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Abstract

The production effect refers to the finding that words read aloud are remembered better than words read silently. Histori-
cally, this phenomenon has been explained with reference to distinctive features encoded at study (e.g., auditory and motor
elements) being retrieved at test to discriminate between studied and unstudied items, with emphasis placed on features
stemming from the act of production itself. Across two experiments, we demonstrate that even anticipation of reading a
word aloud is sufficient to improve its memory over silent items. Using a recent variant of the production paradigm involv-
ing pupillometry, participants were instructed to withhold their response until a “Go” signal appeared. On “catch” trials this
signal never occurred. Despite having not produced the word on a catch trial, participants nonetheless demonstrated both a
behavioral (Experiments 1 and 2) and a pupillary (Experiment 2) production effect, although both were of lesser magnitude
than on trials requiring actual production. For “Go” trials, the behavioral production effect was evident for both recollec-
tion and familiarity; for “catch” trials, the effect was evident only for recollection. These results support recent claims that
motivational or attentional factors play a role in the emergence of the production effect, connecting this effect to a broader
framework of action-oriented memory enhancement.
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Introduction popular culture as an effective mnemonic strategy (e.g., Gates,

1917; Herndon & Weik, 1896). Although most research has

The production effect (MacLeod et al., 2010) refers to the
well-replicated finding that words read aloud are better
remembered than words read silently. This phenomenon has
been studied for over six decades (Conway & Gathercole,
1987, 1988); Ekstrand et al., 1966; Hopkins & Edwards, 1972;
Murray, 1965), with production known for over a century in
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focused on reading aloud, the effect has been generalized to
other modalities including writing (e.g., Forrin et al., 2012),
mouthing (e.g., Fawcett et al., 2012; MacLeod et al., 2010),
and singing (Quinlan & Taylor, 2013; for a meta-analysis,
see Whitridge et al., 2024), and across the lifespan from chil-
dren (e.g., Icht & Mama, 2015; Pritchard et al., 2020) to older
adults (e.g., Lin & MacLeod, 2012).

Since early in the history of the production effect (e.g.,
Conway & Gathercole, 1987, 1988; Hopkins & Edwards,
1972; Gathercole & Conway, 1988), theoretical accounts
have attributed the memory benefit elicited by reading aloud
to distinctive encoding (for more on distinctiveness, see
Hunt, 2006, 2013). It has been argued that at study a record
of production features is stored with each produced item
(e.g., MacLeod et al., 2010) and is then used at test to facili-
tate recall or recognition of aloud items which “stand out”
against the backdrop of silent items lacking these features.

Two prominent variants of the distinctiveness account
exist, differing largely with respect to the mechanism
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through which the sensorimotor features associated with
production (i.e., the production record; Fawcett et al., 2012;
Fawcett, 2013) are thought to aid memory. The distinctive-
ness heuristic account (e.g., Dodson & Schacter, 2001)
argues that participants evaluate whether they believe that
they recently said each test word aloud, the logic being that
words said aloud recently must have been studied; the rela-
tive distinctiveness account argues instead that studied words
with an associated production record simply “pop out” dur-
ing recall or recognition due to normal retrieval dynamics
(for computational models, see Caplan & Guitard, 2024;
Jamieson et al., 2016; Kelly et al., 2022; Saint-Aubin et al.,
2021; Wakeham-Lewis et al., 2022). A third form is sta-
tistical distinctiveness (Icht et al., 2014), which posits that
the production effect can also arise from the relative rar-
ity of produced items within a study list. In many experi-
ments, however, including those reported here, aloud and
silent items are equally frequent, minimizing this statistical
contribution.

Although there is now substantial evidence favoring the
role of distinctive encoding, there have been suggestions
that motivational or attentional factors also play a role in the
production effect (e.g., Bodner et al., 2014; Fawcett, 2013;
MacDonald & MacLeod, 1998; Ozubko et al., 2012). Know-
ing that an overt response is required on a given trial could
encourage participants to remain more alert and on-task than
they would be for a trial not requiring an overt response.
Thus, production may be akin to a desirable difficulty (e.g.,
Bjork, 1994; see also Bjork & Bjork, 2020), forcing greater
engagement and improving later memory (Fawcett et al.,
2025; Hourihan & Fawcett, 2024). In debriefing, participants
report that they were more attentive during aloud than dur-
ing silent trials (Fawcett & Ozubko, 2016). Smaller or absent
production effects have also been observed when attention
is impaired through distraction (e.g., Mama et al., 2018) or
a psychiatric condition (e.g., attention-deficit/hyperactivity
disorder; Mama & Icht, 2019).

Recently, Fawcett et al. (2025) used pupillometry to
demonstrate that participants disengage soon after word
onset during silent trials but remain attentive during aloud
trials. Pupillometry — measuring changes in pupil size dur-
ing performance of a cognitive task to gauge attention or
processing load — is thought to reflect phasic firing of the
locus coeruleus-norepinephrine system (Hess & Polt, 1964;
Papesh et al., 2012; Sirois et al., 2014). Larger pupil size
reflects increased activation of the norepinephrine system
and thus greater engagement with the task. Fawcett et al.
(2025) found reading aloud to be associated with larger
pupils than reading silently during study. Critically, this
pupillometric production effect was dissociable from (and
partially preceded) the act of production itself. In fact, pupil
size diverged between aloud and silent trials upon instruc-
tion onset even when the target word was not presented until
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later in the trial, with actual production inducing a larger,
positive deflection superimposed atop this smaller, prepara-
tory deflection. Fawcett et al. interpreted their findings as
evidence that preparing an overt response elicits attention
focusing that facilitates (or is even a necessary component
of) subsequent distinctive encoding of target word features
preceding and/or during production.

Whereas Fawcett et al. (2025) manipulated the relative
timing of word, instruction, and response onset to facili-
tate dissociation of the underlying processes, they could
not separate these mechanisms fully because each event
occurred on every trial (at different times). To separate the
unique contributions of the hypothesized attentional “boost”
underlying response preparation, apart from the distinctive
encoding thought to surround actual production, a condi-
tion would be needed wherein participants believed that they
would produce a word but never actually did. The present
experiments achieved this by modifying the “delayed” pro-
duction paradigm (e.g., Hassall et al., 2016) used by Fawcett
et al. (2025, Experiment 4). In this paradigm, participants
see a target word and production indication at trial onset but
are instructed to withhold responding until a “Go” signal
appears. In the present experiments, we modified this para-
digm such that the “Go” signal sometimes did not appear:
In these “catch” trials, participants were instructed to do
nothing while awaiting the following trial, permitting us to
isolate and test the influence of preparation itself on later
memory.

We report two identical experiments differing only in that
Experiment 1 was purely behavioral whereas Experiment 2
measured pupil size concurrent to the behavioral task. Pre-
suming that response preparation elicits heightened atten-
tional engagement, we expected a pupillometric production
effect even during catch trials. Insofar as this attentional
component is itself related to the memory benefit observed
in a typical production paradigm, we further predicted a
behavioral production effect for catch trials despite no overt
verbal production.

Method
Participants

Experiments 1 and 2 recruited 32 and 42 participants,
respectively. Sample sizes were based on the number
of participants that could be tested in a single academic
term and two academic terms, respectively, with no upper
limit. The sample size for Experiment 2 is comparable to
that of Fawcett et al. (2025; Experiment 4). Experiment
1 was completed in Fall 2019; Experiment 2 was par-
tially conducted in Winter 2020 (cut short by the global
COVID-19 ‘students (mostly female, average age ~20-22
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years) recruited via the local Psychology Research Expe-
rience Pool in exchange for partial course credit. The
procedures for these experiments received approval from
the Interdisciplinary Committee on Ethics in Human
Research at <location redacted for anonymity> (Proto-
col #20171484-SC).

Materials

The two experiments used identical materials and experiment
contexts, with the exception that the eye-tracker, although
present, was not activated during Experiment 1. Materials
were based on Experiment 4 of Fawcett et al. (2025), with
the exception that additional words were needed, and the
paradigm was reprogrammed using OpenSesame (Version
3.2.5; Mathot et al., 2011). The experiment was conducted
on a MacMini computer running OSX 10.12 and displayed on
a 22-in. BenQ monitor at a resolution of 1,024 X 768 pixels.
All text was presented in uppercase black, 18-point Courier
font against a gray (#808080) background.

As with Fawcett et al. (2025), instructions to read a given
word aloud or silently were depicted by a border surround-
ing each word made up of either +s (read aloud) or Xs (read
silently). Two additional borders were created: a post-word
waiting screen (a border of squares), and the “Go” signal
indicating that a response should be made (a border of equal
signs). In all cases, the symbols making up the border were
created using four black lines of equal size arranged in differ-
ent orientations, thereby matching for luminance.

The 225 words used in the experiment were selected from
the MRC Psycholinguistic Database (1988). Words were ran-
domly selected and were grouped into nine lists of 25 words.
These were counterbalanced across our production (silent,
aloud) and delay (early, late, catch) conditions as well as the
foil condition (the latter of which contained three lists). Lists
were matched for word length (M = 5.47, SD = 1.26) and
written word frequency (M = 46.03, SD = 40.16) according
to Kucera and Francis (1967).

During Experiment 2, the right pupil of each participant
was recorded at either 500 or 1,000 Hz using an Eyelink 1000
Plus eye-tracker (SR Research, Mississauga, Canada) placed
beneath the monitor in a desk-mounted configuration, with the
participant’s head in a stabilizing chin rest to minimize move-
ment. We had intended to record at 500 Hz exclusively, but
a technical error resulted in 1,000 Hz for some participants.
This was accounted for in our processing scripts, and all data
were down-sampled to 50 Hz prior to analysis.

Procedure

Experiments 1 and 2 were identical except that in Experi-
ment 1 participants were able to move their heads freely

(i.e., without a chin rest) and no eye-tracking calibration or
validation protocols were undertaken. Each phase of Experi-
ment 2 instead began with a standard 13-point calibration
and validation protocol, repeated as necessary, and partici-
pant heads were stabilized using a chin rest to minimize
motion artifacts.

During an initial familiarization phase, participants com-
pleted trials in which each production instruction (a border
of +s or Xs) was presented simultaneously with the asso-
ciated encoding task instructions (“read the word aloud”;
“read the word silently”). Participants also viewed the “Go”
signal (a border of =s), with the understanding that on aloud
trials they should withhold their response until this border
appeared. Participants were told that not every trial would
contain a “Go” signal: When this signal did not appear, they
were to do nothing until the next trial began automatically.

Participants completed 18 practice trials split evenly over
six different combinations of production (aloud, silent) and
delay (early, late, catch). Words presented in this phase were
not tested; all timings and trial events were otherwise iden-
tical to the study phase. During the actual study phase that
followed, participants completed 150 trials divided evenly
over the same six intermixed conditions (25 each). Partici-
pants were instructed to remember all non-practice words
for a later memory test. As depicted in Fig. 1, each trial
began with a designated blink period demarcated by a 500-
ms blank screen, a 1,000-ms display of “!!!”, and another
500-ms blank screen. Participants were instructed to do their
best to blink only during this period. After the blink period,
a fixation (i.e., a black dot) appeared for 500 ms followed
by a word for 3,000 ms surrounded by the appropriate bor-
der as determined by condition. Participants then saw an
additional fixation screen that varied in duration between
500 ms (early trials), 1,500 ms (late trials), and 3,500 ms
(catch trials), followed on some trials by a “Go” signal that
remained on the screen for either 3,000 ms (early trials) or
2,000 ms (late trials). Together, the duration of the post-
word fixation and the “Go” signal always summed to 3,500
ms. Each trial ended with a borderless fixation (i.e., a dot)
for 500 ms. During aloud trials, participants were to say the
target word aloud when the “Go” signal appeared; during
silent trials, participants were to instead say the target word
silently in their head when the “Go” signal appeared. When
the “Go” signal did not appear (i.e., a fixation dot remained
on screen for the entire 3,500 ms), participants were to do
nothing until the following trial.

During the recognition test that followed, trials began
with a 500-ms blank screen, a 1,000-ms display of “!!!”, and
another 500-ms blank screen, again permitting a designated
blink period. This was followed by a 500-ms fixation (i.e.,
dot) screen and a word for 3,000 ms. Next, the word was
replaced by a 6-point rating scale with the options: (1) very
sure new, (2) mostly sure new, (3) unsure new, (4) unsure
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Fig. 1 Schematic representation of study trial events and event timings. Responses were withheld until the “Go” signal (a border made of “=")

appeared. See text for further details

old, (5) mostly sure old, and (6) very sure old. Participants
pressed the appropriate key and were further instructed that,
should they need to blink, they could do so but that they
should wait until the confidence scale was presented or do
so during the designated period. Responding was self-paced.

Signal processing and statistical approach

Behavioral analyses and correlations. Our statistical
approach followed Fawcett et al. (2025), with some excep-
tions. Recognition data were analyzed as raw confidence
ratings using multilevel Bayesian implementations of the
unequal variance signal detection (for d’) and dual-process
signal detection models (for recollection and familiarity;
see Fawcett & Ozubko, 2016, or Fawcett et al., 2022, for
a discussion), each implemented using the Stan program-
ming language (Carpenter et al., 2017), and was fit using
the cmdstanr package (v. 0.8.0; Gabry et al. 2025) within
R 4.4.0 (R Core Team, 2024). Given the centrality of these
signal detection models, we briefly describe some theoreti-
cal background pertaining to both models below. Further
details, along with supplementary models, are provided in
the Online Supplementary Material (OSM).

Conventional approaches to signal detection analysis
of recognition data typically involve the calculation of the
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criterion (c; i.e., the threshold of evidence needed for an
“old” response) and discriminability (d'; i.e., the distance
between the latent evidence distributions for targets and
lures) by respectively averaging and taking the difference
of the z-transformed hit and false alarm rates (Stanislaw
& Todorov, 1999). An alternative approach is to estimate
the parameters of interest using a generalized linear model
(DeCarlo, 1998) that allows for quantification of uncer-
tainty in parameter estimates and integration of group-
level effects to account for heterogeneity in clustering
variables (e.g., subjects or items; Rouder et al., 2007); we
opted to use the latter approach. For a typical recognition
paradigm in which participants provide binary old/new
responses at test, a binomial model that produces estimates
for d' and c can be fit to the data. When rating data are
available, however, it is possible to fit ordinal extensions
to the binary signal detection model. In addition to dis-
criminability, these extensions permit estimation of a set
of criteria (K—1 threshold parameters for a rating task with
K categories) as well as additional parameters that cannot
be estimated from binary responses due to identifiability
constraints. Below, we briefly review several ordinal signal
detection models that we fit to our behavioral data.

The equal variance signal detection model (EVSD) for
rating data is the simplest ordinal extension to the binary
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signal detection model (see, e.g., DeCarlo, 1998, 2010).
This model estimates discriminability alongside the
threshold structure described above. Notably, this model
assumes equal variance (conventionally set to unity)
across the latent target and lure distributions. Put differ-
ently, such a model assumes that the underlying “strength”
of memory activation elicited by targets and lures varies
to a similar degree and exhibits only a mean difference
between these conditions. Contrary to this assumption, it
has frequently been shown that memory strength is more
variable for targets than for lures; this is supported implic-
itly through analyses of receiver-operating characteristic
(ROC) curves (e.g., Swets, 1986) and directly by analyzing
judgments of memory strength for targets and lures (e.g.,
Mickes et al., 2007). Thus, the unequal variance signal
detection model (UVSD; Green & Swets, 1966) extends
the EVSD by allowing the standard deviation of the tar-
get distribution to vary freely (while setting the standard
deviation of the lure distribution to 1). We opted to report
the UVSD here because it typically provides a superior fit
to the data. Moreover, when targets and lures do share the
same variability, the UVSD is equivalent to the EVSD.
For completeness, the EVSD (and other ordinal models)
are reported in the OSM.

Another extension to the EVSD derives from dual pro-
cess theory. Broadly, this theory contends that recognition
is driven by two processes: (a) familiarity, a nonspecific
feeling of knowing a stimulus, and (b) recollection, a spe-
cific and vivid re-experiencing of the stimulus (for reviews,
see Wixted, 2007; Yonelinas, 2002). Competing schools of
thought exist within the realm of dual process theory: Some
authors view recollection as a continuous signal (e.g., Wix-
ted & Mickes, 2010), whereas others view recollection as
an all-or-none process, wherein the stimulus is either recol-
lected or not (e.g., Yonelinas, 1996). The dual process signal
detection model (DPSD; Yonelinas, 1994) employed here
conforms to the assumptions of the latter perspective. This
variant of the DPSD assumes that responses derive from one
of two discrete states (implemented statistically as a mixture
model): For target items, recollection occurs with probabil-
ity R. When recollection occurs, participants will always
choose the maximum confidence response. If recollection
does not occur (with probability 1 — R), the rating given is
based on familiarity and follows a standard cumulative pro-
bit likelihood (like the EVSD described earlier). This model
is reported in text to further evaluate the degree to which
the production effect is driven by recollection or familiar-
ity, as has been investigated in earlier work (e.g., Fawcett &
Ozubko, 2016; Whitridge et al., 2024).

In all cases, mildly informative Bayesian priors compara-
ble to those from that earlier work were used, and our mod-
els included random slopes and intercepts for participants
as appropriate (we excluded random intercepts and slopes

for item owing to the computational demands of our new
approach, and to maintain consistency with our pupillary
analyses; see below). Bayesian correlations were fit using
brms after evaluating for outliers using both the minimum
covariance determinant estimator (MCD; Fauconnier &
Haesbroeck, 2009; Hubert & Debruyne, 2009; Rousseeuw,
1984; Rousseeuw & Van Driessen, 1999) implemented
within the Routliers package (Delacre & Klein, 2019) and
the more modern isolation forest method using the isotree
package (Liu et al., 2008; Cortes, 2025). Only participants
categorized as outliers by both techniques were dropped.

Because the present work focused on pupil size during the
study phase response period, pupil-behavior correlations were
calculated using a pupillary production effect measured as the
average of a window starting at 3,500 ms (post word onset) and
extending to the end of the trial. However, similar conclusions
were reached using the entire trial. Correlation models were fit
twice, once using regularizing priors (which assume no effect
and pull the correlation toward 0), and once using priors based
on the analyses reported by Fawcett et al. (2025; combining
across experiments), the latter providing a basic meta-analytic
estimate combining present with existing data, although further
experiments are needed (Gelman et al., 2021).

Statistical rationale

Bayesian multilevel models offer important advantages over
traditional ANOVAs. One key benefit is that Bayesian esti-
mation permits informative-yet-unoffensive priors that help
stabilize parameter estimation and improve convergence,
especially in complex designs. These priors act as a form
of weak regularization, constraining estimates to plausible
ranges without unduly influencing the results. For example,
our analyses of d’ use priors that suggest mean d’ for a typi-
cal participant in each condition ought to fall between —1
and 3 (this corresponds to a normal distribution centered on
1 with a standard deviation of 1). Few cognitive experiments
would expect mean performance (for a “typical” participant)
to fall outside that range; however, frequentist models are
equivalent to adopting uniform priors, viewing an overall
mean d’ of —3 (reflecting a strong bias against recognizing
studied over unstudied items) to be as likely as an overall
mean d’ of 1 or 2. Importantly, none of our conclusions
(beyond the one explicitly using past priors) hinge specifi-
cally on our choice of priors, and a wide range of reasonable
priors (e.g., suggesting mean d’ for a typical participant in
each condition ought to fall between -2 and 4) produce com-
parable conclusions. They also remain entirely agnostic as
to the magnitude of any key differences (e.g., the production
effect), tacitly assuming no difference (and pulling each pro-
duction effect toward 0). Our code and data are available so
that those interested in exploring how different priors might
influence our conclusions can do so.

@ Springer
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The stabilizing properties of mildly informative priors
are especially important in the context of complex mod-
els, such as the multilevel models below. In fact, Bayesian
methods make it possible to fit multilevel models that are
difficult or impossible to estimate reliably using frequen-
tist approaches, particularly when (a) parameters are cor-
related, (b) data are missing or unevenly distributed, or (c)
variance components are very small or large. In the case of
our ROC curve models, each participant has few trials per
condition relative to what is typical for this type of model
in other literatures (e.g., perception). This can result in
malformed individual ROC curves (e.g., if by chance a par-
ticipant did not distribute their numeric responses evenly
across conditions or if they tended toward very few false
alarms or near perfect hits). A malformed ROC curve (e.g.,
one partially flattened or inverted) will result in poor esti-
mation of the underlying parameters. For example, within
dual-process signal-detection models, recollection is par-
ticularly prone to error when estimated via common opti-
mization approaches (as used by frequentist models). This
sometimes results in recollection being (incorrectly) set
to 0 in cases of poor model fit. These issues are worsened
because non-multilevel approaches involve a “two-step”
process whereby the ROC curve is fit to each participant
separately, with the resulting participant-level parameters
fed into later analyses (e.g., ANOVASs). This approach dis-
cards uncertainty in the participant-level estimates, tacitly
treating those parameters (e.g., the d’ or recollection value
for a given participant) as “known” with absolute certainty,
despite having been estimated with varying precision. Mul-
tilevel models (especially Bayesian ones) instead propagate
that uncertainty and mitigate the influence of malformed
individual ROC curves by informing individual partic-
ipant-level parameters based on group-level parameters.

Finally, our use of Bayesian multilevel models (rather
than strictly ANOVAs and #-tests) permits us to model our
ordinal confidence ratings without assuming homoscedas-
tic or Gaussian errors. Although common, it is well known
that the application of ANOVAs to categorical, ordinal, or
bounded outcomes can be misleading. For example, Lid-
del and Kruschke 2018), Dixon 2008), and Jaeger 2008)
each have provided simulations showing how the analy-
sis of binomial (e.g., yes-no recognition) or ordinal (e.g.,
our confidence ratings) data using ANOVAs distorts error
terms, biases estimation, and provides misleading infer-
ences. These methodologists recommend adopting gen-
eralized multilevel modelling in situations such as ours.
There are few disadvantages beyond complexity, and such
models frequently are shown to produce better estimates
and inference. In short, whereas we certainly do not wish
to engage in methodological imperialism (insisting that
everyone adopt our methods), we believe that the pre-
sent models reflect best practice (for a related discussion
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pertaining to Bayesian modelling applied to similar data,
see also Fawcett & Ozubko, 2016; Fawcett et al., 2016).

Pre-processing and analysis of pupillometry data. Pupil-
lary data from Experiment 2 were pre-processed using the
same pipeline as reported by Fawcett et al. (2025). This
process involved: (1) de-blinking via Eyelink’s built-in
algorithm with 100 ms of padding on either side of each
blink; (2) artifact detection (e.g., a near stationary pupillary
signal for at least 500 ms or a signal that moved unnatu-
rally fast); (3) identification of gaze too far from center;
(4) interpolation (via a piecewise cubic Hermite approach);
(5) a 4-Hz low-pass Butterworth filter (to reduce high-fre-
quency noise); (6) epoching (using -200 to 7,000 ms relative
to word and instruction onset); (7) subtractive baselining;
(8) down-sampling to 50 Hz; and (9) z-score normalizing
within participant to control for individual differences in
response scale and variation in the lighting conditions dur-
ing testing. Following pre-processing, trials were flagged as
“bad” if 30% of the samples were marked as missing for any
reason and participants were dropped if they were missing
more than 50% of trials on this basis.

The pupil data were analyzed in two ways. First, we used
frequentist generalized additive mixed models (GAMM)
with thin-plate regression splines in the mgcv package
(Wood, 2017). Random curves were included for participant
by condition and autocorrelation was also modelled (rho =
0.9). Differences between aloud and silent waveforms were
estimated using the itsadug package (van Rjj et al., 2022).
Next, we conducted an exploratory mass univariate analysis
comparing the aloud and silent waveforms for each delay at
each time point. Finally, we determined whether a 100-ms
moving window surrounding that time point predicted sub-
sequent memory. For the latter, multilevel (logistic) models
were used with a random intercept and slope for each partici-
pant. We corrected these models for multiple comparisons
using cluster-based p-values derived by simulating time-
series from a hypothetical Null distribution for the relevant
test statistics. See Fawcett et al. (2025) for further details.

Results

Prior to data processing, three participants were excluded
from Experiment 2 due to excessive drowsiness, excessive
blinking, and technical failure, respectively. This resulted
in final samples of 32 participants in Experiment 1 and 39
participants in Experiment 2.

Recognition memory

Empirical “hit” and “false alarm” rates are presented
in Table 1. As depicted in Fig. 2, both experiments
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demonstrated credible behavioral production effects (aloud
> silent) for d’ at each delay, with the magnitude of the
effect roughly halved for “catch” trials compared to early
or late “Go” trials. Recollection and familiarity, analyzed
next, suggested that the production effect was driven by both
recollection and familiarity in both the early and the late
“Go” conditions (e.g., see Fawcett & Ozubko, 2016; Ozubko
et al., 2012), but only by recollection during “catch” trials.
Corresponding frequentist models (i.e., ANOVAs) are also
reported in the OSM (with data and code provided on the
Open Science Framework (OSF) and GitHub). In all cases,
frequentist ANOVAs supported the conclusions drawn from

the Bayesian models, except that the production effect as
measured by recollection was only marginally significant for
Experiment 2 catch trials (although this comparison was sig-
nificant both for Experiment 1 and for catch trials combined
across experiments).

Recognizing that differences between Experiments 1 and
2 (e.g., use of a chin rest, avoidance of blinking) may have
influenced the magnitude of the production effect, contrasts
were calculated comparing across experiments for each
dependent variable and delay condition in Fig. 2. These are
detailed in the OSM and summarized in Table S6 (OSM).
Although frequentist models found no significant interaction

Table 1 Experiments 1 and 2 and combined: Mean percent hits for each combination of encoding condition (aloud, silent) and delay (early, late,

catch), as well as mean percent false alarms

Early Late Catch False alarms
Aloud Silent Aloud Silent Aloud Silent
Experiment 1 78.1 (2.5) 57.1 (2.8) 80.9 (1.9) 60.4 (3.1) 69.8 (2.9) 61.6 (2.5) 21.8 (2.1)
(n=32)
Experiment 2 77.6 (2.0) 62.1 (2.4) 773 (2.1) 60.0 (2.4) 67.5 (2.6) 582 (2.4) 33.8(2.4)
(n=39)
Combined 77.9 (1.6) 59.8 (1.8) 78.9 (1.4) 60.1 (1.9) 68.5(1.9) 59.7 (1.7) 28.4 (1.7)
(n=171)

Each experiment used a single false alarm rate for all conditions. Values in parentheses are standard errors
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ated contrasts as a function of production (aloud, silent) and delay
(early, late, catch). Error bars represent 95% confidence intervals.

Comparisons are considered credible when the confidence interval for
a contrast does not cross 0. Rec. = recollection, Fam. = familiarity,
PE = Production Effect (aloud — silent)
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between Experiment and any other variable, within our pri-
mary Bayesian models the magnitude of the production
effect (averaged across delay condition) was credibly smaller
in Experiment 2 than in Experiment 1 for both the unequal
variance model (d’) and for recollection within our dual-
process model. Insofar as certain features of Experiment 2
might be considered liable to be distracting, this pattern is
not surprising. Importantly, data are provided separately for
each experiment (as well as combined) in Fig. 2, and the
pattern of results (and conclusions) is similar for each.

Pupil size by condition

As depicted in Fig. 3, both mass univariate and GAMM
models demonstrated sizable pupillary production effects
(aloud > silent) for all conditions, with a credible difference
emerging for the early and “catch” trials roughly 1,000 ms
following word and instruction onset and persisting through-
out the remainder of the trial. For late trials, this difference
was delayed but still preceded the response period. During
the response period, a large peak was observed for both early
and late aloud trials, replicating Experiment 4 of Fawcett
et al. (2025). Notably, the late condition peaked ~1,000 ms
later than the early condition, reflecting the difference in
“Go” signal onset between these conditions. Of greater inter-
est, a smaller pupillary production effect was also observed
for the “catch” trials around the time that production would
normally commence, despite no production occurring.

Predicting memory outcomes using study phase
pupil dilation

Using aggregate pupil size (i.e., averaged within each trial)
to predict recognition performance on a per-item basis for
aloud and silent trials at each delay failed to produce cred-
ible effects. Likewise, as depicted in Table 2, none of the
correlations between the aggregate behavioral (in d’) and
pupillary production effects were credible when using a
regularizing prior, but the correlations were credible for
both the late and “catch” trials when using priors informed
by Fawcett et al. (2025). Incorporating priors derived from
past studies constitutes a form of meta-analysis and reflects
a cumulative approach to scientific inference (e.g., Gelman
et al., 2021). Importantly, given that the reported correla-
tions between the behavioral and pupillometric production
effects were medium in size (r ~.3; Fawcett et al., 2025), a
much larger sample would be needed to definitively resolve
this association in a single study. This is especially true
for the “catch” trials, for which the correlation might be
expected to be smaller (e.g., r &.2, requiring n = 194 for
80% power). Given the labor-intensive nature of pupillom-
etry, larger-scale data collection across multiple studies and
future meta-analytic aggregation will likely be required

@ Springer

to definitively characterize the behavioral-pupillometric
relation.

Our exploratory window analysis revealed that pupil size
for aloud trials predicted subsequent memory (larger pupils
associated with a greater probability of recognizing the
word) within the range 5,380-6,950 ms for early trials and
6,430-6,900 ms for late trials. No windows predicted later
memory for silent trials or for “catch” trials.

Discussion

Across two experiments we isolated the processes involved
in response preparation from those associated with produc-
ing the target word in a production paradigm using delayed
production and “catch” trials where participants expected to
produce a word but did not do so. Despite no production dur-
ing “catch” trials, both a pupillary and a behavioral produc-
tion effect were observed, albeit of lesser magnitude relative
to early or late “Go” trials. Notably, for early and late “Go”
trials, the behavioral production effect was driven by both
recollection and familiarity (e.g., Fawcett & Ozubko, 2016;
Ozubko et al., 2012), but for “catch” trials it was driven
only by recollection. Beyond these novel findings, the early
and late trials replicate Fawcett et al.’s (2025) final experi-
ment, again exhibiting a pupillary production effect with
onset prior to actual production. Together, these findings
challenge certain distinctiveness-based accounts and provide
further support for the dual-process perspective (e.g., Fawc-
ett & Ozubko, 2016; Ozubko et al., 2012) that the production
effect involves multiple mechanisms (as has been argued for
related paradigms such as enactment and generation; see
Fawcett et al., 2022).

Both the silent and aloud conditions were associated with
an initial increase in pupil size that was larger and more
sustained during aloud than silent trials. For silent trials,
pupil size diminished throughout the trial. For both early
and “catch” conditions, pupil size was greater during aloud
than during silent trials from soon after word and instruc-
tion onset until the trial ended; for late trials, this difference
was delayed. Given that early and late trials were identical
until the response window, we view this delayed pattern as
arising from statistical noise (see also Fawcett et al., 2025).

For aloud trials, two additional peaks were observed.
One was associated with the response itself (present dur-
ing early and late trials following “Go” signal onset but
absent during “catch” trials where there was no “Go” signal
or response). A second, smaller peak was associated with
onset of the prospective response period (observed fully
during “catch” trials, partially occluded during late trials,
and fully overlaid by the response peak during early trials).
Our interpretation is that, when participants are alerted that
they are about to speak during instruction onset, there is an
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Table 2 Experiment 2: Correlations (r) between the behavioral and
pupillary production effects (after outlier removal) as a function of
delay, using either regularizing priors or informative priors based on

Fawcett et al. (2025). Frequentist Pearson correlations are also pro-
vided for comparison

Outliers r r r

(regularizing priors) (informative priors) (frequentist)

Early 3 -.15 .09 -.16
(-.46,.17) (-.11,.30) (-47,.17)

Late 1 .26 27 .29
(-.05,.56) (.07,.47) (-.04,.55)

Catch 1 .14 21 15
(-.17,.44) (.01,.42) (-.17,.45)

Values in parentheses are 95% confidence intervals. Outliers were defined as participants detected as anomalous by both the minimum covari-

ance determinant estimator (MCD) and isolation forest methods

initial attention-focusing effect (reflecting activation of the
norepinephrine system) that is magnified as the anticipated
response deadline approaches. Following this preparation
time, overt verbal production is then associated with a period
of distinctive encoding (Fawcett et al., 2025). The present
findings are the first to provide separable psychophysiologi-
cal markers of each process, demonstrating that preparing
to produce a word elicits focused attention separable from
production itself.

With respect to the behavioral production effect, per-
formance during “catch” trials provides key evidence that
intending to produce a word aloud explains roughly half
the magnitude of the production effect in memory (as evi-
denced by a behavioral production benefit of roughly half
the magnitude during those trials compared to the “early”
and “late” delay conditions). This challenges the viability of
the distinctiveness heuristic account (Dodson & Schacter,
2001), as in the case of “catch” trials participants are una-
ble to use having said a word at study to guide their test
responses. Also novel is the finding that the production
effect for “catch” trials appears to be driven by recollec-
tion, not familiarity. The dissociation between familiarity
and recollection supports a dual-process perspective (Faw-
cett & Ozubko, 2016). Previous research established that the
production effect is driven by both familiarity and recollec-
tion when manipulated within-subject (Ozubko et al., 2012;
Fawcett & Ozubko, 2016) but by familiarity alone when
manipulated between-subjects. Fawcett and Ozubko (2016)
attributed the reduced magnitude of the production effect for
between-subjects (vs. within-subject) designs to the absence
of the recollective component (for meta-analyses, see Fawc-
ett, 2013; Fawcett et al., 2023).

Whereas both Ozubko et al. (2012) and Fawcett and
Ozubko (2016) speculatively aligned distinctive encoding
with recollection and heightened attention with familiar-
ity, the fact that the use of pure-list designs minimizes the
contribution of recollection (but not familiarity) and that
withholding production on “catch” trials minimizes the
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contribution of familiarity (but not recollection) may suggest
a more complex interpretation. Specifically, that the prepara-
tory (at instruction onset) and anticipatory (at response win-
dow onset) pupillary components occur during “catch” tri-
als suggests that the recollection-based component is driven
instead by attentional or motivational factors whereas the
familiarity-based component is driven by distinctive encod-
ing. Of course, neither measure is likely process-pure (e.g.,
Surprenant & Neath, 2009). For example, the production-
driven recollective benefit for “catch” trials may reflect
distinctive encoding associated with response preparation
(e.g., activation of phonological representations and motor
planning), which itself may partially explain the need for
focused attention. Consequently, the relative distinctiveness
account, which relies on accessibility to — but not strategic
use of — the production record is not necessarily incompat-
ible with the present findings.

An alternative interpretation is that catch trials elicit pro-
cesses associated with a violation of expectations, rather
than with a subset of processes akin to those engaged during
produced trials. Although we cannot entirely rule this out,
we view it as less likely in the present paradigm. Participants
were explicitly informed that approximately one-third of tri-
als would not contain a “Go” signal and were instructed that,
when this occurred, they should simply wait for the next trial
to begin. Thus, the absence of a “Go” signal was an expected
and fully instructed event, rather than an unanticipated
deviation from task structure. This differs from paradigms
in which unexpected events trigger adaptive shifts in strat-
egy or processing mode (e.g., Chen et al., 2019). Further,
inspection of Fig. 3 reveals a similar pupillometric deflection
occurring for the late trials — preceding and partially sum-
mating with the deflection associated with speaking aloud
— to the one observed for catch trials. This is even though,
during late trials, expectations are minimally violated as
participants are accustomed to the “Go” signal often being
delayed. Nevertheless, future work could test this expecta-
tion violation account more directly by incorporating truly
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unexpected omissions or task changes to determine whether
such expectation violations produce memory outcomes (and
pupillary deflections) comparable to those observed here.

Surprisingly, we did not observe a larger production
effect for late relative to early delay conditions. Mama and
Icht (2018) found that asking participants to delay produc-
tion resulted in a larger effect on free recall. The absence
of a delayed production effect in our experiments may be
attributable to three factors. First, we did not include an
immediate condition: The early condition incorporated a
500-ms delay before a response was made. Second, because
Mama and Icht provided the word prior to the production
instruction, participants were unaware whether a given
word would be produced or read silently until their delayed
instruction appeared. And third, we used a recognition test
whereas they used a free-recall test. Interestingly, the pro-
duction effect in our study as measured by recollection (the
measure most like free recall) tended to be larger for the
late as opposed to the early or “catch” conditions, although
this was only a trend in the former case. Further research
— possibly using free recall — may determine whether delay-
ing production and/or the instruction is necessary for the
delayed production effect to emerge.

Owing to our emphasis on preparatory processes,
our work is also thematically related to the performance
anticipation hypothesis described by Forrin et al. (2019).
Using a production paradigm with a predictable trial
order, they observed impaired memory for silent items
when participants anticipated production on the following
trial. They attributed this to heightened anxiety or reduced
attention to the silent items. This finding was later chal-
lenged by Gionet et al. 2025), who showed that manipu-
lations intended to heighten performance anxiety (e.g.,
whether the researcher was in the room) did not influence
the production effect, and that the seemingly anticipatory
impairment could instead be explained via rehearsal dis-
ruption (for further discussion of performance anxiety in
this paradigm, see Wakeham-Lewis et al., 2022; Whitridge
et al., 2024). Importantly, those studies addressed how
anticipating an aloud trial might influence performance
on the preceding trial whereas the present work addresses
preparation to read aloud (and its influence on perfor-
mance) within the current trial. Both the preceding and
the present work hypothesize a pre-occupation with items
soon to be read aloud but differ in that our proposed pre-
paratory mechanisms focus attention on the current word
and contribute to efficient encoding, rather than impairing
performance on other trials. That we used a randomized
(and therefore unpredictable) trial order means that partic-
ipants could not anticipate whether they would read aloud
or silently on future trials, minimizing the possibility that
a preoccupation with future production might negatively
influence encoding of silent items.

The present findings also shed light on the offline produc-
tion effect described by Jamieson and Spear (2014). In their
study, asking participants to imagine producing a word was
sufficient to elicit a production effect, albeit of lesser mag-
nitude than that elicited by standard “online” production.
Their study would appear aligned with ours, with one key
exception: Their participants were asked to actively imag-
ine producing the item whereas our participants were told
that when a “Go” signal was not presented they were to do
nothing until the next trial. We believe it unlikely that par-
ticipants would actively imagine producing words during
“catch” trials without being instructed to do so. It is plausi-
ble, however, that Jamieson and Spear’s (2014) findings were
driven by the mechanisms observed in our experiments. If
so, this would suggest that it was not offline production but
attention and heightened encoding elicited in preparation
for and anticipation of production that drove their effect.
Future research using psychophysiological measures (with
indices of recollection and familiarity) should be better able
to compare our paradigm to theirs. Indeed, “catch” trials
could be incorporated into the paradigm reported by Jamie-
son and Spear (2014) to investigate whether interfering with
the imagined response would influence their findings.

The idea that planning to act may itself improve memory
independent of the execution of any intended action also
connects the current production study to a broader principle
within human memory. A similar pattern has been observed
for both the drawing effect (Wammes et al., 2018) and the
enactment effect (Helstrup, 1996; for a meta-analysis,
see Roberts et al., 2022) in paradigms where participants
were instructed to prepare but not to execute the associated
response at encoding. However, whereas those earlier stud-
ies involved planning of complex, multistep behaviors (e.g.,
creating an image of a provided word, or planning the steps
to achieve a specific goal such as breaking a matchstick), our
work is the first to address a situation as simple as reading
aloud. Further, our work both links the observed memory
benefits to psychophysiological markers of focused attention
and — for the first time — proposes that planning to act may
operate largely by improving recollection.

Further work is needed to evaluate this preparatory
stage across encoding techniques (e.g., drawing, enact-
ment, production) to judge whether they share a common
process. Uniting these methods would constitute a theo-
retical step forward given that the drawing, enactment, and
production effects often are viewed as related but inde-
pendent phenomena. Future work could use a paradigm
like the one reported here but including separate drawing,

! Jamieson and Spear used actual typing versus imagined typing;
MacLeod, Ozubko, and Major (n.d.) have data showing a similar dif-
ference for aloud versus imagined aloud conditions.
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enactment, and production groups to permit direct com-
parison of their respective pre-task planning processes,
their psychophysiological markers, and their unique influ-
ence on familiarity and recollection.

In conclusion, the present experiments provide compelling
evidence that response preparation alone — without any overt
action — is sufficient to elicit both behavioral and pupillomet-
ric signatures of the production effect, albeit reduced relative
to actual production. Memory performance during catch tri-
als suggests that as much as half of the memory benefit usu-
ally attributed to production itself may arise from preparatory
processes that enhance attention and later recollection, inde-
pendent of the act of speaking. By isolating the attentional
and distinctive encoding phases of production, this work not
only challenges the sufficiency of existing distinctiveness-
based accounts, but also reframes the production effect as
a multifaceted phenomenon. Our results further bridge the
production, drawing, and enactment literatures, suggesting
a common cognitive mechanism whereby preparing to act
benefits memory, possibly through a shared combination of
enhanced attention and distinctive (preparatory) encoding.
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