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Abstract
Metacognition can be deployed retrospectively (i.e. to
reflect on the correctness of our recent behaviour) or
prospectively (i.e. to make predictions of success in
one’s future behaviour or make decisions about strate-
gies to solve future problems). We sought to investigate
the factors that determine this sort of prospective deci-
sion making. Human participants performed a visual dis-
crimination task followed by ratings of stimulus visibility
and response confidence. Prior to each discrimination
trial participants made prospective judgments concern-
ing the upcoming task. In Experiment 1, they rated their
belief of future success. In Experiment 2, they rated their
decision to adopt a focussed attentional state. Both types
of prospective decisions were related to behavioural per-
formance in different ways. Prospective beliefs of suc-
cess were associated with no performance changes while
prospective decisions to engage attention were followed
by better self-evaluation of the correctness of behavioural
responses. Using standard machine learning classifiers
we found that the current prospective decision could be
predicted from information concerning task-correctness,
stimulus visibility and response confidence from previ-
ous trials. In both Experiments, awareness and con-
fidence were more diagnostic of the prospective deci-
sion than task correctness. Notably, classifiers trained
with prospective beliefs of success in Experiment 1 pre-
dicted decisions to engage in Experiment 2 and vice-
versa. These results indicate that the formation of these
seemingly different prospective decisions share a com-
mon, dynamic representational structure.
https://tinyurl.com/yxjsosnf.
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Introduction
Prior research in the memory domain addressed how people
make prospective judgments of learning during study (Nelson
& Dunlosky, 1991; Koriat, 1997), and revealed, for instance,
how decisions to study rely on the evaluation of one’s own
learning (Nelson & Leonesio, 1988; Metcalfe & Finn, 2008)
and how this self-evaluation during study relates to subse-
quent memory accuracy. However, little is know about the

factors that influence prospective metacognition during per-
ceptual decision making. In addition to monitoring one’s own
behavioral performance and forming prospective beliefs about
future success, people also engage in self-regulation. For in-
stance, people may also decide to put more attention when
they lack confidence in their knowledge or stop a further study
when they are confident.

We here sought to investigate whether or not the forma-
tion of seemingly different types of prospective decisions (i.e.
beliefs of success and decisions to engage with the environ-
ment) make use of similar information and recruit similar pro-
cesses. After all, one’s certainty of the adequacy of one’s be-
havioural responses may be dependent on a host of different
factors, including stimulus visibility, interference from distract-
ing information and additional biases and heuristics (Koriat,
2007). For instance, given a challenging perceptual task, a
state of the low visibility of the critical target may encourage
the observer to decide to invest more effort in the next trial but
may also lead to a reduction in confidence about his prospec-
tive accuracy. It is not known whether or not different prospec-
tive beliefs (i.e. involving a decision to adopt a more focused
attention state on the next trial vs. prospective beliefs of suc-
cess) are dependent on the same factors.

Method

Experimental task and procedure

Using a paradigm involving visual perceptual decisions we in-
vestigated the factors that predict future prospective beliefs
of performance success vs. prospective decisions to engage
with the environment (i.e. decisions to adopt a focused at-
tention state). Specifically, we modified an existing paradigm
(Jachs, Blanco, Grantham-Hill, & Soto, 2015) to quantify the
contribution of the state of visual awareness, task-confidence
and task-correctness from previous trials to the prospective
decision making in the upcoming trial. Figure 1 illustrates the
experimental task. Participants were presented with an ori-
ented Gabor patch near the threshold of visual awareness.
Prior to the presentation of the Gabor, on each trial, partic-
ipants indicated their belief of success (i.e. low or high) in
the upcoming orientation discrimination task (Experiment 1)
or indicated their decision to engage a focused attention state
(low or high; Experiment 2). Following the presentation of the
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Gabor, participants rated their visual awareness, responded
to the Gabor orientation and rated their confidence in the ori-
entation response (Jachs et al., 2015; Charles, Van Opstal,
Marti, & Dehaene, 2013).

Figure 1: Illustration of the experimental task

Machine learning protocols

We used standard machine learning algorithms to investigate
whether prospective beliefs of success on the current trial (Ex-
periment 1) or the current prospective decision to engage at-
tention (Experiment 2) can be predicted based on the partic-
ipants’ experiences during task performance on previous tri-
als. Hence we aimed to predict whether the belief of success
was low or high (Experiment 1) or whether participants decide
to engage in high or low attention state (Experiment 2) given
a vector of features including correctness, visual awareness,
and confidence from the previous trials, critically, considering
1-back, 2-back, 3-back, and 4-back trials separately for train-
ing and testing the classifier. We employed a regularized ran-
dom forest and a logistic regression classifier to perform the
same classification problem in order to estimate the stability
of the decoding performance and to provide more information
about the pattern of results based on the feature importance
and coefficients of the different features used for classification.
In order to estimate the variance of the decoding performance,
we conducted a 100-fold shuffle splitting cross-validation for
each subject, each N-back, and each classifier. Each fold was
constructed by shuffling the order of the instances including
both the features and targets, and then 80% of the instances
were selected to form a training set while the rest 20% became
the testing set. After fitting the classifier with the training set,
probabilistic predictions were made for the testing set. The
performance was measured by the area under the receiver
operating curve (ROC AUC). The statistical significance of the
classification scores in each condition (i.e. N-back) were de-
termined by a permutation t-test (Ludbrook & Dudley, 1998).
In it, decoding scores were assessed relative to their corre-
sponding chance level estimates pairwise.

Results
Across the two experiments, we found that a logistic regres-
sion classifier significantly predicted the upcoming prospective
belief of success (Experiment 1) and the prospective decision
to engage attention (Experiment 2) based on the pattern of

awareness, confidence, and correctness exhibited in the pre-
vious trials. This result was replicated with a regularized ran-
dom forest classifier. Information from the previous trial led
to the highest accuracy in the classification of the prospective
belief of success/decision to engage, with classification accu-
racy increasingly dropping with up to 4 trials back (see Figure
2).

Figure 2: Results from the logistic regression and random for-
est models tested separately for each of trials back. ***: p <
0.001, **: p < 0.01, *: p < 0.05, Bonferroni corrected; n.s.:
not significant. Error bars represent bootstrapped 95% confi-
dence intervals.

Next, we assessed the relevance of each of the different at-
tributes (awareness, confidence, and correctness) for the clas-
sification. As we were interested in understanding the factors
that contribute to future beliefs of success, we analyzed the
weight coefficients (odd ratios) from the logistic regression,
and the feature importance of the random forest classifier by
means of an ANOVA with time window (1, 2, 3 and 4 trials
back) and feature attribute as factors. Since the above clas-
sification results already showed that classification accuracy
decreases with the number of trials back, additional analyses
based on significant main effects of time window are not con-
sidered further. As illustrated in Figure 3 (top-left panel), fol-
lowing a rating of high awareness/confidence in the previous
trial, observers were four times more likely to report a high
belief of success; following a rating of high confidence in the
previous trial, observers were 1.4 times more likely to report
a high belief of success. Similar patterns were observed for
the feature importance of the random forest model (bottom-left
panel). Figure 3, panels (top-right and bottom-right) illustrate
similar findings for the prospective decision to engage atten-
tion.

Then, we analyzed the data from both experiments together
in order to estimate how much information learned from one
experiment can be transferred to the other experiment. We
found that the logistic regression model was able to decode
the decision to attend (Experiment 2) based on the pattern
of awareness, confidence, and correctness from the previous
trial of Experiment 1 in which participants rated their belief of
success (p = 0.0106), but not with the attributes in 2, 3, or
4 trial back (p > 0.9). Then we trained the classifier using
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Figure 3: Odd ratios from the logistic regression and feature
importance from the random forest models tested separately
for each of the trials back. **: p < 0.01, *: p < 0.05, Bon-
ferroni corrected, n.s.: not significant. Error bars represent
bootstrapped 95% confidence intervals.

the data from Experiment 2 and tested the classifier using the
data from Experiment 1. The classifier was able to decode the
prospective belief of success based on the pattern of aware-
ness, confidence, and correctness from the previous trial of
Experiment 2 in which observers made decisions to engage
(p = 0.0004); however this was not the case for N = 2 or 3 or
4 trials back (lowest p-value = 0.0739). These results are de-
picted in Figure 4. This pattern of results was fully replicated
using analyses based on a random forest classifier.

Figure 4: Across-experiment generalization results. Classi-
fiers were trained on data from either experiment and tested
on the other experiment. This was done separately for each of
trials back. **: p < 0.001, *: p < 0.05, Bonferroni corrected,
n.s.: not significant. Error bars represent bootstrapped 95%
confidence intervals.

Finally, we asked whether these seemingly different
prospective decisions play a functional role in shaping sub-
sequent perceptual discrimination or metacognitive perfor-
mance. We then tested whether the performance in the Ga-
bor discrimination task was affected by the type of prospec-
tive belief or decision to engage attention. One possibility is
that estimations of the high probability of success may en-
courage observers to invest more cognitive resources in the
upcoming trial and hence facilitate performance in a similar
way to decisions to engage focused attention. We found that
prospective beliefs of success were associated with no perfor-
mance changes in the Gabor orientation discrimination per-
formance (d’) while prospective decisions to engage atten-

Figure 5: Perceptual sensitivity (d’) and metacognitive sensi-
tivity (meta-d’) scores as a function of the state of awareness
and the decision to engage attention. Error bars represent
standard error of the mean.

tion were followed by better self-evaluation of the correctness
of behavioural response (i.e. the relationship between confi-
dence ratings and task accuracy - meta-d’)(Maniscalco & Lau,
2012). Figure 5 illustrates these results.

Discussion

Across two experiments, we found that standard ma-
chine learning classifiers significantly predicted the upcoming
prospective belief of success based on the pattern of aware-
ness, confidence, and correctness exhibited in previous tri-
als, each tested separately. Information from the previous trial
led to the highest accuracy in the prospective belief of suc-
cess, with classification accuracy increasingly dropping with
up to four trials back. This finding is consistent with prior work
(Fleming, Massoni, Gajdos, & Vergnaud, 2016). The present
study goes beyond to show that this pattern of results gen-
eralises to different types of prospective decisions, namely,
individual decisions to engage with the task. This conclusion
is further supported by the finding that a classifier trained on
data from one experimental context (e.g. involving prospec-
tive beliefs) could be used to predict a different prospective
decision (i.e., to engage attention) and vice-versa. However,
this generalization only occurred when data from just the prior
trial was considered. We suggest that a common representa-
tional structure supports the dynamic formation of seemingly
different types of prospective judgements.

However, despite the common information pattern based
on past confidence and awareness that underlies the forma-
tion of prospective judgments, only the prospective decisions
to attend appeared to influence the observers retrospective
evaluation of the correctness of perceptual decisions (meta-
d’), but this was not the case following a prospective belief
of high success. From the perspective of the ’self-fulfilling
prophecy’, prospective beliefs of success may set an expec-
tation concerning upcoming behavioural performance that the
participant is motivated to meet (Weinberg, Gould, & Jack-
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son, 1979; Zacharopoulos, Binetti, Walsh, & Kanai, 2014) and
accordingly, a belief of performance success might in principle
encourage observers to invest more cognitive resources in the
upcoming trial. Our results suggest that this is not the case.

Prospective beliefs of success concerned here a low-level
perceptual discrimination task. It is possible that prospective
beliefs are more diagnostic of the upcoming behavioural per-
formance in different task domains, namely, memory (Nelson
& Dunlosky, 1991; Kao, Davis, & Gabrieli, 2005). Another pos-
sibility is that decisions to engage attention are more likely to
be embodied by comparison to beliefs of success. Accord-
ingly, recent theoretical frameworks borrowing from ecologi-
cal psychology (Gibson, 1979) propose that perceptual biases
and decisions are not independent of action. In this frame-
work, perception drives decisions and action, but actions also
drive subsequent experiences in a dynamic perception-action
loop (Lepora & Pezzulo, 2015). We propose that decisions to
engage with the environment (i.e. to deploy a focussed atten-
tion state) are more likely to be embodied in the action system
and hence are very likely to trigger commitment towards that
action, while prospective beliefs may not. It is possible that de-
cisions to engage attention trigger preparatory control which
in turn can influence subsequent cognitive processing.

In summary, this study indicates that a common representa-
tional structure supports the dynamic formation of seemingly
different types of prospective judgements. Additional research
is however needed to test whether these observations gener-
alize to different task contexts and cognitive domains beyond
perceptual decision making, including those in which the pre-
cision of retrospective metacognition is not correlated across
tasks (e.g. (Kelemen, Frost, & Weaver, 2000)).
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