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Abstract

A central question in many studies on perception and consciousness is whether the effects of a given manipulation are per-
ceptual or cognitive. Typically, studies seek to find evidence that the raw sensory experience has been altered—that is, a
manipulation produces perceptual rather than cognitive effects. Here, we test two specific proposals for behavioral signatures
that could allow this type of inference. First, a long-standing proposition is that different parameters of the drift—diffusion
model (DDM) map onto different effects, such that a drift-rate bias indicates a perceptual effect, whereas a starting point shift
indicates a cognitive effect. Second, a newer proposal holds that, when plotted as a function of a sensory feature, changes in
the peak of the distributions for confidence and reaction time (RT) imply that a given manipulation’s effects are perceptual.
Here, we test both proposals. We designed a purely cognitive task where no effects can be perceptual and examined whether
the proposed signatures of perceptual effects occur in this task. Participants viewed numbers generated by two distributions
and indicated which distribution the numbers likely came from. In separate conditions we manipulated prior beliefs and
rewards related to each distribution. We found that both manipulations elicited the same signatures previously proposed as
indicative of purely perceptual effects. Our results demonstrate that individual DDM parameters and the peaks of confidence
and RT distributions in isolation are insufficient to distinguish between perceptual and cognitive effects.

Keywords Perceptual decision-making - Perception - Confidence - RT - Drift—diffusion model

Introduction

Perceptual decision-making is sensitive to external manipu-
lations. Many manipulations appear to impact perception
by altering raw sensory experience. For example, in the
well-known Miiller-Lyer illusion (Miiller-Lyer, 1889), add-
ing flanked arrowheads to lines changes our perception of
the length of the lines. However, other manipulations, such
as providing unequal rewards or expectations for different
stimulus categories could possibly act via either perceptual
or cognitive changes (or both) (Alilovi¢ et al., 2019; Bang &
Rahnev, 2017; Kok et al., 2013; Rungratsameetaweemana &
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Serences, 2019; Rungratsameetaweemana et al., 2018). The
question of whether a given effect is perceptual or cognitive
has important implications for many studies of perception
and consciousness, and has been central in several recent
debates in the field (Abid, 2019; Denison et al., 2018; Knotts
et al., 2020; Lee et al., 2023; Rahnev et al., 2011). There
are many possible approaches to drawing a border between
perceptual and cognitive effects (Clarke & Beck, 2023). In
this work, we define these terms as following: “perceptual
effect” refers to effects that directly alter raw sensory experi-
ence, whereas “cognitive effect” refers to effects that come
into play after perception has given its output.

Given the significance of distinguishing between percep-
tual or cognitive effects, developing methods for determin-
ing the mechanisms through which a given manipulation
affects perceptual judgments is of utmost importance. Many
methods have been developed to distinguish whether a given
manipulation has perceptual or cognitive effects, including
adaptation, brief stimulus exposure, continuous flash sup-
pression, visual search, the “overgeneralization” test, reverse
correlation, reproduction tasks, two-alternative forced choice

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.3758/s13423-026-02863-1&domain=pdf

75 Page2of14

Psychonomic Bulletin & Review (2026) 33:75

tasks, and more (Bang & Rahnev, 2017; Block, 2023; Clarke
& Beck, 2023; Garcia-Pérez & Alcala-Quintana, 2013; Hafri
& Firestone, 2021; Morgan et al., 2013; Sanchez-Fuenzalida
et al., 2023; Scholl & Gao, 2013; Witt, 2011).

Here we focus on two specific approaches that promise
to allow the determination of whether a given manipulation
has perceptual or cognitive effects. First, it has been pro-
posed that changes in different drift—diffusion model (DDM)
parameters can be used to distinguish between perceptual
and cognitive effects. Specifically, if a manipulation results
in a drift-rate bias, then it can be assumed to have percep-
tual effects, whereas if it results in a starting point shift,
then it can be assumed to have cognitive effects (Germar
et al., 2014; Voss et al., 2008). For example, expecting that
a stimulus would come from a given category could either
bias the drift rate towards values that favor that category
or shift the starting point of the accumulation towards that
category (Fig. 1A). Therefore, according to this proposal,
examining how a given manipulation affects the DDM fits
allows the researcher to infer whether the manipulation acts
via perceptual or cognitive mechanisms. Note that this pro-
posal was recently examined by Sanchez-Fuenzalida et al.
(2023) using a reproduction task. The authors found that
while DDM fits have a diagnostic value for distinguishing
between perceptual and cognitive effects, there is no one-to-
one mapping between the individual parameters and the type
of effect obtained. We return to this work in the Discussion.

Another proposal holds that examining the distributions
for confidence and reaction time (RT) allows the determina-
tion of whether a given manipulation’s effects are percep-
tual or cognitive (Gallagher et al., 2019, 2021; Maldonado
Moscoso et al., 2020). For this method to be applicable, the
experiment needs to include a range of feature values (e.g.,
stimulus orientation) that allows a researcher to plot the dis-
tribution for confidence and RT as a function of feature value
separately for each manipulation. Shifts in the peaks of the
confidence and RT distributions can then be interpreted as
indicating perceptual effects, whereas a lack of shifts in the
peaks of the distributions for confidence and RT indicates
cognitive effects (Fig. 1B). Note that in both cases there are
identical shifts in the sigmoid functions that describe the
relationship between the sensory feature and choice. This
hypothesis was tested by Sanchez-Fuenzalida et al. (2025)
using the same reproduction procedure from their previous
work (Sanchez-Fuenzalida et al., 2025), which suggested
that the distributions of confidence and RT do not uniquely
determine if a manipulation is perceptual or cognitive.

Here, we test these proposals by examining the effects of
prior and reward manipulation in a purely cognitive task that
cannot be interpreted as perceptual. The idea is to use a task
where all effects can only be cognitive in nature and exam-
ine whether the DDM fits and peaks of the confidence and
RT distributions behave as would be expected for cognitive
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(rather than perceptual) effects (Firestone & Scholl, 2015b).
In three experiments, participants judged whether a number
presented on the screen came from one of two underlying
distributions (with different means). In this way, our task
does not rely on the discrimination of sensory features and
their mapping to choices, but solely on statistical reasoning.
We found that both signatures previously proposed to index
perceptual effects emerged naturally in our purely cognitive
task, demonstrating that these signatures cannot automati-
cally be interpreted as indicating a perceptual effect.

Materials and methods
Participants

Participants in all three experiments were adults recruited on
Prolific. Eighty-five participants in total (20 women, mean
age=30.7 years, SD=8.16 years) participated in the study.
Experiment 1 had 21 participants, Experiment 2 had 32
participants, and Experiment 3 had 32 participants. These
sample sizes allowed us 80% power for detecting effects of
0.56, 0.45, and 0.45, respectively, and were also larger than
similar studies in the literature (Gallagher et al., 2019; Mal-
donado Moscoso et al., 2020). Each participant performed
only one experiment. Participants provided informed con-
sent before the study and were compensated $8.63 per hour
as basis and about $2 as bonus. The exact bonus participants
got depended on their task performance. Every 4 points they
earned in the tasks would convert to 1 cent as bonus. Each
experiment took about 75 min.

Procedure

In all three experiments, participants were presented with
an integer (e.g., 138), which was randomly generated from
one of the two discrete Gaussian distributions: Distribution
1 (mean= 120, SD =20) and Distribution 2 (mean = 140,
SD =20; Fig. 2A). Participants indicated which distribution
generated the integer by pressing “1” or “2” on the keyboard
(Fig. 2C). After making the decision, participants rated their
confidence about the accuracy of the decision on a 4-point
scale by pressing 1, 2, 3, or 4 on the keyboard (1 =low con-
fidence, 4=high confidence). Both decision stage and con-
fidence rating stage were untimed. After the confidence rat-
ing, participants received feedback about the correctness of
the decision (“Correct” or “Wrong,” 500 ms). The intertrial
interval was 500 ms.

At the beginning of each trial, participants were first pre-
sented with a cue (500 ms), which provided information
about the following integer and thus might bias the sub-
sequent decision. The cues had two different types, corre-
sponding to two different manipulations: prior manipulation
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A Proposal 1: DDM parameters can be used to distinguish between perceptual and cognitive effects.
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Fig. 1 Proposed signatures to distinguish between perceptual and
cognitive effects. A The first proposal holds that cognitive effects
map onto a shift of the starting point of accumulation, while per-
ceptual effects map onto drift-rate bias towards either category. B
The second proposal holds that while both perceptual and cogni-
tive effects alter choices, only perceptual effects lead to shifts in the

and reward manipulation (Fig. 2B). Each trial featured either
prior manipulation or reward manipulation (but never both
together). Experiment 1 contained both manipulations,
Experiment 2 contained only prior manipulation, and Exper-
iment 3 contained only reward manipulation. Each type of
cue had three levels. The prior manipulation cues informed
participants that Distribution 1 was three times more likely
(Distribution 1 cue), two distributions were equally likely

Sensory feature

Sensory feature

peaks of the confidence and RT distributions. Specifically, perceptual
effects are proposed to shift the sensory feature value with maximum
uncertainty (corresponding to the sensory feature value with lowest
confidence and highest RT). In contrast, cognitive effects are pro-
posed not to change confidence and RT distributions. (Color figure
online)

(neutral cue), or Distribution 2 was three times more likely
(Distribution 2 cue). In the prior manipulation condition, a
correct decision would be rewarded 2 points. The reward
manipulation cues in Experiment 1 informed participants
that Distribution 1 would be rewarded three times more
(Distribution 1 cue), two distributions would be equally
rewarded (neutral cue), or Distribution 2 would be rewarded
three times more (Distribution 2 cue). In Experiment 3, we
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Experiment Prior manipulation Reward manipulation trials/manipulation
Experiment 1 75/25, 50/50, 25/75 31, 2/2,1/3 384
Experiment 2 75/25, 50/50, 25/75 - 768
Experiment 3 - 51, 2/2,1/5 768

Fig.2 Task procedure. A Probability distributions of presented num-
bers. Participants were presented with integers generated randomly
by one of the two discrete Gaussian distributions: Distribution 1
(u = 120,06 = 20) or Distribution 2 (u = 140,06 = 20). B Types of
cues. Participants saw cues of two different types. Prior cues con-
tained information about which distribution was more likely to gen-
erate the integer. Reward cues contained information about which
distribution would be rewarded more. C Task procedure. Participants
indicated which of two distributions generated an integer and pro-
vided a confidence rating on a 4-point scale. Each trial began with
a cue that provided information about either the prior probability of

changed the reward ratio of cues from three times more to
five times more to make the impact of reward manipulation
match the impact of prior manipulation in Experiment 2.
In the reward manipulation condition in Experiment 1, a
correct decision would be rewarded 3 points (5 points in
Experiment 3) under Distribution 1 cues or Distribution 2
cues, and 2 points under neutral cues, while the two distribu-
tions did not differ in how likely they generated the integers
(Fig. 2D). Full instructions can be found in the Supplemen-
tary Methods.

In all three experiments, participants completed 16
blocks, with each consisting of 48 trials (for a total of
768 trials; Fig. 2D). In Experiment 1, manipulations were
blocked, such that trials within a block had the same manip-
ulation. Prior manipulation and reward manipulation each
consisted of 8 blocks, and blocks from the two manipulations
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each distribution or the reward associated with each distribution. D
Experimental conditions in the three experiments. Experiment 1
contained both prior and reward manipulations, Experiment 2 con-
tained only prior manipulation, and Experiment 3 contatined only
reward manipulation. Ratios under prior manipulation are probabil-
itiy ratios of the two distributions informed by prior cues (e.g., 75/25
means Distribution 1 was three times more likely), whereas ratios
under reward manipulations are reward ratios of the two distributions
informed by reward cues (e.g., 1/5 means Distribution 2 would be
rewarded five times more). (Color figure online)

alternated. Blocks in Experiment 2 and Experiment 3 con-
sisted of either only prior manipulation trials or only reward
manipulation trials. Participants were given 30 s breaks
between blocks. Before each block started, participants were
informed of the total points they had accumulated and the
number of remaining blocks. All three experiments were
coded in Python using PsychoPy (Version 2021.2.3) and
were conducted online on Pavlovia (Peirce, 2007).

Analyses

For each participant in each of the three experiments, we
excluded trials with RTs outside mean +3 X SDs or larger
than 6 s before conducting any data analyses. The exclusion
rate for the three experiments was 1.8% (SEM =0.2%) for
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Experiment 1, 1.8% (SEM =0.4%) for Experiment 2, and
3.0% (SEM =0.5%) for Experiment 3.

DDM analyses

We conducted DDM analyses. Previous studies have shown
that DDM can accurately capture choices and RTs in numer-
acy tasks with symbolic numbers similar to our experimental
setting (Ratcliff, 2022; Ratcliff et al., 2015, 2016). Moreo-
ver, there are significant correlations in DDM fittings across
symbolic and non-symbolic numeracy tasks (where num-
bers are represented by noisy perceptual input), suggest-
ing that similar underlying processes are involved in both
types of tasks (Ratcliff et al., 2015). We therefore proceeded
with fitting DDM in our purely cognitive task. We fitted
drift-diffusion models with the hierarchical drift—diffusion
model (HDDM) toolbox and used the default informative
priors that are standard in HDDM fitting and listed on page
3 of Wiecki et al. (2013). The model was fit to each sub-
ject individually. This was done so we could compare the
fitted parameters using standard statistical methods (e.g., ¢
tests), which is not appropriate had the model been fitted
hierarchically. We fitted models to the RT distributions from
individual participants separately with Markov chain Monte
Carlo sampling (2,000 samples; burn-in= 1,000 samples)
to get posterior distributions of parameters and computed
posterior means of the drift criterion 6 and the starting point
z as the estimations of drift-rate bias and starting point for
each participant. Note that the drift criterion 6 (bias of drift
rate towards a certain distribution) and the drift rate v are
separate free parameters. When stimuli from Distribution
2 are presented, the actual drift rate is v + 6, whereas when
stimuli from Distribution 1 are presented, the actual drift
rate is —v + 6. We also set the decision boundary to a for
Distribution 2 and —a for Distribution 1 so that the midpoint
between the two boundaries is 0.

To test the effects of cues and manipulations on model
parameters, we allowed the drift criterion 6 and the start-
ing point z to vary between different cues and manipula-
tions in Experiment 1 while keeping other parameters
fixed across conditions. This resulted in a total of 19 free
parameters. Specifically, there were six parameters related
to the standard DDM: drift rate (v), boundary separation
(a), non-decision time (f), across-trial variability in start-
ing point (sz), across-trial variability in drift rate (sv), and
across-trial variability in non-decision time (s¢). In addition,
there were six free parameters for the drift criterion 6 and
six free parameters for the starting point z (one for each
combination of type of cue [prior or reward] and cue identity
[Distribution 1 cue, Distribution 2 cue, neutral cue]). Finally,
one final parameter p,,,;,, determined the probability that a
given trial is generated by an outlier process rather than by
the drift—diffusion process. Experiment 2 and Experiment 3

contained only one type of manipulation (prior for Experi-
ment 2; reward for Experiment 3), which resulted in a total
of 13 free parameters for these experiments (six fewer than
Experiment 1 which had both manipulations together). In
line with prior work (Voss et al., 2008) and to keep the num-
ber of free parameters manageable, we only allowed the cues
to affect the drift-criterion and starting point parameters.
Finally, to test the effects of prior manipulation and reward
manipulation on DDM parameters, we performed paired-
sample 7 tests comparing drift-criterion 6 and starting point
z between different cues.

Choice, confidence, and RT analyses

To investigate how prior manipulation and reward manipu-
lation impacted choice, confidence, and RT, we examined
the relationships between numbers and the three indexes
under different manipulations and cues. To remain agnostic
about possible differences between conditions, the fitting
was done for each manipulation and cue (D1, N, D2) sepa-
rately. For choice, we fitted a cumulative normal distribu-
tion function (D( u, o-z) with mean y and standard deviation
o to the function that plots the probability of choosing Dis-
tribution 2 as a function of the number presented. We did
not include any lapse rate. The fitting was using maximum
likelihood estimation. For each participant, the function has
12 free parameters for Experiment 1 and 6 free parameters
for Experiment 2 and Experiment 3. Parameter boundaries
were [60,200] for ¢ and [1, 100] for ¢. For confidence and
RT, we fit raised Gaussian functions a X ¢y, 6%) + b, where
u is the mean, o is and standard deviation, b is a parameter
that “raises” the distribution so that it converges to b (rather
than 0) when extended to —oo or oo, and a is a parameter that
“stretches” the height of the distribution to match the units
of the confidence and RT data. We estimated the parameters
by minimizing the sum of squared error between predic-
tions and data: Y, (Confidence; — Conﬁdencemd,l-)2 and
Y (RT; = RT,q,) > where i is the trial index. For each
participant, the function in both confidence and RT fitting
has 24 free parameters for Experiment 1 and 12 free param-
eters for Experiment 2 and Experiment 3. For confidence
fitting, parameter boundaries were [60, 200] for u, [1, 100]
for o, [-2000, —10] for a, and [-5, 15] for b. For RT fit-
ting, parameter boundaries were [0, 260] for y, [1, 600] for o,
[1,2000] for a, and [—10, 10] for b. Because more uncertain
choices are accompanied by lower confidence and higher
RT, the parameter a used to stretch the height of distributions
were positive in the confidence fitting and negative in the
RT fitting. In both confidence and RT fitting, we excluded
data where the fits were not appropriate (Experiment 1: five
subjects for RTs and six subjects for confidence; Experiment
2: one subject for RTs and three subjects for confidence;
Experiment 3: three subjects for RTs and four subjects for
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confidence). Fitted means that hit boundaries were excluded
to avoid biased statistical tests. We used raw data (i.e., exact
stimulus numbers) to fit the curves throughout the fitting
process, while we plotted empirical data by binning numbers
in bins of 10 for visualization purposes. In the main paper,
we report average fits across participants; individual fits are
shown in Figs. S1-3.

We then used p fitted from the three indexes to analyze
the impacts of manipulations and cues. In choice fitting, y is
the empirical categorization boundary. In confidence and RT
fitting, u is the peak confidence or RT plotted as a function
of number. Thus, 4 can reflex biases in the three indexes. We
performed paired-sample 7 tests comparing u between differ-
ent cues separately for choice, confidence, and RT in each
experiment to determine the effects of cues on the indexes.

Results

We investigated whether (1) DDM parameter fits and (2)
the peaks of confidence and RT distributions can be used to
distinguish between perceptual and cognitive effects in per-
ceptual decision-making. To do so, we tested how prior and
reward manipulations impacted DDM parameters and confi-
dence/RT distribution peaks in a purely cognitive task. Par-
ticipants judged whether a number displayed on the screen
was more likely to come from a discrete Gaussian distribu-
tion with a low mean (u = 120, ¢ = 20; Distribution 1) or a
high mean (4 = 140, 0 = 20; Distribution 2). We performed
three experiments. In Experiment 1, on each trial partici-
pants saw a prior cue that predicted the true distribution or
a reward cue that gave higher payoff for correctly choosing
one of the distributions. Experiment 2 and Experiment 3

Experiment 1
Prior manipulation

*kk

Experiment 1

-
o
o

ok

Percent of
distribution 2 choices
S >

N
[6)]

D1 N D2

Cue type Cue type

Fig.3 The effects of prior and reward cues on choice bias. As can be
seen in the figure, participants’ choices were significantly altered by
cues both under the prior and reward manipulations, indicating that
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Reward manipulation

0 D1 N D2

included only prior and reward cues, respectively, but had
higher number of trials for each manipulation (Fig. 2D).

Manipulation checks

We first examined the effectiveness of the prior and reward
manipulations in the three experiments. We found that par-
ticipants’ choices were significantly altered by both prior
and reward cues. Specifically, the proportion of Distribu-
tion 2 choices was highest for prior cues that favored Dis-
tribution 2 (i.e., D2 cues; 77.6% in Experiment 1; 75.7%
in Experiment 2), lowest for prior cues that favored Dis-
tribution 1 (i.e., D1 cues; 23.3% in Experiment 1; 25.5%
in Experiment 2), and in-between for neutral cues (i.e.,
N cues; 52.1% in Experiment 1; 51.2% in Experiment 2)
with these difference being highly significant, Experi-
ment 1: F(2,40)=176.78, p=1.4X 10720, Experiment 2:
F(2,62)=220.13, p=6.8 x 102’ (Fig. 3). We observed the
same outcomes but with smaller effect sizes for the reward
manipulation with Distribution 2 being chosen most often
for D2 reward cues (59.6% in Experiment 1; 59.6% in Exper-
iment 3), least often for D1 reward cues (41.6% in Experi-
ment 1;42.6% in Experiment 3), and in-between for neutral
cues (i.e., N cues; 53.2% in Experiment 1; 53.1% in Experi-
ment 3), with these differences being again significant,
Experiment 1: F(2,40)=22.80, p=2.5x 107"; Experiment
3: F(2,62)=23.25, p=2.9x 1078, These results indicate that
both manipulations were effective in biasing participants’
choices.

Of note, our results also demonstrate that the prior manip-
ulation produced stronger biasing effects than the reward
manipulation. This was true for Experiment 1 where the dif-
ference in the proportion of Distribution 2 choices for D2
versus D1 cues were 54.3% versus 18.1% (paired-sample ¢

Experiment 2
Prior manipulation

Experiment 3
Reward manipulation

*kk

*kk

*kk

D1 N D2 D1

Cue type Cue type

both manipulations were effective. D1, D2, and N represent cues that
favor Distribution 1, Distribution 2, and neutral cues, respectively.
Error bars depict SEM. ***p <.001. (Color figure online)
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tests), #(20)=10.24, p=2.1Xx 107°, as well as for Experi-
ment 2 versus Experiment 3 (difference between D2 and
D1 choices =50.2% and 17.1%, respectively; independent-
sample ¢ test), #(62)=6.92, p=3.0X 107. This is despite the
fact that the prior and reward cues had the same information
value in Experiment 1 (both would optimally induce a 3/1
bias), and that the reward cue had higher information value
in Experiment 3 than the prior cue had in Experiment 2 (5/1
vs. 3/1, respectively). These results are in line with previous
findings that human judgments are biased more by expec-
tation compared with reward cues (Ackermann & Landy,
2015; Bohil & Maddox, 2001, 2003; Healy & Kubovy, 1981;
Maddox, 2002; Maddox & Bohil, 1998; Maddox & Dodd,
2001).

DDM fits

We examined how the prior and reward cues affected DDM
parameters. We fitted DDM separately to each participant’s
prior manipulation and reward manipulation data and exam-
ined whether the prior and reward cues induce a starting
point change (assumed to index cognitive effects), a drift-
rate bias (assumed to index perceptual effects), or both. We
found robust effects on the starting point z for both prior,
Experiment 1: F(2,40)=19.35, p=1.3X% 107, Experiment
2: F(2,62)=82.37, p=3.5%x10""® (Fig. 4A,B) and reward
manipulation, Experiment 1: F(2,40)=24.61,p=1.1X 10‘7;
Experiment 3: F(2,62)=21.80, p=6.8 X 1078 (Fig. 4A,0).
Specifically, the starting point was shifted towards the
boundary associated with that distribution both for prior
cues (D1 cues: —.42 in Experiment 1 and —.67 in Experi-
ment 2; N cues: —.07 in Experiment 1 and —.11 in Experi-
ment 2; D2 cues:.35 in Experiment 1 and.62 in Experiment
2) and reward cues (D1 cues: —.36 in Experiment 1 and —.36
in Experiment 3; N cues: —.08 in Experiment 1 and —.06
in Experiment 3; D2 cues:.26 in Experiment 1 and.18 in
Experiment 3). These results are in line with the standard
interpretation that cognitive effects should produce changes
in the starting point in DDM fits.

Critically, we examined whether the prior and reward
manipulations led to drift-rate biases that are proposed to
index perceptual effects. We found robust effects on the
drift-rate bias for both prior, Experiment 1: F(2,40)=16.81,
p=5.0x107% Experiment 2: F(2,62)=21.38, p=8.7x107®
(Fig. 4A,B) and reward manipulation, Experiment 1:
F(2,40)=8.78, p=6.9 x 107*; Experiment 3: F(2,62)=7.12,
p=.002 (Fig. 4A,C). Similar to the starting point effects,
the drift-rate bias was shifted towards the boundary associ-
ated with that distribution both for prior cues (D1 cues: —.49
in Experiment 1 and —.27 in Experiment 2; N cues:.16
in Experiment 1 and.10 in Experiment 2; D2 cues:.50 in
Experiment 1 and.34 in Experiment 2) and reward cues
(D1 cues: —.13 in Experiment 1 and —.03 in Experiment 3;

N cues:.15 in Experiment 1 and.17 in Experiment 3; D2
cues:.26 in Experiment 1 and.24 in Experiment 3). Individ-
ual fits for all participants are shown in Figs. S4-9. In addi-
tion, we performed parameter recovery for starting point and
drift-rate bias and found that our design and analyses can
robustly estimate these parameters (Figs. S10-15). These
results indicate that rather than simply mapping onto starting
point changes, cognitive effects can also lead to drift-rate
bias changes. Thus, differences in drift-rate bias cannot be
automatically interpreted as indexing perceptual effects.

Peaks of the confidence and RT distribution

Having examined the first proposed signature of indexing
perceptual effects via DDM parameter fits, we explored the
second proposed signature according to which perceptual
versus cognitive effects are indexed by a change versus lack
of change in the peaks of the confidence and RT distribu-
tions. We first confirmed that in all three experiments, both
the prior and reward manipulations significantly altered the
cumulative normal distribution functions produced by plot-
ting the probability of choosing Distribution 2 as a function
of the presented number. To test for this effect statistically,
we computed empirical categorization boundary—that is,
the number for which participants choose Distribution 2
exactly 50% of the time—for each type of cue separately.
We found that the empirical categorization boundaries sig-
nificantly differed between the different cues for both prior,
Experiment 1: F(2,40)=69.80, p=9.0x 10714 Experiment
2: F(2,62)=52.03, p=5.5x10""* (Fig. 5A,B) and reward
manipulation, Experiment 1: F(2,40)=15.60, p=9.8 X 1079,
Experiment 3: F(2,62)=22.31, p=5.0% 1078, These results
mirror the effects from Fig. 3 and further support the notion
that the manipulations were effective in biasing participants’
choices.

Critically, we examined whether the peaks of the distri-
butions for confidence ratings and RT remained stable (as
predicted for purely cognitive effects) or were shifted by the
cues (as predicted for purely perceptual effects). We found
clear evidence for the distributions shifting under the prior
manipulation (Fig. 6). Indeed, the peak of the confidence
distribution—that is, the point where confidence was the
lowest—had lowest values for D2 cues (109.3 in Experiment
1 and 111.5 in Experiment 2), intermediate values for N cues
(115.9 in Experiment 1 and 119.8 in Experiment 2), and
highest values for D1 cues (144.0 in Experiment 1 and 135.6
in Experiment 2), with these differences being highly sig-
nificant, Experiment 1: F(2,28)=6.11, p=.006; Experiment
2: F(2,56)=23.87, p=3.2x107%. We found similar effects
for the reward manipulation with D2 cues generally pro-
ducing the lowest peaks and D1 cues producing the highest
peaks. However, consistent with the weaker biasing effects
observed in that manipulation (Fig. 3), we also observed
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Fig.4 DDM parameters under prior and reward manipulations. A
DDM parameters in Experiment 1. Both prior and reward manipu-
lations significantly altered both starting point and drift-rate bias. B
DDM parameters in Experiment 2. The prior manipulation signifi-
cantly altered both starting point and drift-rate bias. C DDM param-

smaller effects on the confidence distributions. The effects
were significant in Experiment 1, F(2,28)=4.18, p=.026,
but not significant in Experiment 3, F(2,54)=2.13, p=.13.
These results demonstrate that substantial shifts in the peaks
of the confidence distributions can be observed with our
purely cognitive task, especially for the prior manipulation.

In addition to confidence, we also examined the equiva-
lent effects for the RT distributions. Similar to the effects
in confidence, we found that the distributions of RT were
shifted under the prior manipulation with D2 cues gener-
ally producing peaks shifted to the right and D1 cues pro-
ducing peaks shifted to the left (Fig. 7). The effects were
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Drift rate bias effects
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eters in Experiment 3. The reward manipulation significantly altered
both starting point and drift-rate bias. D1, D2, and N represent cues
that favor Distribution 1, Distribution 2, and neutral cues, respec-
tively. Error bars show SEM. **¥p <.001; **p <.01; *p <.05; n.s., not
significant. (Color figure online)

not significant in Experiment 1, F(2,30)=1.59, p=.22, but
were significant in Experiment 2 where we had more trials
per participant, F(2,60)=22.95, p=4.0x 1075, However,
the shifting effects were not significant under the reward
manipulation in both Experiment 1, F(2,30)=2.36, p=.11,
and Experiment 3, F(2,56)=1.76, p=.18. The weaker effects
on RT compared with confidence may be due to the fact that
RTs tend to be noisier, which results in larger variability
in the fits for individual participants. Nevertheless, given
that the peak for the RT distribution for the D1 cues was
numerically higher than the peak for the RT distribution for
the D2 cues in all four analyses, it appears that the peaks of
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Fig.5 Psychometric curves under prior and reward manipulations.
A Psychometric curves plotting the proportion of choosing Distribu-
tion 2 as a function of the presented number under prior and reward
manipulations. Both manipulations significantly altered the cumula-
tive normal distribution function produced by plotting the probabil-
ity of choosing Distribution 2 as a function of the presented number.
Circles with error bars represent empirical data plotted in bins of 10.
Solid curves indicate best-fitting cumulative normal distribution func-
tions fit to the raw data (without binning) aggregated across partici-

the RT distributions are problematic as a diagnostic tool for
determining whether an effect is perceptual or cognitive.

Discussion

We set out to test two specific proposals about behavio-
ral signatures that can distinguish between perceptual and
cognitive effects. First, it has been proposed that different
DDM parameters may map onto different effects, such that a
drift-rate bias indicates a perceptual effect, whereas a start-
ing point shift indicates a cognitive effect. Second, another
proposal states that, when plotted as a function of a sensory
feature, changes in the peak of the distributions for confi-
dence and RT may imply that a given manipulation’s effects
are perceptual rather than cognitive. Here we test both pro-
posals in a purely cognitive task where all effects can only
be cognitive. We find that both signatures previously associ-
ated with perceptual effects emerged naturally in the purely
cognitive task. Our results demonstrate that individual DDM

pants. Vertical lines indicate optimal decision criteria that maximize
rewards. B Empirical categorization boundary under prior and reward
manipulations. Bars were plotted by fitting psychometric curves to
raw data from individual participants and then averaging empirical
categorization boundaries over participants. Both manipulations sig-
nificantly altered the empirical categorization boundaries, indicating
the manipulations were effective. Error bars show SEM. ***p <.001;
*#p <.01. (Color figure online)

parameters or the peaks of confidence and RT distributions
in isolation are insufficient to distinguish between perceptual
and cognitive effects.

Proposal 1: DDM fits can distinguish
between perceptual and cognitive effects

The first proposal holds that different DDM parameters map
onto different effects. Specifically, a drift-rate bias maps onto
a perceptual effect, whereas a starting point shift maps onto
a cognitive effect (Germar et al., 2014; Voss et al., 2008).
Our results show that different cues in a purely cognitive
task—manipulations that are cognitive in nature—could
also change drift-rate bias, thus challenging the one-to-one
mapping between individual DDM parameters and the types
of effects obtained. Our findings raise questions regarding
the interpretation of the drift-rate bias in DDM. Typically,
drift rate is thought to mainly depend on the physical char-
acteristics of external stimulus and the information uptake
processes. Correspondingly, drift-rate bias is considered to
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Fig.6 Confidence under prior and reward manipulations. A Distri-
butions for confidence ratings under prior and reward manipulations
produced by plotting confidence as a function of the presented num-
ber. Circles with error bars represent empirical data plotted in bins
of 10. Solid curves indicate best-fitting raised Gaussian functions fit
to the raw data (without binning) aggregated across participants. Ver-
tical lines indicate optimal decision criteria that maximize rewards.

indicate perceptual biases and is unrelated to cognitive fac-
tors (Germar et al., 2014; Voss et al., 2008). In contrast,
our results show that drift-rate bias is indeed sensitive to
cognitive manipulations (e.g., prior and reward manipula-
tions in a purely cognitive task), which suggests that it can
reflect richer cognitive processes rather than simply indexing
perceptual processes.

Our results are in line with previous work showing that
drift rate can be affected by changing the structure of the task
or the instructions given to participants (Starns et al., 2012;
White & Poldrack, 2014). These papers demonstrated that
drift-rate bias can be under the strategic control of partici-
pants. However, this work could not establish whether drift-
rate changes reflect perceptual or cognitive factors because
strategies that are under participants’ conscious control can
still affect the incoming sensory information (Block, 2023).
By using a manipulation that can only be cognitive, our work
goes beyond these previous findings in demonstrating that
changes at the level of cognition can affect drift rates.

Our work adds to Sanchez-Fuenzalida et al. (2023) in
which the authors reported similar results in a perceptual
discrimination paradigm where participants were required
to discriminate the lengths of a target and a reference line.
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B Means of the raised Gaussian functions under prior and reward
manipulations. Bars were plotted by fitting raised Gaussian functions
to raw data from individual participants and then averaging means
over participants. The means were significantly shifted under the
prior manipulation, and were also shifted under the reward manipula-
tion (significant in Experiment 1, but not significant in Experiment
3). (Color figure online)

Séanchez-Fuenzalida et al. found that different manipulations
preferentially affected drift-rate bias or starting point (e.g.,
the effects on drift-rate bias were larger for perceptual than
cognitive manipulations). However, different manipulations
still did not uniquely change drift-rate bias or starting point,
supporting the notion that there is no one-to-one mapping
between DDM parameters and different types of effects.
Critically, given that DDM parameters may be quantitatively
different for perceptual or cognitive effects, the parameters
may still be diagnostic of different effects (e.g., one param-
eter moves more in one case than the other). That said, even
if the DDM parameters are diagnostic, more work is needed
to figure out how to draw conclusions about perceptual or
cognitive effects based on DDM parameters.

Proposal 2: The distributions of RT and confidence
can distinguish between perceptual and cognitive
effects

The second proposal holds that while both perceptual and
cognitive effects alter choices, only perceptual effects lead
to shifts in the peaks of the confidence and RT distributions
when they are plotted as a function of the sensory feature
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Fig.7 RT under prior and reward manipulations. A Distributions for
RT under prior and reward manipulations produced by plotting RT
as a function of the presented number. Circles with error bars repre-
sent empirical data plotted in bins of 10. Solid curves indicate best-
fitting raised Gaussian functions fit to the raw data (without binning)
aggregated across participants. Vertical lines indicate optimal deci-
sion criteria that maximize rewards. B Means of the raised Gaussian

(Gallagher et al., 2019, 2021; Maldonado Moscoso et al.,
2020). It is sensible to state that perceptual effects will cer-
tainly shift confidence and RT distributions since the raw
sensory experience is changed under perceptual effects.
However, cognitive effects are heterogeneous. It is unclear
whether different cognitive effects would show the same sig-
natures. Previous proposals have examined specific types
of cognitive effects, including effects caused by instruct-
ing participants to make default decisions (Gallagher et al.,
2019), implied motion aftereffect (Gallagher et al., 2021),
and reward manipulation (Maldonado Moscoso et al., 2020).
In these cases, a decision shift is not accompanied by a shift
in confidence or RT distributions. However, it is possible
that other cognitive effects have different behavioral signa-
tures. Our work supports this possibility by showing that
prior manipulation could shift the peaks of confidence and
RT distributions in a purely cognitive task. Thus, observing
a shift in confidence and RT distributions does not allow us
to distinguish whether a manipulation leads to perceptual or
cognitive effects. Nevertheless, if there is no such shift, we
can conclude with a high degree of certainty that the effect
is not perceptual.

functions under prior and reward manipulations. Bars were plotted by
fitting raised Gaussian functions to raw data from individual partici-
pants and then averaging means over participants. The means were
shifted under the prior manipulation (significant in Experiment 2,
but not significant in Experiment 1), but the effect was not significant
under the reward manipulation. (Color figure online)

This second proposal is also challenged by recent theoret-
ical and empirical work. Theoretically, it has been recently
shown that an optimal observer is expected to shift the con-
fidence distributions under prior manipulations (Locke et al.,
2020; Maniscalco et al., 2022). Empirically, shifts in confi-
dence distributions are observed under both prior and reward
manipulations (Lebreton et al., 2018; Locke et al., 2020).
Further, a recent study by Sanchez-Fuenzalida et al. (2025)
using a reproduction procedure also showed that whether a
manipulation has a perceptual or cognitive effect cannot be
directly determined by the distributions of confidence and
RT. Our findings are consistent with these previous results
and indicate that shifts in confidence distributions are insuf-
ficient to demonstrate that an effect is perceptual.

Relationship between Proposals 1 and 2

It is interesting to note that there is a level of disagreement in
the predictions of the two proposals regarding RT distribu-
tions. Proposal 1 predicts that cognitive effects change the
starting point of accumulation (Fig. 1A), which should lead
to shifts in RT distributions. This appears inconsistent with
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Proposal 2, which predicts no shifts in RT distributions for
cognitive effects (Fig. 1B). The tension between the two
proposals suggests that it may be fruitful to compare the
predictions of different proposals theoretically.

Relationship of our work to previous methods
for distinguishing between perception
and cognition

Our approach here builds on a well-established method to
testing whether a behavioral signature is sufficient to indi-
cate the presence of perceptual effects (Firestone & Scholl,
2014, 2015a, 2015b). The idea is that if a signature emerges
in a situation where the effects cannot be perceptual, then the
signature itself cannot be used to indicate perceptual effects.
The approach is used by Firestone and Scholl (2015b), where
they introduced an “overgeneralization test” to show that a
signature cannot be perceptual once it can over-generalize
to an unambiguously non-perceptual situation.

Our findings also resonate with previous studies which
propose that a single signature is typically insufficient for
determining whether a manipulation has perceptual or cogni-
tive effects. It is usually thought that one should consider a
cluster of signatures and only accept that an effect is percep-
tual or cognitive if most or all of the signatures agree (Block,
2023; Hafri & Firestone, 2021; Scholl & Gao, 2013). Our
results are in line with this reasoning and suggest that indi-
vidual signatures in isolation are insufficient to distinguish
between perceptual and cognitive effects. However, it is
important to clarify that the proposal we examine here may
be useful when employed as a part in a cluster of signatures
that together point towards whether an effect is perceptual
or cognitive.

Limitations

Our work has several limitations. First, to mimic the DDM
analyses in the perceptual literature, our model only con-
siders categorical experimental conditions (manipulations
and cues) and does not take individual numbers as input.
Yet allowing the model parameters to change according
to the magnitude of numbers can give the model more
flexibility and could possibly enable the model to capture
more patterns in choices and RTs. Second, it is unclear
what exactly is accumulated in purely cognitive tasks in
the context of DDM analyses. In perceptual takes, DDM
is thought to reflect the accumulation of perceptual input
or “mental replays” of the stimulus. In cognitive tasks,
although DDM has been shown to capture choices and
RTs (Ratcliff et al., 2016), there is no clarity about the
nature of the accumulation process. It is possible that
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the underlying evidence accumulation processes are not
identical between perceptual and cognitive tasks. Future
work needs to compare evidence accumulation processes
in different domains. Third, it is possible to interpret the
two proposals examined here as being about distinguish-
ing between “decision evidence” and “response criterion”
(instead of perception and cognition as defined here). Our
approach of using a purely cognitive task does not chal-
lenge the possibility that either proposal may success-
fully distinguish between effects on decision evidence
vs. response criterion. Finally, our results show that the
proposed signatures may not distinguish well between
perception and some specific cognitive effects, but the
proposals may distinguish better between perception and
other cognitive effects.

Conclusion

Our work shows that neither drift-rate bias effects nor
changes in the peak of the distributions for confidence
or RT can be interpreted as indexing perceptual effects.
These results challenge previous proposals about diagnos-
tic tools for perceptual effects and suggest the need for a
more careful interpretation of the underlying processes
associated with behavioral measurements in perceptual
decision-making tasks.
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