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Abstract
Knowing when an event took place can provide several benefits to episodic memory, such as distinguishing among multiple
traces, learning sequences of events, and guiding a search strategy. As a tool for understanding memory, time is particularly
appealing given its ever-changing quality, the constant possibility to associate it with encoded events, and the ease with which it
can be targeted at retrieval. Whereas studies of episodic retrieval typically employ categorical and probabilistic measures of
retrieval success, characterizing a continuous feature such as time warrants measures particularly sensitive to the fidelity, or
precision, of retrieved information. Here, we adapt a paradigm for assessing the fine-grained precision of retrieval to understand
the nature of judging the time at which a memory was encoded. Subjects studied a series of pictures and then undertook a test in
which they placed each picture, as precisely as possible, along a continuous time line representing the study list. Based on
mixture-modeling analyses of the test response errors, the primary results were that temporal judgments were less accurate with
passing time, and this change was due to diminished precision as opposed to an increased rate of guessing. Moreover, although
we observed a negligible influence of guessing, subjects exhibited a clear effect of bias that favored recent responses. Together, in
contrast to numerous studies of memory for other continuous features (e.g., color and location), our findings demonstrate a novel
pattern of decision factors, suggesting that the retrieval of time might highlight distinct attributes of episodic memory.
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Episodic memory allows the unique events comprising our
personal history to be encoded and retrieved. The uniqueness
of such event traces is afforded by several factors, including
the combination of details bound to each event, and the con-
text that places the event in space and time. Of these, time is
particularly interesting given that it is a ubiquitous and ever-
changing feature of our experiences, and for its relevance to a
range of memory phenomena such as forgetting, sequential
learning, and event segmentation (for general reviews, see
Friedman, 1993; Eichenbaum, 2013; Howard, 2018;
Ranganath & Hseih, 2016). However, aside from an abun-
dance of studies examining recency judgments and time-
related changes in traces, little is known about the qualitative
characteristics of the temporal information associated with

episodic memories. The current study employs a mixture-
modeling approach with continuous behavioral measures to
elucidate the nature of temporal retrieval. In particular, we
address questions about how precisely temporal judgments
are made, whether precision changes with passing time, and
the roles of other decisional factors (i.e., guessing and bias) in
such judgments.

One barrier to investigating a continuous feature such as time
is that memory paradigms often focus only on categorical dis-
tinctions regarding the basis for retrieval, as is the case for exam-
ple with the remember/know task in distinguishing detailed rec-
ollection from acontextual familiarity (for reviews, see Skinner&
Fernandes, 2007; Yonelinas, 2002). While recent iterations of
this task have advanced to graded measures of familiarity (e.g.,
Montaldi et al., 2006; Yonelinas et al., 2005), investigations of
the continuous nature of recollection are less common, with no-
table exceptions dealing with the amount of retrieval (e.g.,
Vilberg & Rugg, 2007; Wilding, 2000) and levels of source
memory confidence (e.g., Hayes et al., 2011; Mickes et al.,
2009). An alternative paradigm, popularized in workingmemory
research (for review, seeMa et al., 2014), has been used to assess
the precision of memory retrieval. In the context of long-term
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memory, a common version of this paradigmhas subjects encode
words associated with spatial positions on a circle and then later,
given the word cue, denote the correct position as precisely as
possible (Harlow & Donaldson, 2013; Harlow & Yonelinas,
2016; Murray et al., 2015). Behavioral responding in such a task
can be analyzed with a mixture-modeling approach in which the
precision of retrieval varies continuously and can be dissociated
from the involvement of other behavioral factors, such as guess-
ing and response bias, as well as from other neural correlates of
retrieval success (e.g., Richter et al., 2016).

We sought to extend the precision paradigm described above
to further understand the retrieval of continuous temporal infor-
mation. Whereas several classic memory studies have had sub-
jects estimate the time at which items were previously studied,
such judgments were often relatively coarse in that they distin-
guished between multiple study lists or across sizable portions of
a single list (e.g., Hintzman et al., 1973; Hintzman & Block,
1971;McCormack, 1984). In a recent study advancing the earlier
work, Montchal et al. (2019) had subjects watch a half-hour
television show and then later place still frames along a time line
corresponding to their initial occurrence. Although the time line
had a higher resolution than the previous studies, thereby
allowing for better precision estimates, subjects in a control con-
dition who did not initially watch the show also exhibited some
degree of precision. This is not surprising given the natural pro-
gression of the show’s plot and the possible presence of other
informative cues. We eliminated such cues here by employing a
study phase consisting of a series of randomly ordered and equal-
ly spaced pictures, with no breaks to serve as potential landmarks
and no instructions referencing the temporal aspect of the later
memory test. Our approach is similar to that of another recent
study, by Jenkins and Ranganath (2010), in which subjects were
presented with a list of pictures in the context of a working
memory task and were subsequently given a test that involved
placing each picture on a time line corresponding to the study list.
The authors observed that temporal response error was smaller
for items studiedmore recently comparedwith remotely (also see
Lositsky et al., 2016). By implementing a mixture-modeling ap-
proach, we first estimated the precision of temporal judgments
and whether it diminished with passing time (as predicted by the
foregoing results).Moreover, this approach allowed us to novelly
test for the presence of other decision-making (i.e.,
nonmnemonic) factors, such as guessing and response bias, and
consequently to rule out those factors in accounting for any
changes in temporal memory (also see Brady et al., 2013).

Methods

Subjects

Thirty-two University of Missouri (MU) students participated
for partial course credit. Our sample size was chosen to be

comparable to that in previous studies using mixture modeling
for long-term memory performance (e.g., Harlow &
Yonelinas, 2016; Murray et al., 2015). Inclusion criteria were:
18–30 years old, native-English speaking, and no history of
neurological disease. Informed consent was obtained in accor-
dance with the MU Institutional Review Board. Data were
initially screened to confirm each subject’s active engagement
with the task, defined as moving the computer mouse from the
starting position on >95% of test trials (see Harlow &
Yonelinas, 2016). Two subjects were excluded by this criteri-
on, with an additional subject removed for having a high per-
centage (28%) of fast (<500 ms) temporal judgments. The
final sample of subjects (20 females, nine males) were 18–
22 years old (M = 19.1 years, SD = 1.1).

Stimuli and procedure

The stimulus pool consisted of 300 color pictures of common,
nameable objects. Each picture subtended a visual angle of
about 3.1° and was presented centrally on a light gray
(~70% white) background. Stimuli were displayed on a 24-
inch widescreen LCD monitor (1,024 × 768 resolution)
viewed at a distance of approximately 1 meter. Stimulus pre-
sentation was controlled with the Cogent2000 toolbox
(Version 1.32; http://www.vislab.ucl.ac.uk) in MATLAB
(R2012a; MathWorks, Natick, MA).

The experimental session (~45 minutes) consisted of a
study phase followed by a test phase. Instructions and practice
on the study phase were administered first, with details about
the test phase withheld until the study phase concluded.
Although subjects were kept naïve about the nature of the test
until immediately prior to its start, it is possible that they
anticipated some sort of memory test, as the experiment was
advertised as a “memory study.”

The study phase comprised a single block of 300 pictures,
with each displayed for 3,000 ms and followed by a central
plus sign presented for 500 ms. Subjects were informed of the
number of trials and total time of the study phase (17.5 mi-
nutes) prior to its start. Subjects were instructed to rate the
pleasantness of each picture on a 4-point scale (very pleasant,
somewhat pleasant, somewhat unpleasant, and very
unpleasant) via key presses mapped to their left little through
index fingers. The response options were displayed at the
bottom of the screen throughout the study phase.

Following the study phase, subjects received instructions
and practice on the test phase, which consisted of all study
pictures being presented in a randomized order. Each test trial
began with a picture presented above a horizontal time scale.
The time scale ranged from Trial 1 on the left to Trial 300 on
the right, with labels marking every 50 trials. On each trial, an
arrowwas initially displayed at the midpoint of the scale (Trial
150). Subjects were instructed to use the computer mouse to
move the arrow, as precisely as possible, to the position at
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which they thought the picture occurred at study, and to click
the left mouse button to finalize their response. A vertical
confidence scale, ranging from 0% at the bottom to 100% at
the top (with labels marking 20% increments), then replaced
both the picture and time scale. An arrow next to the scale was
initialized at 50% on each trial, and subjects were to rate their
confidence about correctly retrieving the picture’s study posi-
tion, irrespective of precision (also see Harlow & Yonelinas,
2016). After the confidence judgment was made by pressing
the left mouse button, a central plus sign was displayed for
1,000 ms until the next trial began.

Data availability and analysis

The behavioral data and analysis scripts are available (https://
osf.io/c7nge). Primary analyses were conducted using
MemToolbox (Version 1.0.0; Suchow et al., 2013) in
MATLAB (R2012a), with modifications made to the toolbox
to model responses along a linear (time) scale. Prior to analy-
sis, study trials on which subjects failed to respond or did so
outside a predefined interval of 500–3,000 ms after picture
onset were removed (2.9% of trials; SD = 3.0). Although the
temporal position and confidence judgments during the test
phase were self-paced, trials on which subjects made the tem-
poral response faster than 500 ms or made either response
slower than 10 s were removed (2.4% of trials; SD = 3.6).
Given the infrequency of responses near the start and end of
the scale, and due to the potential for temporal judgments to be
affected by these boundaries, data for the first 50 and last 50
study trials were excluded from all analyses (for analogous
approaches, see Montchal et al., 2019; Nilakantan et al.,
2017; Nilakantan et al., 2018).

Trials were scored in terms of error distance (in number of
trials) between the actual study position of the picture and its
judged position on the test. The temporal (position) scale was
600 pixels wide, providing a resolution of every .5 trial. The
confidence scale was 500 pixels tall, giving a resolution of
.2%. The posterior distribution of each parameter was estimat-
ed with an adaptive Markov Chain Monte Carlo (MCMC)
algorithm (see Andrieu et al., 2003) in which three separate
chains were run (based on different starting values) and con-
vergence was checked after every 200 samples (Gelman &
Rubin, 1992). For the group- and subject-based models, the
respective numbers of post-convergence samples collected
were 4,500 and 6,000. Model comparison was based on
Bayesian information criterion (BIC; Schwarz, 1978). Bayes
factors (BFs) were computed with a set of MATLAB func-
tions (Schwarzkopf, 2015), using a default scaling factor (r) of
.707 (see Morey et al., 2018; Rouder et al., 2009). All BFs are
reported as BF10, where values >1 indicate evidence favoring
the alternative hypothesis, and positive values <1 indicate ev-
idence favoring the null hypothesis.

Results

During the study phase, the mean response time (RT) for
making pleasantness judgments was 1,424 ms (SD = 246).
For the test phase, the mean RTs for temporal (study position)
and confidence judgments were 2,720 (SD = 794) and
1,064 ms (SD = 386), respectively. Figure 1a displays the
group-level error distribution of temporal responses.
Centered on each study trial, the mean absolute error was
7.69 trials (SD = 13.51). (As an aside, there was no relation-
ship between error and RT of temporal judgments; r = −.01, p
= .69.) To further parameterize temporal precision, the error
distribution was modeled by a normal function with a mean of
zero and the standard deviation corresponding to precision
error (hereafter, σ). The resulting maximum a posterior prob-
ability (MAP) estimate of σ was 75.32 (95% highest density
interval [HDI] = [73.93, 76.80]). Modeling individual subjects
gave rise to a similar level of precision error: M = 74.95 and
SD = 8.32 (see Fig. 1b).

Temporal precision changes with passing time

Next, we investigated whether temporal precision changes
with passing time by dividing the study list in halves and
applying the modeling procedure described above to the error
distribution for each half. As displayed in Fig. 1b–c, group-
level precision error was higher for the first half (hereafter,
remote; σ = 79.19 [77.24, 81.28]) than the second half (recent;
σ = 71.23 [69.48, 73.22]), and subject-wise modeling con-
firmed this difference was significantly different (remote: M
= 78.59, SD = 11.38; recent: M = 70.21, SD = 11.70), t(28) =
2.84, p = .008, BF10 = 3.78. Closer examination of the tem-
poral response distributions revealed that precision error was
not only lower for recent compared with remote trials, but was
considerably lower for the middle of the study list. Figure 1b
displays this pattern for trials binned into quartiles. To better
isolate the remote-recent effect from the difference in preci-
sion for the middle versus extreme quartiles, the subject-wise
σ estimates of the quartiled data were submitted to a 2 (re-
mote, recent) × 2 (middle, end) analysis of variance
(ANOVA). The analysis revealed main effects of both factors,
respectively, F(1, 28) = 8.72, and 227.56, p = .006, and p <
.001, but no interaction (F < 1). Planned contrasts confirmed
that remote trials were associated with lower precision for the
first compared with fourth quartile (M = 88.60 and 79.02, SD
= 14.17 and 16.15) t(28) = 2.20, p = .036, BF10 = 1.57, and for
the second versus third quartile (M = 66.78 and 59.75, SD =
10.63 and 9.50), t(28) = 3.64, p = .001, BF10 = 30.82.

Temporal judgments exhibit a recency bias

By comparing the distribution of temporal errors to the corre-
sponding model fit, as displayed in Fig. 1a, it becomes
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apparent that errors overall tended to be more recent than
remote; this shift is more even more pronounced for remote
trials, as shown in Fig. 1c. We therefore tested this effect by
adding a bias parameter (μ), corresponding to a shift in the
mean of the normal distribution, to the modeling procedure.
The resulting fit of the 2-parameter (μ, σ) model is shown in
Fig. 2a, where the corresponding shift with respect to the σ-
only model can be seen. The group-based μ estimate of 7.48
[5.62, 9.16] was consistent with the subject-based results (M =
7.70, SD = 13.49; see Fig. 2b), which were statistically greater
than zero, t(28) = 3.07, p = .004, BF10 = 8.72. Moreover, the
estimates of σ for the 2-parameter model resembled those of
the original model (group: 74.96, [73.69, 76.32]; subjects: M
= 73.34, SD = 8.33). Highlighting the importance of bias,
despite it adding complexity, model comparison indicated that
including it was preferable to excluding it (BIC = 63,502.01
and 63,457.38, respectively).

Guessing is negligible in temporal judgments

In keeping with prior studies that have often used continuous
response paradigms to dissociate precision from guessing
(e.g., Brady et al., 2013; Harlow & Yonelinas, 2016; Zhang
& Luck, 2008), we next fit the temporal error distribution with
a 3-parameter model that included σ and μ (as above) and
parameterized the proportion of guessing trials (hereafter, λ)
with a uniform distribution. The estimates for precision error
and bias were similar to those reported above: σ = 74.81
[73.33, 76.49] (M = 72.69, SD = 8.16) and μ = 7.68 [5.37,
9.43] (M = 7.82, SD = 13.57). Guessing, however, was near
zero for both group-based (5.0e-5 [5.0e-5, .009]) and subject-
based models (M = .0075, SD = .016). To further test that
guessing was negligible, we directly compared the 2- and 3-
parameter models, the results of which favored the former
(respectively, BIC = 63,457.38 and 63,467.84).

Fig. 1 a Histogram of the group-level distribution of temporal response
errors, centered (at 0) on each study trial. Positive/negative values respec-
tively reflect responses that are more recent/remote than the correct posi-
tion. The line corresponds to the estimated normal function of the 1-
parameter (precision-only) model: μ = 0 and σ = 75.32. b The precision
(σ) results for all, halved, and quartiled trials. For each pair of box plots,
the left one indicates the MAP estimate and 95% HDI for the group

analysis, and the right one indicates the mean±SEM for the subject-wise
analysis. The results for individual subjects are plotted with circles. c
Histograms of the group-level distributions of temporal errors, separated
according to the first (remote) and second (recent) halves of the study list.
The line plots indicate the best-fitting normal functions for each condition
(μ = 0; remote σ = 79.19; recent σ = 71.23). Data for the recent half is
arbitrarily plotted downward for clarity
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To ensure that any subtle differences in guessing across the
study list were not missed, we additionally included it in
modeling the data binned into halves. Notably, we excluded
the bias parameter for these analyses, as preliminary analyses
showed that it varied widely across halves of the study list
(likely due to the boundaries of the study list). The λ estimates
were again near zero for both the first (1.6e-4 [1.7e-4, .014])
and second halves (3.6e-4 [4.2e-4, .015]), with the subject-
wise means suggesting that there is no strong evidence for
guessing rate changes across time (respectively, M = .0088
and .014, SD = .020 and .030), t(28) = .73, p = .47, BF10 = .73.

As a further test of whether our modeling approach could
appropriately capture guessing across a bounded linear scale,
a series of simulations were conducted in which 10, 25, or

50% of responses in the group data were randomly selected
and replaced with random responses (indicative of guessing).
The results and scripts for these analyses are provided (https://
osf.io/c7nge), but we provide a brief summary here. In one
subset of simulations, guess responses were drawn uniformly
across the scale; in another subset, we accounted for subjects’
tendencies to respond toward the middle of the scale by
drawing randomly from a truncated normal distribution.
Given that we expected the latter distribution to be wider
than that corresponding to our precision judgments (SD ≈
75), we initially doubled it (SD = 150) before also
simulating further multiples. Based on the model
comparison approach described earlier, models including the
uniform guessing component were preferred in every case (for
uniform guesses: ΔBIC = 32.66, 135.71, and 425.08, for the
respective 10, 25, and 50% simulations; for normally
distributed guesses at SD = 150: ΔBIC = 11.11, 46.08, and
129.59, respectively). Two additional results of these analyses
are worth noting. First, by the time the normal distribution was
quadrupled in width (i.e., SD = 300) and the tails were
truncated, the simulated guesses appeared relatively flat,
converging with the findings based on the uniform
distribution. Second, as would likely be predicted, the
correct (simulated) proportions of guessing trials were more
accurately estimated as the standard deviation of our distribu-
tion increased, with the resulting parameters for SD = 150
being roughly 40% of their expected sizes. Nevertheless, these
findings do appear to validate the sensitivity of our modeling
approach and further emphasize the negligible role of guess-
ing in the actual data.

Confidence is associated with a recency bias

Although confidence judgments were included in the design
to follow previous studies (e.g., Harlow & Donaldson, 2013;
Harlow&Yonelinas, 2016), we suspected from the outset that
subjects might be unable to treat them distinctly from temporal
judgments, and we thus had no specific hypotheses regarding
differences in confidence. For completeness, though, we sum-
marize the confidence results and then consider them in the
context of the modeling approach described above.
Confidence judgments were spread considerably across the
0–100% scale (M = 53.44, SD = 9.74). Contrary to what might
be expected if confidence tracked temporal precision, it was
not correlated with the absolute value of error (r = .0088, p =
.51; cf. Harlow & Yonelinas, 2016). Nonetheless, the ratings
were binned into high and low confidence (using a 50% cut-
off), and the 3-parameter (σ, μ, and λ) modeling procedure
was applied separately to the data from each bin. Across high
versus low confidence, no decisive evidence of any differ-
ences emerged for precision (respectively, σ = 75.75 [73.76,
77.600] and 74.02 [71.62, 76.24];M = 71.12 and 71.52, SD =
10.09 and 11.42), t(28) = .18, p = .86, BF10 = 0.67, or guessing

Fig. 2 a Group-level distribution and 1-parameter model fit (dotted line)
of temporal response errors, as shown in Fig. 1a, along with the fit of the
2-parameter model (solid line)—precision (σ = 74.96) and bias (μ =
7.48). b Box plots indicating the group-wise (MAP, HDI) and subject-
wise (M±SEM) results for the bias parameter, with data for individual
subjects also plotted. c Bias parameter results corresponding to separate
modeling of trials in which low versus high confidence was designated
(with a 50% cutoff)
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(λ = 6.6e-6 [9.8e-5, .013] and 3.9e-4 [1.8e-4, .015];M = .020
and .016, SD = .047 and .044), t(28) = .27, p = .79, BF10 =
0.67. However, bias was higher—such that recent responses
were favored more—for high compared with low confidence
(respectively, μ = 10.41 [8.17, 12.81] and 3.39 [.68, 7.09];M
= 13.24 and −.016, SD = 18.70 and 17.77), t(28) = 3.73, p <
.001, BF10 = 16.12 (see Fig. 2c).

Discussion

In the current study, we adapted a recently developed approach
of assessing retrieval precision to the domain of temporal infor-
mation, which is a ready target for investigation given its preva-
lent association with episodic memory and its ever-changing
nature. By having subjects estimate the temporal position of
encoding a series of pictures, and novelly applying a set of mix-
ture models to the distributions of behavioral errors, we extend
the findings of recent studies on temporal memory to test for the
involvement of decision-making factors such as bias and guess-
ing. Below, we discuss three key findings of our study and their
implications for understanding episodic retrieval, noting in par-
ticular the relevant limitations of this initial investigation.

The finding most relevant to our main hypothesis was that
temporal precision declined as memories became more re-
mote. Recency effects in recognition memory, whereby re-
sponses tend to be quicker and more accurate for items pre-
sented closer to the time of test, have been well established for
decades (e.g., Hintzman et al., 1973; Hintzman & Block,
1971; Monsell, 1978). Early studies of this sort used shorter
study lists and required subjects to make coarser temporal
judgments, precluding a fine-grained understanding of how
temporal information may degrade across time. Although
our results replicate these prior findings, they also further
our understanding of recency effects across longer study lists
and in combination with newer continuous-report approaches
to testing memory retrieval. This effect of worsening precision
over time, parameterized as the standard deviation of a normal
function fit to the error distribution, is especially notable given
its reliability within the bounds of the 17.5-minute study list,
both from our main analysis that divided the list in half—
giving rise to an average remote-recent time difference of
about 6 minutes, based on the midpoint of each half—and
from a secondary, quartile-based analysis. While the latter
analysis is less optimal in terms of trial numbers per bin, it
afforded the ability to distinguish differences in precision be-
tween the middle and ends of the list from the remote-recent
effect, which was evident even between the middle quartiles
(~3 minutes between midpoints). For additional support, a
hierarchical regression-based analysis confirmed that preci-
sion at the trial level decreased linearly with passing time
(results reported online at https://osf.io/c7nge). Together, this
evidence extends that of previous studies in which estimates

of retrieval precision, for either continuous color (Brady et al.,
2013) or spatial location (Harlow & Donaldson, 2013; Lew
et al., 2016; Sutterer et al., 2019), have been shown to decline
with longer study–test delays. The convergence across these
domains also informs a much more expansive literature on
forgetting (for reviews, see Friedman, 1993; Howard et al.,
2015; Wixted, 2004), further specifying the decline in accura-
cy with remoteness as diminished precision rather than in-
creased guessing.

The involvement of random guessing, a non-mnemonic
factor, in temporal judgments was tested via inclusion of a
uniform distribution in the mixture modeling. We observed
minimal influence of guessing of this sort, contrary to numer-
ous prior findings (e.g., Brady et al., 2013; Harlow &
Donaldson, 2013; Harlow & Yonelinas, 2016; Zhang &
Luck, 2008), which could be explained in multiple but likely
related ways. On one hand, whereas guessing along circular
representations of location and color has been successfully
modeled this way, our subjects tended to respond less fre-
quently near the ends of the study list, similar to previous
observations with a time line (Jenkins & Ranganath, 2010)
and near the edges of two-dimensional space (e.g.,
Nilakantan et al., 2018). Notably, in the spatial retrieval tasks
of Nilakantan et al. (2017; Nilakantan et al., 2018), guessing
was evident (nonzero) even when considering the lower re-
sponse rates at the edges of the display. On the other hand, an
alternative explanation for the discrepancy is that, beyond any
property of our response method, memory for time is inher-
ently distinct from that for other features. That is, for any
given memory, there could invariably be some temporal infor-
mation that can be retrieved, albeit vague; for instance, it
might always be possible to place a memory in the correct
as opposed to incorrect half of a study list, even when preci-
sion is rather low. The nature of cognitive processes underly-
ing these vague (i.e., acontextual) memories, as well as wheth-
er guessing is better captured by other (nonuniform) functions,
are critical issues to address in future studies.

The final set of findings worth discussing are related to
response bias. First, there was an overall tendency to judge
study items as occurring more recently than they actually did.
This finding is consistent with some studies of judgments of
recency (e.g., Hintzman & Block, 1971; McCormack, 1984),
including a subset using absolute judgments that are analo-
gous to our task (Hinrichs & Buschke, 1968; Linton, 1975;
Lockhart, 1969; Underwood, 1977). Notably, whereas the lat-
ter studies primarily tested memory over either short or very
long periods (i.e., seconds vs. months/years), our design aligns
better with the vast majority of modern studies of long-term
memory, where study–test delay is typically on the order of
tens of minutes. One finding that appears to stand in contrast
to the recency bias shown here and in the studies noted above
is from Hintzman et al. (1973). They asked subjects to coarse-
ly judge whether items came from the beginning, middle, or
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end of a study list and reported a tendency to respond toward
the middle of the list. Although bias seems to be taking a
different form in the Hintzman et al. study, it is possible that
the effect is more related to task demands rather than memory
per se, possibly similar to our finding of the tendency to re-
spond away from the ends of the list. In the context of model-
ing retrieval precision in long-term memory, though, the cur-
rent study is to our knowledge novel in testing for response
bias. A design such as this could thus provide an important
bridge for integrating temporal judgments, as well as their
associated biases, into existing episodic memory theories.
The second finding was that temporal judgments made with
high confidence were associated with an elevated level of
recency bias compared with those made with low confidence.
Admittedly, we had no strong predictions about how subjects
might arrive at judging confidence. Whereas the instructions
emphasized that it should be treated separately from precision
(Harlow & Yonelinas, 2016), it seemed possible that subjects
would resort to relying on precision in the absence of any
other evidence. Alternatively, the basis for confidence could
have varied from subject to subject, resulting in the measure
being just a noisier version of the precision judgment (also see
Harlow & Donaldson, 2013). Nonetheless, it is plausible that
the bias effect we observed is due to some subjective factor,
such as familiarity strength, that gives rise to increases in both
confidence and a feeling of recency.

Just as recent methods of measuring retrieval precision have
advancedworkingmemory theories beyond a predominant focus
on capacity (for reviews, see Cowan, 2001; Luck & Vogel,
2013), they can conceivably move research on episodic memory
past the “all-or-none” thresholded treatment of recollection
(Parks & Yonelinas, 2009; Wixted, 2007). The application of
these methods to identify the subtle features of memory retrieval
could be essential not only for interfacing behavioral measures
with their underlying neurocognitive processes, whichmight also
operate continuously (e.g., Johnson et al., 2009; Murray et al.,
2015), but also for detecting early forms of memory decline
before more substantial categorical effects become apparent. As
we have demonstrated here, time has the potential to be a useful
dimension for investigating such phenomena, given its ever-
present association with events and its changing dynamics even
within single-session laboratory tests of episodic memory.
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