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Abstract
Many mental processes are reactive — they are altered as a result of introspection and monitoring. It has been documented that
soliciting trial-by-trial confidence ratings (CRs) reactively improves decision accuracy and lengthens response times (RTs),
but the cognitive mechanisms underlying CR reactivity in decision-making remain unknown. The current study conducted
two experiments and employed the drift-diffusion model (DDM) to explore why reporting confidence reactively alters the
decision-making process. The results showed that CRs led to enhanced decision accuracy, longer RTs, and higher response
thresholds. The findings are consistent with an increased conservatism hypothesis which asserts that soliciting CRs provokes
feelings of uncertainty and makes individuals more cautious in their decision making.
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Introduction

The past few decades have witnessed a burgeoning of research
on metacognition. Research in this field typically requires par-
ticipants to submit trial-by-trial confidence ratings (CRs) to
provide insights into their metacognitive monitoring processes
(Busey et al., 2000; Fleming et al., 2010; Hu et al., 2022a,
2022b) and to measure individuals’ metacognitive ability by
quantifying the relationships between CRs and task perfor-
mance (Fleming et al., 2012; Fleming et al., 2014; Fleming
& Lau, 2014).! In previous studies, CR accuracy is typically
quantified as signed differences or intra-individual relations
between CRs and task performance (e.g., decision accuracy).
However, an emerging body of research has found that solic-
iting CRs can cause reactivity in task performance, whereby
task performance is altered by the act of being monitored and
reported (Bonder & Gopher, 2019; Double & Birney, 2017;
Double & Birney, 2018, 2019; Lei et al., 2020).

A concrete example of reactivity is that the requirement
to report trial-by-trial response-confidence promotes deci-
sion accuracy and lengthens response times (RTs) (Bonder &
Gopher, 2019; Lei et al., 2020). Such reactivity effects suggest
that CRs may not provide an unbiased measure of metacogni-
tion because the requirement to report confidence reactively

! For the sake of conciseness, hereafter confidence rating is referred
to as CR.

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.3758/s13423-023-02380-5&domain=pdf
http://orcid.org/0000-0002-4995-7300

Psychonomic Bulletin & Review

changes the very entity being monitored. Although several
studies have observed reactivity effects of CRs on decision-
making (Bonder & Gopher, 2019; Lei et al., 2020), little
research has been conducted to investigate its cognitive under-
pinnings. The current study aims to fill this gap by proposing
two theoretical explanations and empirically testing them.

Confidence Rating (CR) reactivity in decision making

A handful of recent studies demonstrated that the requirement
to report confidence following each decision can reactively
alter the decision-making process per se (e.g., Birney et al.,
2017; Bonder & Gopher, 2019; Double & Birney, 2018, 2019;
Lei et al., 2020). For instance, in a perceptual decision-making
task, Lei et al. (2020) presented participants with a rectangle
filled with orange and blue colors and instructed them to judge
which color (orange/blue) filled more of the area. After making
each perceptual decision, participants reported either confi-
dence about their decision accuracy or not. The results showed
that the requirement of reporting confidence significantly
increased both decision accuracy and RTs. Similar findings
were obtained by Bonder and Gopher (2019). In their study,
participants judged the location of a small gap. Participants in
a CR group were asked to report response-confidence in each
trial while those in a control group did not. Bonder and Gopher
(2019) found that participants responded more accurately and
slowly in the CR than in the control group. Furthermore, the
enhancing effect of CRs on decision accuracy transferred to a
subsequent task in which there was no requirement to report
response confidence.

It should be noted that previous findings about the reac-
tivity effect of CRs on decision accuracy are somewhat
inconsistent. For instance, Baranski and Petrusic (2001)
found that, although reporting confidence increased RTs in
a line-length comparison task, it had no significant influ-
ence on decision accuracy. Similarly, Petrusic and Baranski
(2003) found that, although reporting confidence resulted in
longer decision RTs in a forced-choice sensory discrimina-
tion task, there was no significant reactive effect of CRs on
sensory discrimination accuracy.

In sum, prior findings about the effect of CRs on decision
accuracy are somewhat inconsistent, with some showing
CRs facilitating accuracy and others showing minimal influ-
ence. By contrast, the reactivity effect of CRs on decision
RTs is quite robust: that is, reporting response-confidence
lengthens decision RTs. Hence, below we focus on the effect
of CRs on decision RTs.

Putative mechanisms underlying CR reactivity
in decision Response Times (RTs)

Although many previous studies observed that decision RTs
are reactive to CRs, explanations about why this happens
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are lacking. Here, we propose two possibilities: (1) dual-task
costs and (2) increased conservatism. The dual-task costs
account asserts that the requirement of providing CRs func-
tions as a secondary task that borrows cognitive resources
from the primary decision-making task, leading to a delay of
decision responses and longer decision RTs (Mitchum et al.,
2016). Specifically, participants have to search for diagnostic
cues to provide an appropriate CR for each decision response,
and the cue-search process may borrow cognitive resources
from the primary decision task (Baranski & Petrusic, 1998,
2001; Petrusic & Baranski, 2003). In addition, translating
subjective feelings of confidence into a specific numerical
judgment (e.g., 0-100) is also resource consuming. Many
studies have demonstrated that including a secondary task
delays responses to the primary task (e.g., Craik et al., 1996).

The second potential explanation for CR reactivity in deci-
sion RTs is increased conservatism, which assumes that repeat-
edly asking participants to report their confidence provokes
feelings of uncertainty about decision accuracy, in turn mak-
ing them more cautious (i.e., conservative) in their decisions
(Banca et al., 2015; Theisen et al., 2021). Specifically, asking
participants to report decision confidence induces conscious
reflection about decision accuracy (Konstantinidis & Shanks,
2014) and invites them to consider that not all of their decisions
are correct (Double & Birney, 2017). Put differently, repeatedly
prompting participants to provide response-confidence judg-
ments enhances feelings of uncertainty and induces individuals
to gather more information (or evidence) before making a deci-
sion, resulting in longer RTs.

Drift-diffusion model

Computational models of decision RTs, such as the drift-
diffusion models (DDMs), can be employed to directly test
the two theoretical explanations discussed above (Hu et al.,
2022b; Ratcliff et al., 2016; Voss et al., 2004; Wiecki et al.,
2013). DDMs are widely used to decompose RTs in binary
decision-making tasks (Ratcliff et al., 2016; Wiecki et al.,
2013). Specifically, DDMs assume that the process of mak-
ing binary decisions is a process of information accumulation
over time toward one or the other decision boundary (i.e.,
decision threshold). DDMs decompose decision-making into
four components: boundary separation or threshold (a), drift
rate (v), starting point (z), and non-decision time (#,) (see
Fig. 1).

Boundary separation (a) represents the amount of relative
evidence required to reach a decision to select one choice
over the other. It can be altered by a speed/accuracy trade-
off manipulation (Voss et al., 2004). Drift rate (v) describes
the mean rate for approaching a boundary within a trial and
reflects the quality of information gathered from the stimu-
lus (Ratcliff et al., 2004). Specifically, drift rate reflects the
extent to which evidence accumulation is affected by noise
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Fig. 1 Visual illustration of the drift-diffusion model (DDM) param-
eters. v = drift rate; a = boundary separation or threshold; #, = non-
decision time; z = starting point

(i.e., irrelevant factors). The starting point (z) refers to a bias
toward one of the two response options. Researchers often
assume that there is no bias between response options which
have an equal chance of being correct, and therefore set the
starting point at the midpoint between the two boundaries
(Stafford et al., 2020), although in other circumstances a
bias may be present. Non-decision time (7)) is the amount
of time that is not dedicated to the decision-making process.
Typically, it is assumed to be equal to the sum of the time of
stimulus preprocessing before evidence accumulation and
the motor response time for performing a response after the
decision has been reached (for a review, see Ratcliff et al.,
2016).

DDMs can be used to decompose decision RTs and hence
employed to directly test the dual-task costs and increased con-
servatism theories of CR reactivity in decision RTs. According
to the dual-task costs theory, CR reactivity in decision RTs
derives from the fact that reporting confidence, as a secondary
task, borrows cognitive resources from the primary decision
task. This additional requirement may interfere with informa-
tion accumulation and introduce more noise into the decision-
making process, leading to a smaller drift rate (v). In addition,
it may interfere with the non-decision components (such as
interfering with stimulus preprocessing and motor response),
resulting in longer non-decision time (f,). In contrast to the
dual-task costs theory, the increased conservatism theory pro-
poses that CR reactivity in decision RTs results from the fact
that reporting confidence increases feelings of uncertainty
about decision accuracy and makes individuals more cau-
tious (Banca et al., 2015; Theisen et al., 2021). Accordingly,
it predicts that reporting confidence should increase boundary
separation (a).

Overall, the dual-task costs theory assumes that reporting
confidence reactively lengthens decision RTs through decreas-
ing information accumulation rate (v) and/or increasing

non-decision time (#,). By contrast, the increased conserva-
tism hypothesis predicts that reporting confidence delays
decision responses through increasing response threshold (a).
DDMs can be employed to directly test these two theories.
Of course, it should be noted beforehand that the dual-task
costs and increased conservatism theories are not necessarily
mutually exclusive, and the mechanisms proposed by these
two theories may jointly contribute to CR reactivity in deci-
sion RTs.

Overview of the current study

In the current study, we employed a DDM to test the two theo-
ries described above. To achieve this aim, we asked participants
to complete perceptual decision-making tasks adapted from Lei
et al. (2020) and Fleming et al. (2014). During the decision-
making tasks, participants in the CR condition were instructed
to report their confidence following each decision, whereas they
were asked to press a number key randomly selected by the
computer (i.e., not reporting decision confidence) in the control
condition. A DDM was employed to decompose decision RTs
in both conditions and then we compared the key parameters of
drift rate (v), non-decision time (#,), and boundary separation
(a) between the two conditions.

Experiments 1 and 2

Experiment 1 was conducted to test the dual-task costs and
increased conservatism theories. The dual-task costs theory
predicts lower drift rate (v) and/or longer non-decision time
(tp) in the CR than in the control condition, whereas the
increased conservatism theory predicts greater boundary
separation (a) in the CR than in the control condition.
Experiment 2 was conducted to conceptually replicate the
main findings of Experiment 1. Additionally, it employed a
new decision-making task (i.e., a dot number comparison
task) to test the generalizability of the findings observed in
Experiment 1. Experiments 1 and 2 had the same experi-
mental design and analysis pipeline. Hence, for the sake of
conciseness, these two experiments are reported together.

Methods
Participants

For Experiment 1, a pilot study was conducted to roughly
determine the effect size of the reactive impact of CRs on deci-
sion RTs. According to the pilot results (Cohen’s d = 0.55), we
estimated that approximately 28 participants were required to
observe a significant (a = .05) effect at .80 power. Accordingly,
Experient 1 recruited 28 participants (M age = 20.21 years,
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SD = 1.99 years; 26 females) from the Beijing Normal
University (BNU) participant pool. Similar to Experiment
1, Experiment 2 recruited 28 new participants (M age =
21.68 years, SD = 3.03 years; 22 females) from the same
participant pool.

In both experiments, participants provided informed
consent, were tested individually in a sound-proofed cubi-
cle, and received financial remuneration. The protocol was
approved by the Institutional Review Board of the BNU Fac-
ulty of Psychology.

Materials

In Experiment 1, the stimuli were pictures depicting a
rectangle of 768 X 624 pixels, which were divided into
two areas by a random jagged line, with one area filled in
orange and the other in blue (see Fig. 2A). The average
difference in area filled in blue and orange was 9.31% of
the rectangle (SD = 3.79%). There were 420 pictures in
total, produced via a MATLAB script. Twenty of them
were used for practice and the other 400 were used in the
main experiment.

Similar to the materials used by Fleming et al. (2014),
the stimuli employed in Experiment 2 were pictures that
contained two circles (diameter of 11.5°) containing a

A
+ +
[ [2] 3] [4] [ [2] [3] [4]
CR Control
B
+ +

W B WEeBEE

CR Control

Fig.2 Flow charts depicting the stimuli and task procedures in
Experiments 1 (A) and 2 (B), respectively. CR = confidence rating
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number of dots (see Fig. 2B). One of the two circles always
contained 50 dots and the other contained more than 50
dots (ranging from 51 to 75). The two circles were placed
randomly on the left and right sides of the screen. 420 pic-
tures were produced via a MATLAB script. Twenty were
used for practice and the other 400 were used in the main
experiment.

To prevent any item-selection effects, for each participant
in each experiment, the computer randomly divided the 400
pictures into four lists, with two lists randomly assigned to
the CR condition and the other two to the control condition.
In addition, for each participant, the presentation sequence
of the pictures in each list and the list sequence were ran-
domly decided by the computer. All stimuli were presented
via the MATLAB Psychtoolbox package (Kleiner et al.,
2007).

Procedure

Both experiments involved a within-subjects design (condi-
tion: CR vs. control). The procedure was adapted from Lei
et al. (2020). In Experiment 1, participants were informed
that they would perform a four-list area size comparison
task in which they needed to make a binary decision on
each trial about which color area (orange/blue) was larger.
In Experiment 2, participants were told that they would per-
form a four-list dot number comparison task and would make
a binary decision about which (right/left) circle contained
more dots.

Participants were further informed that, for two lists of
pictures (i.e., CR lists), they would report their decision con-
fidence after making each decision. For the other two lists
(i.e., control lists), they would press a number key on the
keyboard (1-4) in response to a digit highlighted by a red
frame after making each decision. Importantly, they were
explicitly told that they should complete the decision task
as accurately and quickly as possible regardless of whether
they needed to make a confidence rating or not because their
compensation was dependent on their decision accuracy in
all four lists.

Before the main experiment, participants completed a
practice task to familiarize themselves with the experimental
procedure. The procedure was the same as that of the main
experiment (see below for details). Then the experiment
started and participants viewed four lists of pictures, with
100 pictures in each list. Before viewing each list, the com-
puter informed participants whether they needed to make
confidence ratings or not for the following list of pictures
(see Figs. 2A and B).

For a control list, the 100 pictures were presented one
by one in a random order. Before the presentation of each
picture, a cross sign appeared at the center of the screen
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for 0.5 s to mark the inter-stimulus interval. Then a picture
appeared at the center of the screen, and participants were
instructed to press a key to judge which color area (orange/
blue) was larger (Experiment 1) or which circle contained
more dots (Experiment 2). The assignment of keys to deci-
sions was counterbalanced across participants. Once a key
was pressed, the picture disappeared and four digits (1-4)
were presented on screen, with one of them randomly high-
lighted by a red frame. Participants were instructed to press
a number key (1-4) in response to the highlighted digit. If
they did not respond to the highlighted digit within 6 s, a
message box appeared to remind them to carefully make a
response for the subsequent trials. Participants pressed the
space key to remove the message box and trigger the next
trial. This cycle repeated until the end of the list.

The procedure in the CR condition was identical to that
in the control condition but with one difference. Specifically,
after participants made each decision, the four digits were
also shown on the screen, but none of them was highlighted
by a red frame. Participants were instructed to report their
confidence regarding the accuracy of their decision on a
scale ranging from 1 (not confident at all) to 4 (very con-
fident). They reported their confidence by pressing a 1-4
number key on the keyboard.

There was no feedback during the task. At the end of
the task, bonuses were awarded according to overall perfor-
mance on the binary decision-making task. Specifically, the
bonus for each correct response was 0.1 RMB. The mon-
etary compensation for a given participant was 20 RMB plus
the total bonus he or she earned.

Data analyses

In both experiments, Bayesian and traditional frequentist
paired ¢-tests were conducted via JASP Version 0.15.0.0
(https://jasp-stats.org) to compare decision accuracy and
median decision RTs between the CR and control condi-
tions. Bayes factors (BF,) can be interpreted as the relative
strength of the evidence in favor of the alternative hypothesis
over the null (i.e., evidence supporting the existence over the
absence of an effect).

The HDDM Toolbox was used to fit a hierarchical Bayes-
ian version of DDM to decision choices and RTs (Wiecki
et al., 2013). The HDDM employed a Markov chain
Monte Carlo (MCMC) sampling method to estimate pos-
terior parameter distributions. The parameters in the model
included drift rate (v), boundary separation (a), starting
point (z), non-decision time (#,), and parameters represent-
ing the inter-trial variabilities of v, z, and ¢, (i.e., sv, sz, and
st). Following previous studies (Stafford et al., 2020), the
starting point was fixed to the mid-point, and sz was set to
0. In addition, the parameters for the inter-trial variabilities

(sv and st) were constrained to be the same across partici-
pants and experimental conditions, because these parameters
often have a very small effect on the likelihood and a large
number of data points are needed to estimate them (Wiecki
et al., 2013).

Regression models were used to estimate the effect
of condition (CR vs. control, in which CR condition was
dummy coded as 1 and control condition as 0) on each of
the three main parameters in the HDDM (i.e., v, a, and ¢)
at both individual and group levels, with correct responses
coded as 1 and incorrect as 0. If condition has a statistically
detectable effect on the main parameters, the 95% credible
interval (Crl) in the posterior distributions of the group-level
regression coefficients should not contain O.

We fitted the model with four MCMC chains each con-
taining 15,000 samples, with 2,000 samples per chain dis-
carded as burn-in, resulting in 52,000 stored samples in total.
Gelman and Rubin’s potential scale reduction factor R was
lower than 1.02 for all parameters in the model, indicating
good convergence (Gelman & Rubin, 1992; Wiecki et al.,
2013).

To evaluate whether the fitted HDDM model reproduced
key patterns of RT data, posterior predictive validity checks
were performed. The results are reported in the Online
Supplemental Material (OSM). Overall, both experiments
showed that the estimated parameters reproduced key pat-
terns of the actual data. In addition, because the accuracy
of CRs is not a major focus of interest, the corresponding
results are also reported in the OSM. In brief, both experi-
ments found that participants were metacognitively able to
discriminate correct decisions from incorrect ones.

Results and discussion

Experiment 1 found that decision accuracy was greater in
the CR (M = .82, SD = .08) than in the control condition (M
=.79, SD = .12), difference = .03, 95% confidence interval
= [.01, .05], #(27) = 2.67, p = .01, Cohen’s d = 0.50, BF,
= 3.76, implying that the requirement to report confidence
reactively enhanced decision accuracy (see Fig. 3A). Addi-
tionally, median RTs were longer in the CR (M = 1.74, SD
= (0.56) than in the control condition (M = 1.52, SD = 0.46),
difference = 0.22 [0.13, 0.32], #(27) = 4.83, p < .001, d =
0.91, BF |, = 509.80 (see Fig. 3B), reflecting strong evidence
that decision speed is reactive to, and specifically, slowed
down by the requirement to report decision confidence (Lei
et al., 2020).

The reactivity findings of Experiment 1 were successfully
replicated in Experiment 2. Specifically, decision accuracy
was greater in the CR (M = .87, SD = .04) than in the control
condition (M = .85, SD = .04), difference = .014 [.00, .03],
#(27)=2.68,p = .01,d =0.51, BF,, = 3.84 (see Figure 3C).
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Fig. 3 Decision accuracy (A) and response times (RTs) (B) in Experi-
ment 1 and decision accuracy (C) and RTs (D) in Experiment 2 as a
function of condition. The violin plots represent the distributions of
the reactivity effect of confidence ratings (CRs; i.e., the difference in

Median RTs were longer in the CR (M = 1.06, SD = 0.20)
than in the control condition (M = 0.94, SD = 0.18), differ-
ence = 0.11 [0.06, 0.17], 1(27) = 4.65, p < .001, d = 0.82,
BF ;= 159.20 (see Fig. 3D).

Figures 4A and B show posterior densities of the group-
level regression coefficients provided by the HDDM in
Experiments 1 and 2, respectively. In both experiments, the
results showed that boundary separation (a) was greater in
the CR than in the control condition, Experiment 1: b =
0.26,95% Crl [0.18, 0.35]; Experiment 2: b = 0.22, 95% Crl
[0.13, 0.31]. There was no detectable difference in drift rate
(v) between the two conditions, Experiment 1: b = 0.02, 95%
Crl [-0.05, 0.09]; Experiment 2: b = 0.03, 95% CrI [-0.08,
0.14]. Furthermore, there was no detectable difference in
non-decision time (¢,) between the two conditions, Experi-
ment 1: b =0.01, 95% Crl [-0.04, 0.05]; Experiment 2: b =
0.03,95% CrI [-0.01, 0.06] (see Table 1).

Overall, Experiments 1 and 2 employed different percep-
tual decision tasks and consistently demonstrated that par-
ticipants moved their decision boundaries further apart and
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decision accuracy and RTs between the CR and control conditions).
Each red dot represents one participant’s reactivity effect and the blue
points represent group averages. Error bars represent the 95% confi-
dence interval

were hence more conservative in the CR than in the control
condition: they required more information before making a
choice. In addition, the requirement of reporting confidence
had minimal reactive influence on drift rate or non-decision
time. These results are in line with the increased conserva-
tism theory, and inconsistent with the dual-task costs theory.

General Discussion

The current study conducted two experiments to test the
dual-task costs and increased conservatism theories of CR
reactivity in decision RTs. Participants were instructed to
either make a confidence rating or not following each deci-
sion in an area size (Experiment 1) or dot number compar-
ison task (Experiment 2). The principal findings were that
the requirement to report trial-by-trial confidence signifi-
cantly enhanced decision accuracy (as reflected by more
correct decisions in the CR than in the control condition)
and slowed down decision speed (as reflected by longer
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decision RTs in the CR than in the control condition).
More importantly, the HDDM results demonstrated that
reporting confidence increased boundary separation but
had minimal influence on drift rate or non-decision time.
Although recent studies demonstrated that reporting
confidence reactively slows down decision speed (Baran-
ski & Petrusic, 1998, 2001; Lei et al., 2020; Petrusic &
Baranski, 2003), little research has been conducted to
explore the potential cognitive mechanisms underlying
this phenomenon. To fill this gap, the current research
proposed two theories and empirically tested them.

According to DDMs, the decision-making process consists
of accumulating evidence with noise, with drift rate reflecting
the mean rate of evidence accumulation and non-decision time
indicating the time taken by processes that are irrelevant for
the decision-making process itself (Hu et al., 2022b; Stafford
et al., 2020; Wiecki et al., 2013). In the current study, Experi-
ments 1 and 2 consistently found that reporting confidence
had no detectable effects on drift rate or non-decision time.
These results are inconsistent with the dual-task costs theory,
which assumes that the additional requirement of report-
ing confidence should interfere with evidence accumulation

Table 1 Posterior distribution parameters of the group-level regression coefficients

Parameters Experiment 1 Experiment 2

M (SD) 2.5% Crl 97.5% Crl M (SD) 2.5% Crl 97.5% Crl
a 0.26 (0.16) 0.18 0.35 0.22 (0.21) 0.13 0.31

0.02 (0.10) -0.05 0.09 0.03 (0.04) -0.08 0.14
1y 0.01 (0.09) -0.04 0.05 0.03 (0.08) -0.01 0.06

In the regression analyses, confidence rating (CR) was coded as 1 and control as 0. a = boundary separation; v = drift rate; #, = non-decision

time; Crl = credible interval
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(leading to a lower drift rate) and/or disrupt stimulus pre-
processing and motor response speed (leading to longer non-
decision time) (Ariel et al., 2009; Griffin et al., 2008; Hertzog
et al., 2002; Kanfer & Ackerman, 1989; Mitchum et al., 2016).

In contrast to the dual-task cost theory, the increased con-
servatism theory assumes that asking participants to report
their confidence focuses their attention on and increases feel-
ings of uncertainty about their response accuracy, which in
turn makes them more cautious. Accordingly, this hypothesis
predicts that reporting confidence should lengthen decision
RTs through increasing boundary separation (Beste et al.,
2018; Stafford et al., 2020; Voss et al., 2004; Wiecki et al.,
2013). The observed findings are wholly consistent with this
theoretical prediction by showing greater boundary separa-
tion in the CR than in the control condition.

In line with some previous studies (Bonder & Gopher,
2019; Lei et al., 2020), the current experiments found that
making CRs reactively improved decision accuracy. However,
other studies detected no significant enhancing effect of CRs
on decision accuracy (Baranski & Petrusic, 2001; Petrusic
& Baranski, 2003). Prior research identified some factors
(e.g., stimulus quality, task difficulty, fatigue, and attention)
that appear to moderate the accuracy of binary decisions by
changing boundary separation (Ratcliff et al., 2004; Ratcliff
et al., 2016). Additionally, it has been proposed that excessive
numbers of trials in a given task may induce fatigue, which
in turn affects drift rate during evidence accumulation and
reduces decision accuracy (Ratcliff et al., 2004; Ratcliff et al.,
2016). Compared to previous studies that did not observe any
reactivity effect of CRs on decision accuracy (e.g., Petrusic
& Baranski, 2003), the current study employed fewer trials,
which might have allowed participants to more effectively
focus their attention on gathering information for decision
making. Future studies can profitably investigate the boundary
conditions of the reactivity effect of CRs on decision accuracy
from the perspective of variations in experimental procedure.

The increased conservatism and improved binary-deci-
sion accuracy observed in the present experiments suggest
that making retrospective metacognitive judgments may
enhance engagement in perceptual decision tasks. Previous
research in the area of memory has also found that making
prospective metacognitive judgments, such as judgments of
learning (JOLs), improves memory of word lists and pictures
by increasing learning engagement (Li et al., 2021; Li et al.,
2023; Shi et al., 2022; Zhao et al., 2022), and that the for-
mation processes of JOLs and CRs share similar underlying
mechanisms (Luna & Albuquerque, 2022). These findings
suggest that JOLs and CRs may alter memory performance
through the same (or similar) mechanism(s). However, it
should be noted that, in perceptual tasks, prospective and
retrospective metacognitive judgments rely on different
cues and the accuracy of prospective and retrospective
metacognitive monitoring differs substantially, with higher

@ Springer

accuracy for retrospective than for prospective judgments
(Fleming et al., 2016; Siedlecka et al., 2016; Siedlecka et al.,
2019). Whether prospective and retrospective metacognitive
judgments reactively change perceptual task performance
through the same or different mechanism(s) needs to be
further explored. Additionally, prior research found that
the reactivity effects of CRs on decision accuracy and RTs
transfer to a subsequent task even when there is no need to
report confidence in the subsequent task (Bonder & Gopher,
2019). Future research could usefully explore whether the
effect of CRs on boundary separation is transferable. More
importantly, whether making CRs can improve decision
accuracy in other domains (e.g., economic decisions) needs
to be determined, which will provide further indications
about the practical uses of the CR reactivity effect.

The observed findings bear some implications for eyewit-
ness identification, one of the major sources of evidence in
criminal investigations (Lindsay et al., 2013). Witnesses who
have observed a crime describe the suspect or try to make an
identification through a live line-up or photograph. However,
eyewitness identification accuracy can be biased by a variety
of factors such as stress (Sauerland et al., 2016), memory
distortion (Douglass & Steblay, 2006), and prejudice (Buck-
hout et al., 1975). How to improve eyewitness identification
accuracy is a matter of considerable importance. Judges
and the police often ask witnesses to report their level of
confidence after they have given an eyewitness statement
to evaluate whether the identification is credible (Brigham
et al., 2007; Wixted & Wells, 2017). The current study sug-
gests that reporting CRs is not only a way to evaluate the
reliability of testimony but may also improve its accuracy.
However, we highlight that all findings documented here
are derived from perceptual decision tasks. Future research
should directly test whether the requirement of reporting
CRs can improve accuracy of eyewitness testimony.

Conclusion

Reporting confidence reactively increases decision accu-
racy and slows down decision speed. The increased con-
servatism hypothesis is a viable framework to account for
the reactivity effect of CRs on decision RTs.
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