-d’ across the two judgements, when sensitivity is taken
into account. These results show that both performance and
metacognitive awareness rely not only on the strength of senso-
ry evidence but also on the computational complexity of the
decision, which determines the relative distance of that evidence
from the decision axes.
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Introduction

Of particular interest in visual psychophysics is the sensitivity
of a participant to a specific stimulus or property of that stim-
ulus. Often it is unclear, when an observer is asked to make a
single decision about a stimulus (present/absent, categoryA or
B, et cetera), what evidence he or she is using to make the
decision. BDouble judgement^ experiments were originally
developed to tackle this issue. Participants are asked to make
both a detection judgement and an identification judgement
about a single stimulus, for example, to detect which interval a
Gabor patch is presented in, and to identify its phase (Huang,
Kingdom and Hess, 2006). It has been reasoned that if perfor-
mance on the two judgements is roughly equal, the observer
must be basing their detection judgement on the same infor-
mation used to make their identification judgement. If identi-
fication performance is worse, then the property of the stimu-
lus being identified must not be integral in making the detec-
tion judgement.

Most experiments show detection performance to be at
least equal to identification performance and that identifica-
tion performance becomes closer to detection performance
with decreased similarity between the stimuli to be identified
(Thomas, 1985). However, certain experiments reveal that
participants can show superior performance in the identifica-
tion judgement relative to the detection judgement (e.g. ver-
nier acuity, Harris and Fahle, 1995; colour judgements,
Rollman and Nachmias, 1972; bull’s eye acuity, Allik et al.,
1982, 2014). This result has been treated in a number of ways;
some researchers calculated identification performance based
on only those trials in which detection was correct (Tolhurst
and Dealy, 1975). This treatment rests on the assumption that
an identification decision made when the detection decision is
incorrect would be a guess and that any correct response in
this instance would result from chance. However, it is difficult
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to justify this assumption when performance in the identifica-
tion decision is significantly above chance on trials where
detection is incorrect. However, if observers are not simply
guessing on incorrect detection trials, it begs the question of
how they can successfully identify a property of a stimulus
they cannot detect.

To clarify, the use of the term Bdetection^ in these experi-
ments does not necessarily mean that observers were detecting
the presence of a stimulus versus no stimulus at all, but rather in
some cases, observers were detecting some property of the stim-
ulus. Detection is a special type of discrimination where ob-
servers are essentially discriminating one stimulus from another,
except that one stimulus is Bnull,^ and the analysis of detection
and discrimination judgements can be undertaken in the same
manner (Macmillan and Creelman, 2004). In keeping with pre-
vious literature, we used the term detection to encompass de-
signs where observers are detecting the presence of a property of
a stimulus, such as spatial offset, from the absence of that prop-
erty, such as no spatial offset, or an offset of 0.

That identification might be better than detection may not
be as mysterious as it seems. In a recent experiment, Allik
et al. (2014) replicated previous findings (Allik et al. 1982)
showing superior identification compared with detection of
spatial offset in a bull’s eye acuity task. A 2x2AFC design
was employed in which participants were presented with
two annuli: one of which contained a dot in the exact centre,
and one with a dot offset horizontally to the left or to the right
of centre, in a single trial. Participants were asked to make two
decisions: which direction the dot was offset in (the identifi-
cation judgement) and which annulus contained this dot (the
detection judgement). Allik et al. showed that performance
across both judgements could be effectively explained by a
simple Thurstonian model in which the Bstrengths^ of the
stimulus property (spatial offset) are represented on a single
internal continuum of spatial positions (Thurstone, 1927). Let

x and y denote the (signed) evidence in the first and second
intervals respectively, such that, for example, a positive value
of x denotes evidence that the spatial offset in the first interval
was rightwards. The identification judgement can be made on
the basis of whether x + y > 0. The detection judgement is
more complex, because the observer does not simply need to
know whether there was overall more evidence for left vs.
right spatial offset but also the relative position of the stimuli
in the two intervals. Therefore, observers alsomust test wheth-
er x – y > 0 to know in which interval the evidence was
presented (thus adding a decision axis), so the detection judge-
ment becomes based on whether (x + y)(x – y) > 0 (or, equiv-
alently, (x2 – y2) > 0). This description of the two judgements
is shown in Fig. 1, where the evidence of spatial offset in each
interval, x and y, are shown intersected. For the identification
decision (Fig. 1a), evidence for left versus right offset in-
creases away from the negative diagonal, whereas in the de-
tection decision (Fig. 1b), evidence for one interval over an-
other increases along that axis (x or y) away from the inter-
section, bounded by both the positive and negative diagonals.
The detection judgement is more computationally complex, as
a result of the additional decision axis. Therefore, the evidence
for the detection judgement is more likely to be closer to a
decision axis than in the identification judgement, meaning
that more evidence is required for comparative certainty in
the detection decision.

Under a Thurstonianmodel, the evidence on the internal con-
tinuumfor spatial offset is the additionof signal fromthe stimulus
with internal noise drawn from a Gaussian probability distribu-
tion. The theoretical intersection of the evidence from each inter-
val showninFig.1 formsa two-dimensionalGaussian that canbe
used to predict performance across both judgements. Figure 2a
shows a top-down view of the two dimensional Gaussian distri-
bution of internal evidence for a stimulus pair. The area under the
Gaussianabove thenegativediagonaldescribes theprobabilityof
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Fig. 1 Decision space for the identification judgement (a) and the detec-
tion judgement (b). The axes x and y represent the (signed) evidence in
each interval whilst the diagonals represent ideal decision axes for each
judgement. For the identification judgement (a) only the negative diago-
nal (x – y > 0) is necessary to decide whether the evidence over the two

intervals indicates more leftward or rightward offset, whereas in the de-
tection judgement (b) the positive diagonal (x + y > 0) is also necessary. In
each case the further the evidence is from the decision axes, the more
evidence there is for that decision
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correct performance in the identification judgement (I) irrespec-
tiveofperformanceinthedetectionjudgement(D),p(I)=p(D,I)+
p(~D, I). Similarly, the overall probability of correct performance
on the detection task is given by the sum of the areas of the
Gaussian to the left and right of the pair of decision axes, p(D) =
p(D, I)+p(D,~I).Note that,underAlliketal.’s implementationof
this model (Fig. 2a), p(~D, I) = p(~D, ~I), meaning that identifi-
cation performance is at chance for trials onwhich detection per-
formance is incorrect. The model proved effective in explaining
experimental double judgment data with a single free parameter
relating to the width (standard deviation) of the Gaussian noise
distribution (Allik et al., 2014).

The model implemented by Allik et al. (2014) was also
outlined by Klein (1985). However, Klein also suggested a
more complex version. Klein questioned the assumption that
the centre of the stimulus could be considered a natural zero
point that was fixed for each observer. He argued that slight
changes in an observer’s subjective centre would cause their
perceived x and y values to drift in a correlated fashion,
resulting in an artificial expansion of the distribution of evi-
dence along the positive diagonal shown in Fig. 2b, thereby
elongating the two-dimensional Gaussian in this direction. To
account for this Bcorrelated noise^ a second parameter is need-
ed, because the Gaussian is now elliptical rather than circular-
ly symmetric. In comparing the fit of the two models to Allik
et al.’s 1982 data, Klein found the model accommodating for
correlated noise to be the better fit. However, Klein did not
account for the fact that the winning model was more com-
plex, and so his conclusion could have been an artifact of a
more complex model inevitably having more explanatory
power. Henceforth these models will be referred to as HA1

and HA2 (for the simple Thurstonian model and the two pa-
rameter version incorporating correlated noise, respectively).

Two Bnull^ models also are introduced. Similar to models
HA1 and HA2, these models assume that perceptual evidence

for making judgements increases on an internal continuum of
spatial offset with additive Gaussian noise. The first (H01)
addresses whether the data could be explained by a single
parameter corresponding to the rate of increasing perceptual
evidence for offset with stimulus offset (the standard deviation
of the Gaussian distribution) across the two judgements, with
any differences in performance arising from chance differ-
ences in guesses. This is essentially a high-threshold model;
if the evidence exceeds a certain threshold, the observer is able
to make both judgements correctly, but below the threshold
the observer is merely guessing, and incorrect responses only
arise from guessing. The second null model (H02) takes the
opposite line of reasoning, with two completely separate pa-
rameters corresponding to the rate of increasing perceptual
evidence for offset with stimulus offset in each judgement.
This model assumes that the two judgements are based on
completely separate evidence, and therefore any difference
in performance across the two judgements corresponds to a
difference in the amount of evidence for each decision.

One further question is whether the pattern of performance
over the two judgements might be a peculiarity of lower order
visual mechanisms. Findings of better identification than de-
tection typically have been shown using simple stimuli, and
for only a few properties of these stimuli. But in the real world,
we are confronted with far more complex stimuli, for which
much higher-order visual processing areas are activated. The
fact that there are multiple sources of evidence from complex
stimuli makes it unclear whether the simple distribution of
evidence described in Figs. 1 and 2 could apply.

The perception of gaze direction is one example of a set of
stimuli considered to recruit dedicated higher-order visual pro-
cessing mechanisms. For example, activity in the human su-
perior temporal sulcus has been demonstrated to show selec-
tivity for the observed direction of gaze (Calder et al., 2007;
Carlin et al., 2011). Not only have observers been shown to be
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Fig. 2 Top down view of two-dimensional Gaussian distributions
representing the probability distributions of evidence for a stimulus pair,
when evidence is added to internal noise. The diagonals correspond to the
decision axes in Fig. 1; however, here the quadrants represent the out-
come of the decision made on the basis of where the evidence on a single
trial sits relative to the axes. The area under the Gaussian in each quadrant
therefore describes the expected proportion of responses according to

accuracy across both decisions. In (a) the area under the Gaussian above
the negative diagonal is equal to that below the positive diagonal, mean-
ing that p(~D, I) = p(~D, ~I). (b) If noise in the estimated spatial offset is
correlated between the two intervals, for example, due to a drift in the
subjective centre, then the area above the negative diagonal is no longer
equal to the area below the positive diagonal and p(~D, I) ≠ p(~D, ~I)
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generally very good at making decisions about the direction of
gaze offset (Cline, 1967, Jenkins and Langton, 2003), but
accuracy in these decisions is integral to social interactions
and higher order thought concerning others’ beliefs and de-
sires (Friere et al., 2004, Baron-Cohen, 1992). The processing
of gaze direction has been suggested to involve calculating the
spatial offset of the iris relative to the sclera (Anstis et al.,
1969), a judgement similar to that of Allik et al.’s experiment.
A coarser spatial cue to gaze direction recruits luminance
changes across the eye, such that when the polarity of a gaze
stimulus is reversed, the perceived direction of gaze is also
reversed (Sinha, 2000; Riccardelli et al., 2000). Yet, in com-
paring detection and discrimination of Gabors of different
phases (a similar judgement to the coarse spatial cue)
Huang, Kingdom, and Hess (2006) found certain stimulus
pairs could not be identified at detection threshold, the oppo-
site of the effect shown by Allik et al. Furthermore, it is highly
likely that a number of cues external to the eye region contrib-
ute to perceived gaze direction, such as the orientation of the
head (Wollaston, 1824; Otsuka et al., 2014, 2015), the emo-
tional expression of the face (Ewbanks, Jennings and Calder,
2009), and even prior beliefs about where someone is looking
(Mareschal, Calder, & Clifford, 2013; Mareschal, Otsuka, &
Clifford, 2014). Thus, it is unclear whether the pattern of per-
formance over detection and identification of spatial offset
demonstrated in the simple stimuli of Allik et al. will general-
ize to these more complex and ecologically valid stimuli.

Experiment 1 seeks to address whether the pattern of per-
formance in detecting offset gaze and identifying its direction
will mirror that of previous experiments, with superior perfor-
mance in identification judgements compared to detection
judgements. The data will then be used to compare the four
models outlined above; the single parameter Thurstonian
model (HA1) that shows detection to be the more computation-
ally complex judgement; and the two parameter Thurstonian
model (HA2) that also incorporates an unstable subjective di-
rect gaze; as well as the two null models (H01 and H02). Using
the double judgements procedure, we can thereby explore the
role that evidence of spatial offset plays in identifying and
detecting offset gaze and how this evidence might be used
differently across the two judgements.

Whilst the results of experiment 1 can be used to under-
stand how perceptual evidence may be used differently to
make detection and identification judgements, it is important
to understand how perceptual evidence is incorporated into a
phenomenal experience of the world. There are numerous
examples in the literature of dissociations between phenome-
nal experiences and the accuracy of perceptual judgements,
such as in blindsight (Weizkrantz et al., 1974, 1995,
Azzopardi and Cowey, 1998), priming (Carr et al., 1982),
and backwards masking (Marcel, 1980; 1983), where ob-
servers are able to make accurate judgements despite claiming
to be unaware of the stimulus. In these cases, the detection

threshold is frequently used as the threshold for awareness.
Given that previous findings have shown the identification
threshold is lower than the detection threshold, this may sug-
gest that the observer is not aware of the evidence used to
make their identification judgements. Experiment 2 extends
the double judgements procedure to test this hypothesis. A
metacognitive rating is incorporated into the procedure in or-
der to test the metacognitive awareness of observers across the
two judgements. If perceptual evidence is being used differ-
ently across the two judgements in a way that affects the
phenomenal experience of the observer, this should be evident
from the observer’s metacognition of the identification and
detection judgements.

Experiment 1 Methods

Participants

Participants were three naïve observers and one author;
three were male, two were left-handed, mean age was
25.75 (range 24-29) years, and all had normal or
corrected-to-normal vision. Ethical approval for the ex-
periment was granted by the UNSW Human Research
Ethics Committee and adheres to the Code of Ethics of
the World Medical Association (Declaration of
Helsinki). Participants were recruited through a web-
based facility called SONA-P and were reimbursed for
their time after giving informed consent.

Apparatus and Stimuli

Stimuli were presented on a gamma corrected 18-inch
Diamond Digital DV998FD CRT monitor with a background
luminance of 33.2 cd/m2 (resolution 1024 × 768) running at
85 Hz, using Matlab and the Psychophysics Toolbox exten-
sions (Brainard, 1997; Pelli, 1997; Kleiner et al., 2007).
Throughout the experiment, participants sat 57 cm from the
screen, with their chin on a chin rest. Responses were entered
via the keyboard.

Stimuli were identical grey scale faces created with Daz
software (http://www.daz3d.com/). The face was female,
with cropped hair and a neutral expression. The face was
mirrored vertically through the centre to control for any
artifacts that might bias observers based on asymmetry. On
half the trials, the face also was flipped left to right to further
control for any effect of asymmetry. Gaze direction was
controlled by removing the original eyes from the face
(using Gimp software) and replacing them with realistic
counterparts, generated in Matlab. This allowed for the eyes
to be moved according to precise angular coordinates. The
original image was resampled to be presented at a realistic
size—with an interocular distance of 6.2 cm.
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Procedure

A 2x2AFC double judgement procedure was used. On each
trial participants were presented with two faces in temporal
succession. In one face, gaze was directed at the participant,
whereas in the other, it was directed away, either to the left or
the right. For half the trials, the face with direct gaze was
presented first, and in the other half, the face with averted gaze
was presented first. The participant was asked to detect which
face they thought was looking away from them—the first or
the second (by pressing the 1 and 2 keys)—and to identify
which direction the face was looking (by pressing the left and
right arrows). The order of these quest ions was
counterbalanced between blocks, within participants.
Participants were informed of the order of the judgements
before each block and were cued as to the first response im-
mediately after the stimuli were presented, and then the sec-
ond response was cued immediately after their first response.
Cues were simply the text Bleft or right?^ and B1 or 2?^ for the
identification and detection judgements respectively. No feed-
back was given. Each face was immediately cued with a fix-
ation cross for 250ms and immediately followed by 500ms of
noise, spatially filtered to match the spatial frequencies of the
face image. The stimuli were presented for 300 ms each
(Fig. 3).

Six different gaze deviations were tested (0.25, 0.5, 1, 2, 4,
and 8 degrees) in pseudo-randomly mixed trials, by applying
Matlab’s randperm function to an ordered list of trials, for each
participant independently. Participants were given unlimited
time to respond and were not given any feedback. Each par-
ticipant performed 192 trials per offset angle (96 in each di-
rection), making 1,152 trials in total, over 2 sessions of ap-
proximately 1 hour each.

Analysis

Data analysis was conducted in two stages. First, the proportion
correct responses to the detection and identification tasks were
calculatedforeachobserverateachgazeoffset tocomparewheth-
er thecurrentpatternofperformanceacross thetwotasksmirrored
previous results, with superior performance in the identification

task compared to the detection task (Harris and Fahle, 1995;
Rollman andNachmias, 1972;Allik et al., 1982, 2014). This also
canbequantifiedasadifferenceinperformancethresholds,which
are calculated as the gaze offset required to achieve 75% correct
(where 50% correct represents floor performance, or what could
be achieved by guessing alone). Second, the proportion of re-
sponses based on accuracy across both tasks (both responses cor-
rect p(D, I), both incorrect p(~D,~I), only identification correct
p(~D, I), and only detection correct p(D, ~I)) was calculated for
each observer, at each gaze offset. These data were then used to
compare four hypotheses by modeling how these proportions of
responseswouldbepredicted to changewith increasing evidence
for offset gaze under each hypothesis.

To test these hypotheses, four models were defined to de-
scribe performance across the two judgements as evidence in-
creases. All models assumed that evidence increased with in-
creasing spatial offset of the pupils from the sclera in the form of
a cumulative Gaussian function. All models therefore describe
the proportion of responses expected with respect to accuracy
across the two judgements by the rate of increasing evidence for
each decision, the standard deviation, σ, of the cumulative
Gaussian function. In all models, the mean of the cumulative
Gaussian function was set to 0, such that at a spatial offset of 0
there is no evidence for offset gaze (increase in evidence was
empirically symmetrical—increasing both left and right—but
treated as unidimensional in the data, that is, gaze offset to the
left and right were treated the same). The difference between the
models is merely the way in which the evidence for each deci-
sion relates, which is formularized in Table 1.

Model H01 assumes the same evidence was used to make
the detection and identification decisions. The model therefore
fits a single parameter (σ01) to describe the rate at which ev-
idence increases, where the incorrect responses are divided
equally between the three possibilities (both incorrect, detec-
tion incorrect, and identification incorrect) as they result from
guessing alone. Model HA1 similarly assumes the same evi-
dence is used for both judgements; however, each decision is
based on different transformations of the evidence: x + y > 0
for identification and x2 – y2 > 0 for detection, where x and y
refer to the evidence from each of the two stimuli presented on
each trial, as explained in the introduction, and described by

+ +
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Fig. 3 Presentation and timing of stimuli on each trial
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Klein (1985) and Allik et al. (2014). Model HA2, also de-
scribed by Klein (1985), requires two parameters describing
the rate of increase of evidence with spatial offset, as it takes
into account the possibility that there might be correlated noise
between the decisions (due to drift in the participant’s subjec-
tive direct gaze). This noise can be represented as stretching
the two-dimensional Gaussian along the positive diagonal;
thus, the cumulative Gaussians corresponding to increased

evidence with spatial offset for each decision must have dif-
ferent standard deviations (σA2a and σA2b). Finally, model H02

tests the second null hypothesis that each decision is based on
different evidence. The evidence for each decision increases
with increasing gaze offset, but at different rates for each de-
cision, as described by the two parameters σ02a and σ02b.

The equations in Table 1 describe the expected proportion
of responses according to accuracy across both decisions as
evidence for each decision increases. These expected propor-
tions were compared to the actual proportions of responses
each observer made across all gaze offsets tested. The models
were fit to each individual observers’ responses separately by
modifying the parameters (using the Nelder-Mead simplex
algorithm (Lagarias et al., 1998) implemented in custom
Matlab software) until the sum of squared error (SSE) be-
tween the data and the model’s predictions was minimized.

Results

The proportion of correct responses of each observer at each
spatial offset for each decision are displayed in Fig. 4, and hit
and false alarm rates are displayed in Table 2. Table 2 also
displays the 75% correct thresholds for each task, which were
calculated by fitting a Quick function to the data (Quick,
1974). Each observer demonstrates a lower threshold in the
identification task compared with the detection task, indicat-
ing superior performance in the identification task compared
with the detection task, as found in previous studies (Allik
et al., 1982; 2014). This was confirmed with a 2x2x6 repeated
measures ANOVA (question order x judgement x offset),
which revealed a significant effect of offset (F(1,5) =

Table 1 Expected proportion of responses according to accuracy
across both judgements for each model

H01 Detection

Correct Incorrect

Identification Correct ½(3p01 – 1) ½(1 – p01)

Incorrect ½(1 – p01) ½(1 – p01)

HA1 Detection

Correct Incorrect

Identification Correct pA1
2 pA1(1 – pA1)

Incorrect (1 – pA1)
2 pA1(1 – pA1)

HA2 Detection

Correct Incorrect

Identification Correct pA2a.pA2b PA2a(1 – pA2b)

Incorrect (1 – pA2a)(1 – pA2b) PA2b(1 – pA2a)

H02 Detection

Correct Incorrect

Identification Correct p02a.p02b p02b(1 – p02a)

Incorrect p02a(1 – p02b) (1 – p0b)(1 – p02a)

p01, pA1, pA2a, pA2b, p02a, and p02b refer to the probability of making that
decision, which increases with spatial offset of gaze as a cumulative
Gaussian function. For HA1 and HA2, these correspond to the schematics
in Fig. 2a and b respectively
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Fig. 4 Performance in the identification and detection judgements for each subject. Error bars represent the standard error assuming a binomial distribution
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134.84, p < 0.001, ƞp2 = 0.978) and a significant effect of
judgement (F(1,1) = 31.949, p = 0.011, ƞp

2 = 0.914), but no
significant interaction between the two (F(1,5) = 1.743, p =
0.186, ƞp2 = 0.367). There was no significant difference in
performance based on question order (F(1,1) = 0.923, p =
0.408, ƞp2 = 0.235) and no interaction between question order
and offset (F(1,5) = 1.763, p = 0.181, ƞp2 = 0.37).

In the detection task, the hit rate is taken as the proportion
of trials in which the stimulus with offset gaze is presented in
the first interval and the observer responds that it is in the first
interval, whereas the false-alarm rate describes the proportion
of trials in which the stimulus with offset gaze is presented in
the second interval, but the observer responds that it is in the
first interval. In the identification task, the hit rate describes
the proportion of those trials where a stimulus with leftward
gaze is presented on which the observer responds that gaze is
directed to the left, whilst the false alarm rate describes the
proportion of those trials where a stimulus with rightward
gaze is presented but onwhich the observer responds that gaze
is directed to the left. The proportion of correct responses is
calculated as (HR+(1-FAR))/2, where HR is the hit rate and
FAR is the false-alarm rate (Macmillan and Creelman, 2004).
The threshold is the gaze offset at which it is predicted the
observer will score 75% correct, which is estimated by fitting
a Quick function to the data (Quick, 1974).

The proportion of responses corresponding to accuracy
across both judgements is shown in Fig. 5 for each participant.
The lines correspond to the predictions based on each model
for each participant. The best fitting parameter values are
displayed in Table 3, and the individual SSEs are displayed
in Table 4. The proportion of variance explained by each
model was calculated for each observer in order to compare

the models. Models H01 and H02 explained on average less
variance than HA1 and HA2 (90.32% and 86.13% vs. 92.05%
and 93.52% respectively). These null models therefore do not
explain the data as well as the alternative models.

That model HA2 explains on average more variance than
model HA1 has previously been taken as evidence for prefer-
ring model HA2 (Klein, 1985). However, model HA1 actually
represents a nested model of HA2, because (as shown from the
equations in Table 1) HA2 is equivalent to HA1 in the case
where parameter pA2a is equal to parameter pA2b. HA2 is there-
fore expected to describe the data at least as well as HA1, but to
accept it as the better model it must be tested as to whether it
explains enough variance to justify the extra parameter using
an F-test (Dobson, 1990):

F ¼ S0−S1ð Þ=1
S1= K−Lð Þ

Where S1 and S0 represent the sum of squared error for HA2

and HA1, respectively, K is the number of independent data
points fitted and L is the number of parameters of HA2, and
the degrees of freedom is equal to K - L. Group data did not
provide evidence for preferring the more complex model
(F(1,10) = 2.26, p > 0.05). When testing individual participants’
data, only participant KK’s data showed significant evidence for
preferring the more complex model (F(1,16) = 7.80, p < 0.05).
Individual F values also are displayed in Table 4.

The names of the parameters refer to the calculations. The
values in each case describe the standard deviation of a cumu-
lative Gaussian function with mean 0. Applying the equations
in Table 1 to the cumulative Gaussians described by these
parameters gives the lines in Fig. 5.

Table 2 Hit and false-alarm rates for each task for each observer and associated 75% correct thresholds

Observer Judgement Measure Offset of gaze 75% correct threshold

0.25 0.5 1 2 4 8

KK Detection Hit Rate 0.71 0.61 0.65 0.76 0.85 0.91 3.75
False Alarm Rate 0.58 0.59 0.65 0.50 0.24 0.11

Identification Hit Rate 0.54 0.65 0.57 0.77 0.97 1.00 1.95
False Alarm Rate 0.44 0.54 0.52 0.21 0.02 0.01

MP Detection Hit Rate 0.66 0.56 0.73 0.79 0.94 0.97 2.85
False Alarm Rate 0.71 0.69 0.65 0.47 0.18 0.01

Identification Hit Rate 0.33 0.23 0.34 0.54 0.81 1.00 2.35
False Alarm Rate 0.19 0.19 0.19 0.11 0.00 0.00

PSY Detection Hit Rate 0.47 0.49 0.48 0.65 0.85 0.86 3.85
False Alarm Rate 0.53 0.45 0.46 0.41 0.19 0.14

Identification Hit Rate 0.69 0.76 0.66 0.82 0.98 0.97 2.25
False Alarm Rate 0.61 0.53 0.59 0.38 0.09 0.00

TB Detection Hit Rate 0.56 0.72 0.67 0.83 0.86 0.89 2.15
False Alarm Rate 0.47 0.53 0.41 0.34 0.09 0.03

Identification Hit Rate 0.48 0.59 0.57 0.81 0.96 1.00 1.15
False Alarm Rate 0.41 0.39 0.25 0.20 0.05 0.01

Atten Percept Psychophys (2017) 79:1993–2006 1999



Discussion

The results mirrored the previous findings of Allik et al.
(1982, 2014) with superior performance in identification
judgements than detection judgements across all observers.
Thresholds measured for these stimuli were far lower than
those measured for the Bull’s-eye stimuli used by Allik et al.
(1982, 2014): Allik et al. 2014 found thresholds between ap-
proximately 7.5 and 20 min of arc, whereas thresholds mea-
sured here were approximately between 1 and 2 min of arc
(calculated from the thresholds presented in Table 2). This
may be a result of expertise for judging the direction of gaze
(thresholds for judging gaze direction have been found to be

as low as 0.6 and 0.71 min; Jenkins and Langon, 2003; Cline
1967) but also is likely related to the fact that gaze stimuli
have what is effectively a smaller annulus diameter, which
has been shown by Legge and Campbell (1981) to produce
lower thresholds (also down to less than 1 min of arc). This
evidence suggests that this pattern of performance across iden-
tification and detection judgements is not a quirk of low-level
vision but exists in complex and ecologically valid stimuli. In
some sense, this is a surprising result; given the importance of
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Fig. 5 Proportion of responses predicted by each model according to
accuracy across both judgements. p(D,I) refers to the proportion of
responses where both decisions are correct, p(~D, ~I) refers to both
decisions incorrect, p(~D, I) refers to only identification correct, and

p(D, ~I) refers to detection only correct. Lines show the fit of each
model compared to empirical data (points). Error bars represent the
standard error of the mean assuming a binomial distribution

Table 4 The sum of squared error of the model predictions to each
observer’s data

H01 H02 HA1 HA2 F

KK 0.066 0.059 0.052 0.035 7.801

MP 0.041 0.091 0.020 0.017 2.767

PSY 0.068 0.070 0.058 0.049 3.038

TB 0.021 0.061 0.030 0.029 0.074

Total 0.195 0.280 0.160 0.131 2.265

SSE is the sum of the squared distance of each point in Fig. 5 to the line
that describes themodel prediction. The F statistic compares HA1 and HA2

where larger values indicate greater evidence for rejecting model HA1,
and the total F statistic is performed on group data.

Table 3 Best fitting parameters for each model for each observer

Model H01 HA1 HA2 H02

Parameter σ01 σA1 σA2a σA2b σ02a σ02b

KK 4.17 3.46 2.68 4.74 2.55 5.14

MP 3.45 2.87 3.18 2.56 2.63 3.21

PSY 4.37 3.56 2.92 4.61 2.72 5.06

TB 2.53 2.17 2.23 2.11 1.86 2.43
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gaze perception in social interactions and the recruitment of
dedicated neural mechanisms, why might perception of gaze
offset not be optimized for detection over and above
identification?

The simple Thurstonian model employed by Allik et al.
(2014) was a better fit to the proportions of correct responses
across both judgements than the hypothesis that assumed that
identification performance was in fact equal to detection per-
formance. This model explained more variance in the data
than the two null models, even though H02 contained an extra
parameter (of note, it is not expected that H02 explain more
variance than H01 as these models are independent). The two
parameter model proposed by Klein (1985) explained slightly
more variance in the data than the simpler Thurstonian model.
However, this model would inevitably explain more variance
than the simpler model, given that HA1 is a special case of HA2

where pA2a = pA2b, the additional parameter in HA2means that
this model must explain at least as much variance as HA1. Our
data suggest that the more complex model is not a significant-
ly better fit. Observers’ responses were not, therefore, signif-
icantly impacted by correlated noise between the two inter-
vals. Previous studies have found correlated noise only when
identifying very similar stimuli (Hirsch et al., 1982, Thomas,
1985), so perhaps the extra variance explained by the model
occurred at small spatial offsets, whilst the simpler model gave
a more parsimonious explanation of the data over the entire
performance function. This is not necessarily to say that direct
gaze forms a natural zero point. In fact, observers typically
tend to judge slightly leftward gaze as direct (Calder et al.
2008). It does suggest that, possibly through expertise for
these stimuli, observers’ perception of direct gaze is quite
stable, although this may vary between individuals.

The simple Thurstonian model explains that the computa-
tional complexity of the detection judgement means it requires
more evidence than the identification judgement, as evidence
for the detection judgement is more likely to be closer to a
decision axis. Superior performance in the identification
judgement, therefore, is less surprising. Observers were sim-
ply better at making the simpler judgement, and their perfor-
mance was reliant on how certain they could be given the
distance of the internal evidence from their decision axes.

Despite this seemingly simple explanation, this pattern of
performance is still intuitively perplexing. It suggests that on
certain trials observers were able to make an accurate identi-
fication of the direction of gaze offset, without being able to
judge which face was actually looking in that direction. If
detection of gaze offset were the criterion for awareness of
the direction of gaze, this would suggest that the identification
judgement could be made in the absence of awareness, based
on evidence not available to consciousness. Conceptually, the
detection threshold is a valid measure of awareness, and many
authors have used the detection threshold just so (Marcel,
1980,1983; McCauley et al. 1980; Carr et al., 1982),

especially in a two-interval, two-alternative, forced-choice de-
sign (as we used). However, there is some evidence to suggest
that detection judgements can be made in the absence of
awareness, for instance in the case of blindsight (Weizkrants
et al., 1974, 1995; Azzopardi and Cowey, 1998), suggesting
accuracy in detection does not equate to awareness of a stim-
ulus. Furthermore, chance performance in the detection judge-
ment in this task does not mean participants could not detect
the stimulus as a whole but rather that they were at chance in
detecting a property of that stimulus – direct gaze. Thus, the
assumption that performance in the detection judgement
marks conscious awareness of that property of the stimulus
needs to be tested.

One way to test this assumption is to use metacognitive
ratings (Timmermans and Cleeremans, 2015; Barrett et al.,
2013; but see also Jachs et al., 2015). If observers were mak-
ing accurate guesses based on evidence inaccessible to con-
sciousness, then they would not be able to discriminate their
correct responses from their incorrect responses.
Metacognitive ratings ask observers to rate how certain they
are that their response is correct, thereby giving a measure of
how well they are able to discriminate their correct and incor-
rect responses. However, these ratings are highly subject to
bias; observers could be extremely liberal and rate that they
are certain that many of their responses are correct based on
internal evidence that more conservative observers may rate as
far less certain. A Signal Detection Theory (SDT, Green and
Swets, 1966) approach can be used to tackle this issue. Under
SDT, d’ gives a measure of an observer’s sensitivity to a stim-
ulus by measuring the distance between the means of the
distributions of internal evidence for the presence of that
stimulus and the distribution of noise, or internal evidence
for a comparison stimulus. This measure is impervious to
how an observer might choose to treat the evidence or where
they place their criterion for responding one way or the other.
Maniscalco and Lau (2012, 2014) have extended this ap-
proach to metacognitive ratings, producing a measure, meta-
d’, of sensitivity to one’s own correct and incorrect responses,
irrespective of any bias in the criteria for confidence ratings.
Meta-d’ is calculated in a similar manner to d’, with the ex-
ception that a ‘hit’ is taken as a high confidence rating on a
correct response, and a false alarm is taken as a high confi-
dence rating on an incorrect response. Since meta-d’ is a di-
mensionless measure in the same way as d’, sensitivity to the
stimulus and sensitivity to one’s own correct and incorrect
responses can be directly compared.

To test whether observers were aware of the direction
of gaze when they were unable to accurately detect
which face was looking in that direction, we modified
the traditional double judgements procedure to include
metacognitive ratings. In Experiment 2, we asked par-
ticipants to return to complete more trials with this
modified procedure.
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Experiment 2 Methods

Participants, apparatus, and stimuli were the same as in
Experiment 1.

Procedure

Three spatial offsets were chosen based on participants’ pre-
vious performance. The smallest corresponded to approxi-
mately 75% correct performance in the identification judge-
ment (corresponding to the greatest hypothesized difference in
performance between the two judgements). The second
corresponded to approximately 75% correct performance in
the detection judgement to match the performance of the
smaller offset in the identification judgement, and finally, a
large offset of 10 degrees to produce ceiling performance in
both detection and identification judgements. These thresh-
olds values were chosen as they are frequently used as thresh-
olds for awareness. Participants were asked to give their re-
sponses to both judgements in the form of a pseudo-type-2
Bmetacognitive^ rating (Galvin et al. 2003). Table 5 shows the
new responses. Different keys were used for the identification
and detection judgements (which were performed as a
2x2AFC as before), which were labelled with stickers.
Participants were instructed to place their index, middle, and
ring fingers of each hand on the keys corresponding to the first
response at the beginning of each trial. The keys D – K were
used for the detection judgement and X – M for the identifi-
cation judgement, so that participants could easily move their
hands up or down to make the second response.

As in experiment 1, the order of responses was
counterbalanced between blocks, within participants.
Participants performed 192 trials per offset condition, giving
576 trials completed in a single session of approximately 1
hour.

Results

Responses to the large gaze offset of 10 degrees were not
included in the analysis as ceiling performance was expected;
these trials were only included so that the experiment was not
too difficult, given the other offsets were predicted to elicit
near-threshold performance. Performance in trials containing
the other two offsets was first compared against performance

in the first experiment to ensure the extra cognitive load of the
task did not cause performance to suffer. Hit and false-alarm
rates are shown in Table 6. In each case, participants per-
formed at a similar level to what was predicted by data in
the previous experiment, with an average of a 1% increase
(with a standard deviation of 4%) from the 75% correct per-
formance predicted. The models of experiment 1 were not fit
to the data, because there were not enough gaze offsets tested
to constrain the model.

Responses were then sorted into contingency tables based
on the rating/response, henceforth only the two smaller spatial
offsets, corresponding to approximately 75% correct perfor-
mance in identification and detection judgements, respective-
ly, are reported. These data were used to calculate d’ and meta-
d’ using the HMM toolbox (Hierarchical meta-d’ model, cre-
ated by Dr Steve Fleming, UCL). The toolbox uses a hierar-
chical Bayesian framework to fit Maniscalco and Lau’s (2012,
2014) meta-d’ model to the data, utilising MCMC (Markov
Chain Monte Carlo) inference on arbitrary Bayesian models
implemented in MATLAB and JAGS (Just Another Gibbs
Sampler). Meta-d’ provides a SDT approach to estimating
metacognitive sensitivity based on how well participants are
able to distinguish between their correct and incorrect re-
sponses. The ratio of meta-d’ to d’ measures the degree to
which the participant is able to make metacognitive use of
the information used in their type-1 decision. Meta-d’ ratio
was roughly equal across the two tasks, with a significant
correlation of 0.91 (p < 0.01; Fig. 6).

Discussion

Observers’ ability to discriminate their correct from incorrect
responses across both tasks was measured by asking observers
to rate how certain they were that they were correct on each
trial. These data were used to calculate meta-d’, an index of
the observers’ metacognitive sensitivity. It was hypothesized
that if observers were more aware of the perceptual evidence
used to make the identification judgement than the detection
judgement, especially when detection performance was below
threshold, then the ratio of meta-d’ to d’ would be greater in
the identification task than the detection task.

However, inspection of Fig. 6 indicates that the ratio of meta-
d’ to d’ across judgements does not deviate systematically from
equality, meaning that when sensitivity was taken into

Table 5 Correspondence between the sign of the identification and detection responses, the certainty of the response and the rating form it is given in

Rating 1 2 3 4 5 6

Certainty Highly certain
I am correct

Moderately certain
I am correct

Low certainty/I don’t
know if I am correct

Low certainty/I don’t
know if I am correct

Moderately certain
I am correct

Highly certain
I am correct

Identification Left Left Left Right Right Right

Detection 1st Interval 1st Interval 1st Interval 2nd Interval 2nd Interval 2nd Interval
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consideration, awareness was roughly equal. There was nothing
particularly special about the identification judgement that
meant that observers were more sensitive in discriminating their

correct and incorrect judgements. It is therefore worthwhile con-
sidering how participants were making their ratings based on
performance across both judgements.

Figure 7 shows the average ratings given by each partici-
pant according to their performance across both judgements,
collapsed across the two spatial offsets. The pattern of ratings
tends to follow the theoretical distance of the evidence from
decision criteria. The most confident ratings are given in the
case where both responses are correct (andwhere the evidence
can be furthest from both criteria, as can be seen in Fig. 2).
Perhaps counterintuitively, more confident ratings are given
when both responses are incorrect compared with when the
identification response is incorrect and the detection response
is correct. If the metacognitive ratings were based solely on
the strength of the perceptual evidence, then one would expect
that observers would report roughly equal metacognitive con-
fidence when the identification response is incorrect irrespec-
tive of detection performance, but this is not the case. Figure 2
shows that the evidence when both decisions are incorrect
tends to be further from the decision criteria than when only
the identification decision is incorrect. It thus appears likely
that participants were using the distance of the evidence from
their decision criterion as a factor in making their
metacognitive ratings. Furthermore, the pattern is the same
for identification and detection ratings, indicating that both
ratings were made on the bases of the distance of the evidence
from both decision axes, despite the fact the identification
decision could be made on the basis of just one decision axis
(the negative diagonal of Fig. 1). This may be because ob-
servers’ confidence ratings were not completely independent;

Table 6 Hit and false-alarm rates for each participant in each task for
the two gaze offsets measured

Participant Judgement Measure Gaze offset no.

1 2

KK Detection Hit rate 0.69 0.79

False-alarm rate 0.48 0.18

Identification Hit rate 0.75 0.94

False-alarm rate 0.38 0.15

MP Detection Hit rate 0.82 0.83

False-alarm rate 0.36 0.28

Identification Hit rate 0.58 0.70

False-alarm rate 0.03 0.01

PSY Detection Hit rate 0.79 0.85

False-alarm rate 0.42 0.24

Identification Hit rate 0.85 0.93

False-alarm rate 0.32 0.03

TB Detection Hit rate 0.58 0.77

False-alarm rate 0.35 0.27

Identification Hit rate 0.76 0.85

False-alarm rate 0.28 0.27

Hit and false-alarm rates are measured as described in Table 2. The ‘gaze
offset no.’ refers to the smaller gaze offset (75% correct identification
threshold) and larger gaze offset (75% correct detection threshold) respec-
tively, which are shown for each participant in Table 2
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they reported less confidence in one decision when they were
less confident in the other.

Conclusions

In these experiments, we observed superior performance in
identifying the direction of gaze offset than detecting offset
gaze. Of the four models examined, a simple Thurstonian
model (HA1) proved the most parsimonious explanation of
the empirical data. Under this model, the detection judgement
is actually more computationally complex than the identifica-
tion judgement, since the observer needs to account for both x
– y > 0 and x + y > 0 (where x and y denote the signed
evidence of spatial offset in each interval). The decision space
depicted in Fig. 1 also reveals that evidence for the detection
judgement will always be of equal or lesser distance from the
nearest decision axis than in the identification judgement,
making the evidence for this judgement more uncertain.

By incorporating metacognitive ratings into the double
judgements procedure, we were able to analyse not only

how participants were using the evidence to make their differ-
ent judgements but also how this evidence might be affecting
their sensory experience of the stimuli. Observers’ ability to
discriminate their own correct and incorrect responses was
roughly equal when their sensitivity to the stimuli was taken
into account. Furthermore, the average ratings given based on
accuracy across both judgements mirrored the theoretical dis-
tance of the evidence from the decision axes based on the
simple Thurstonian model. This indicates that metacognitive
awareness may be reliant not only on the strength of the inter-
nal evidence, but also on the relative distance of this evidence
from decision criteria. At least in this case, performance and
metacognitive ratings were closely related.

That this pattern of performance was shown for judgements
about the direction of gaze is interesting for two reasons. First,
it means that a performance advantage for identification over
detection of spatial offset is not a quirk of low-level vision, as
the advantage is evident even when many properties of a stim-
ulus are bound together, as in determining another’s gaze di-
rection. However, it is worthwhile questioning whether in this
case observers were only using spatial offset information—
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perhaps if they were forced to incorporate other evidence, for
example, in making the same judgements but with rotated
heads, the results may turn out differently. Furthermore, evi-
dence used in perceiving gaze direction may affect identifica-
tion and detection judgements separately. For instance, ob-
servers have been shown to accept greater gaze offsets as
direct when the face stimulus has an angry expression
(Ewbank et al., 2009), and this may affect the detection judge-
ment more than the identification judgement. Alternatively,
the identification judgement might be affected more than the
detection judgement by the presence of contextual objects,
which have been shown to bias the perceived direction of gaze
(Lobmaier et al., 2006).

The second reason why superior performance on the iden-
tification task is especially interesting is that, given the impor-
tance of detecting gaze direction as a social cue, one could
argue that detection should be optimized over identification
performance. Perhaps detection of gaze offset is not so impor-
tant in the temporal domain—given that our stimuli were pre-
sented in quick temporal succession, a scenario that is unlikely
to occur often in the natural world. To investigate this issue,
one could run experiments analogous to those presented but
using a spatial 2AFC, presenting the two faces side by side. Of
note, Allik et al (2014) presented their annuli side by side and
replicated their 1982 results in which the annuli were present-
ed temporally. Another possibility is that accuracy in the iden-
tification judgement is actually more important than accuracy
in the detection task. Evidence suggest that observers can
perceive a large Bcone of direct gaze^ (the extent to which
increasingly indirect gaze is accepted as direct), which be-
comes larger with social anxiety (Gamer et al., 2011; Jun
et al., 2013) and with threatening emotions (Ewbank et al.,
2009). It has been suggested that we may have a prior expec-
tation for direct gaze (Mareschal, Calder and Clifford, 2013;
Mareschal, Otsuka, & Clifford, 2014) that evolved to mini-
mize missing direct gaze, for example, by interpreting direct
gaze as slightly offset, which incurs greater cost than the false
alarm of perceiving slightly offset gaze as direct. In contrast,
accurate identification of gaze direction is important for atten-
tional cueing by gaze stimuli, which has been suggested to be
implicit and resistant to top-down suppression (Friesen and
Kingstone, 1998), as well as for accurately understanding
what someone else is looking at, where both of these cues
incur a similar cost for any mistake (misses and false alarms).

The double judgements procedure proved a powerful meth-
od for examining the relationship between performances
across two different judgements. By analysing accuracy
across both judgements simultaneously, we were able to show
that differences in performance could be the result of the same
evidence being used in different ways. Furthermore, the pro-
cedure was adapted to examine how the relative strength of
evidence across the two judgements might differentially affect
observers’ perceptual awareness of offset gaze. These results

show that both performance and metacognitive awareness rely
onmore than just the strength of sensory evidence, but also the
computational complexity of the decision, which determines
the relative distance of that evidence from decision axes.
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