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Normative word frequency has played a key role in the study of human memory, but there is little agreement
as to the mechanism responsible for its effects. To determine whether word frequency affects binding probabil-
ity or memory precision, we used a continuous reproduction task to examine working memory for spatial posi-
tions of words. In three experiments, after studying a list of five words, participants had to report the spatial
location of one of them on a circle. Across experiments we varied word frequency, presentation rate, and the
proportion of low-frequency words on each trial. A mixture model dissociated memory precision, binding fail-
ure, and guessing rate parameters from the continuous distribution of errors. On trials that contained only low-
or only high-frequency words, low-frequency words led to a greater degree of error in recalling the associated
location. This was due to a higher word-location binding failure and not due to differences in memory preci-
sion or guessing rates. Slowing down the presentation rate eliminated the word frequency effect by reducing
binding failures for low-frequency words. Mixing frequencies in a single trial hurt high-frequency and helped
low-frequency words. These findings support the idea that word frequency can lead to both positive and nega-
tive mnemonic effects depending on a trade-off between an HF encoding advantage and a LF retrieval cue
advantage. We suggest that (1) low-frequency words require more resources for binding, (2) that these resour-
ces recover gradually over time, and that (3) binding fails when these resources are insufficient.
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Normative word frequency has played a key role in empirical
research and theoretical development on human memory (Clark,
1992; Glanzer & Bowles, 1976; Hulme et al., 2003; Mandler et
al., 1982; Reder et al., 2000; Popov & Reder, 2020b). Its promi-
nence is due to the fact that it can either facilitate or impair mem-
ory performance depending on the nature of the study task, the
test, and the details of the study sequence (for a review, see Popov
& Reder, 2020a). For example, high-frequency (HF) words are
recognized less well in item recognition tests, leading to more
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false alarms and fewer hits than low-frequency (LF) words (e.g.,
Glanzer & Adams, 1990; Reder et al., 2000). Despite the LF rec-
ognition advantage, HF words lead to better memory in free recall
(Deese, 1960), serial recall (Hulme et al., 1997), and associative
recognition (Clark, 1992). Crucially, these effects typically appear
in pure lists that contain only HF or only LF words, but disappear
when both types of words are mixed in the same list (Ozubko &
Joordens, 2007; Reder et al., 2007).

While the effects of word frequency on item recognition, asso-
ciative recognition, free recall, and serial recall are well estab-
lished, their effects on cued-recall or source recall are less clear
and provide a challenge for memory models. In both cued-recall
and source memory' tasks, HF cues sometimes lead to better per-
formance than LF cues, sometimes to worse performance than LF
cues, and sometimes to no difference at all. For example, in cued
recall, some researchers have found that only the frequency of the
target matters and there is either no effect of the cue word’s fre-
quency (Madan et al., 2010; Nelson & McEvoy, 2000) or only a

!'Source memory tasks can be considered a version of cued recall tasks
where the target is some contextual detail presented simultaneously with
the cue during study and test
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small benefit of HF cues that disappears when controlling for other
variables (Criss et al., 2011). In contrast, we have shown that cued
recall performance is better if the cues are familiarized to a greater
degree prior to the experiment (Reder et al., 2016). To make mat-
ters even more confusing, in source memory the findings are also
mixed: Recalling the source context is often better with LF cues
(e.g., Diana & Reder, 2006; Glanzer et al., 2004; Osth et al., 2018;
Reder et al., 2002), however, DeWitt et al. (2012) found an advant-
age for cues that participants rated as more familiar beforehand.

This inconsistent pattern of results is unsatisfactory because it
makes it difficult to evaluate memory models. Numerous models
have been proposed to explain word frequency effects in item rec-
ognition and free recall (for a review, see Popov & Reder,
2020a), and here we will focus on the source of activation confu-
sion (SAC) model (Popov & Reder, 2020b; Reder et al., 2000,
2007). SAC depends on the following assumptions to explain
a wide array of word frequency effects: 1) memory formation
depletes a limited resource that recovers gradually over time; 2)
HF words have stronger preexisting representations in memory
compared to LF words; 3) the amount of resources required to
process an item is an inverse function of its existing strength; 4)
as a result, processing LF words deplete more resources than do
HF words, leaving fewer resources to create episodic associations
between words and an experiential context; 5) cues associated
with more episodic contexts are less effective in retrieving any
specific episode; and 6) LF words are associated with fewer con-
texts and, as such, spread more activation to episodes they are
connected to. As a result of these assumptions, LF words are
stored less well and are less likely to be bound to other study
items or to an episodic context; however, once stored, they are
more effective as cues during retrieval. These two factors create a
trade-off (Popov & Reder, 2020a; Reder et al., 2007), and,
depending on the task conditions (e.g., presentation rate, list com-
position, test type), can produce either a positive or a negative
effect of frequency? (see Figure 1).

Cued-recall and source-memory tasks present an ideal opportu-
nity to illustrate and test these principles because they combine
properties of both item recognition (using a word as a cue) and
recall (generating a feature from memory). As our earlier discus-
sion showed, this sometimes leads to an HF benefit, and some-
times to an LF benefit in these tasks. This puzzling pattern could
potentially be explained by SAC. On the one hand, SAC predicts
that HF words are more likely to be bound to other items and con-
text; on the other hand, if an HF word is used to cue memory after-
ward, it will spread less activation to the associated items and
context, making retrieval more difficult. Therefore, whether we
will observe a positive or a negative word frequency effect in
cued-recall and source-memory tasks depends on whether the stor-
age benefit exceeds the retrieval deficit for HF cues (see Figure 1).

One way to test the model is to manipulate factors such as pre-
sentation rate and list composition that are known to affect how
strongly items are encoded. Presenting words at a faster rate
increases the positive word frequency effect in free recall (Gregg
et al., 1980) and decreases or even reverses the negative word fre-
quency effect in item recognition (Criss & McClelland, 2006;
Malmberg & Nelson, 2003). In addition, as we noted earlier, the
typical effects of word frequency tend to appear only in homoge-
nous frequency lists and disappear or reverse in mixed lists con-
taining both high- and low-frequency words (Ozubko & Joordens,

2007). Word frequency effects also depend on the order of LF and
HF items within the list, such that presenting LF words in the first
part of the list and HF words in the second part of the list leads to
worse performance than the reverse (Miller & Roodenrys, 2012).

SAC’s explanation of these results draws on the first four princi-
ples outlined above—speeding up the presentation rate allows
less time for resource recovery, which causes words to be stored
less well. This hurts LF words more than it does HF words, since
LF words require more resources. Thus, faster presentation rates
increase the encoding strength difference between HF and LF
words, which can in turn override the LF retrieval cue advantage.
Conversely, when LF and HF words are mixed in a single list, the
presence of LF words hurts the storage of HF words because LF
words deplete more resources. On the other hand, in mixed lists
LF words benefit from having more resources available compared
to pure LF lists. According to SAC, we should observe similar
effects in a cued-recall/source-memory task—whether HF or LF
word cues would lead to better performance would depend on the
presentation rate and the list composition. As a result, manipulat-
ing these factors would not only allow us to test the SAC model,
but also to explain why the current literature shows an inconsistent
pattern of results when it comes to the cue word’s frequency in
cued recall and source memory.

Our first goal, then, is to characterize in detail how the fre-
quency of a cue word affects source memory, specifically how
word frequency interacts with presentation rate and list composi-
tion. Our second goal is to shed more light on the resource deple-
tion mechanism proposed by SAC. Despite SAC’s success in
modeling word frequency effects, an unresolved question concerns
what happens when there are insufficient resources to store a new
item in memory (e.g., if encoding the word “chair” in an experi-
ment requires .7 resources, and there are only .3 resources avail-
able). SAC assumes that memory traces differ in strength and that
the probability of recall depends on how high the memory strength
is relative to a retrieval threshold (Popov & Reder, 2020b). When
an event is not recalled successfully, this could be either because
the memory trace does not exist (i.e., the stimulus was not bound
to the study context) or because the trace strength (or its preci-
sion®) did not pass the retrieval threshold. We envision two possi-
ble ways in which resource depletion affects memory trace
formation. First, if there are insufficient resources, participants
could fail to bind the item to the study context or to other items
and no memory trace would be created. A second possibility is
that a memory trace is still created, but its strength and precision
are lower, proportional to the amount of resources remaining. These
experiments aim to adjudicate between these two possibilities.

All or None Versus Differential Strength

How would one determine whether a memory trace is formed or
not versus whether a trace just varies in strength/precision? This

2tis important to note that the model consistently produces either a
positive or a negative effect under the same conditions—it is not that it can
simply fit any pattern desired. See Popov and Reder (2020b) for
simulations and model fits.

3 We use the terms strength and precision interchangeably in the article,
as SAC assumes that the strength of a memory trace determines the
precision of the response in a continuous reproduction paradigm like the
one used in these experiments.
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Figure 1
Hllustration of the Trade-Off Between an HF Encoding Advantage

and an LF Retrieval Cue Advantage
HF encoding LF retrieval cue
advantage advantage

Pure lists

Faster rate
of presentation

Note. A memory task will produce either positive (Pyr > Ppg) or nega-
tive (Pyr < Ppp) effects of word frequency depending on whether the HF
encoding advantage exceeds the LF retrieval cue advantage. Factors such
as pure lists or faster presentation rate increase the HF encoding advant-
age and as such increase Py (memory performance for HF words) rela-
tive to P g (memory performance for LF words).

P(HF) - P(LF)

question has been investigated extensively in studies on visual
working memory. Working memory can store and maintain a lim-
ited number of items, and researchers have tried to identify what
happens when this capacity is surpassed (Bays et al., 2009; Ma et
al., 2014; Zhang & Luck, 2008). One popular paradigm used to
distinguish the probability that an item exists in memory from the
precision with which it is stored is the continuous reproduction
task (for a review, see Ma et al., 2014). In the original version of
this task, participants saw several colored squares presented simul-
taneously at different locations on the screen; at test, one location
at random was highlighted and participants had to indicate on an
analog (continuous) circular scale the color that was presented in
the cued location (Wilken & Ma, 2004). Rather than testing mem-
ory for color when cued by location, we modified the task to pres-
ent words around a circle and asked participants to indicate
location around the circle when a word was cued in the center of
the circle (see Figure 2 for our adaptation of this task). Perform-
ance on this task is measured as the angular difference on a circu-
lar scale between the target feature and the response: in this case,
the difference between the originally presented location and the
reported location for the cued word. Typically, responses form a
bell-curved distribution centered on the target response, and a mix-
ture model is used to dissociated what sources contribute to the
error distribution (see Figure 3).

The key assumption behind this technique is that on any given
trial, the size of the angle error could be the result of 1) correct
but noisy recall of the feature from the correct item; 2) a random

guess due to the absence of a memory trace; 3) a noisy recall of a
feature associated with a different study item, rather than the
probed/target item (Bays et al.,, 2009; Ma et al., 2014). These
three sources of error contribute to a mixture distribution with
multiple components. Recall of the correct item’s feature contrib-
utes to a normal distribution of errors centered on the target’s fea-
ture; and incorrect recall of a different item’s feature contributes
to a normal distribution of errors centered on the nontarget item’s
feature; random guessing results in a uniform distribution of
errors (see Figure 3, top). A mixture model can be used to esti-
mate four parameters: the proportion of correct recalls, peorrects
the proportion of mis-bindings (i.e., recalling the feature of a non-
target item), Pris-binding: the proportion of random guesses, poyess =
1 = Pcorrect = Prmis-binding; and the precision of the memory trace,
which is the standard deviation of the normal distribution compo-
nents, c—more precise memory traces have less noise, they lead
to responses that are closer to the studied location, and conse-
quently, to a smaller . This paradigm has proven useful in disso-
ciating recall success, mis-binding, and recall precision in visual
working memory.

In order to determine whether resource depletion affects the
probability of binding an item to its context or just affects the pre-
cision of that binding, we adapted this paradigm to the verbal do-
main. In three experiments, on each of 300 trials per experiment,
participants studied five words presented sequentially in different
locations, followed by a probe with one of the studied words. A
participant had to indicate on a circle where the probed word
appeared during study (see Figure 2). The key question then is
whether word frequency and presentation rate affect binding prob-
ability, guessing rates, or the memory precision parameters. The
SAC model claims that both high frequency words and slower pre-
sentation rates cause less resource depletion. Thus, both factors
should affect the same parameter of the mixture model. SAC
assumes that LF words require more resources to be encoded. That
could leave fewer resources to bind the word to its location and to
store that binding in memory. If there are insufficient resources to
store the binding, we should see an increase in the mis-binding or
guessing parameters, because participants would not have any in-
formation available about the probe word’s location. In contrast, if
instead a weaker, less precise trace is established for LF words,
word frequency should affect the precision (o) with which the cor-
rect location is recalled. The same logic should apply for the pre-
sentation rate manipulation because faster presentation rates allow
less time for resource recovery.

Figure 2
An Illustration of a Single Trial in the Current Experiments
Study Test
I | —
word1 k
+ + LI ] + + word1
word5
750ms 750ms 750ms 250ms ?

v




This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

4 POPOV, SO, AND REDER

Figure 3

Top Panel: Illustration of How the Mixture Model
Components Contribute to the Error Response Distribution.
Bottom Panel: Distribution of Location Recall Error (in
Degrees) From 31,800 Trials Done by 106 Participants

pcorrect
. pmisbinding
. pguess

NT NT T NT NT
0=9.55
p, =0.69
15 correct
pmisbinding =0.18
pguess =0.13

0.0 . - - : : -
-180 -120 -60 0 60 120 180
Error (in degrees)

Note. T = target location; NT = nontarget location. The black
line is the distribution fit by the three-parameter mixture model.
See the online article for the color version of this figure.

In Experiment 1, we varied whether each trial contained HF or
LF words. In Experiment 2, we also varied how long each word was
presented on the screen (500/750/1000 ms.). The first two experi-
ments had trials of homogenous frequency—all five words on each
trial were either HF or LF. In Experiment 3, we again manipulated
presentation rate, but this time each trial contained both HF and LF
and we varied whether the trial contained 40% or 60% LF words.

Experiment 1: Main Effect of Word Frequency

Method
Participants

Twenty-four native English-speaking students from Carnegie
Mellon University participated for either course credit or for $10
compensation. The sample sizes (the number of participants and
the number of trials per participant) were determined through cus-
tom simulations of the mixture model. Since we wanted to fit the
model to individual participants, our initial parameter recovery
simulations showed that at least 100 observations per condition
are necessary to reliably estimate the p_correct, p_misbinding, and
sigma parameters. Fewer than 100 observations per condition
often lead to failure to recover the correct parameters. Thus, we

decided on 300 total trials per participant, such that we could fit
the model to the presentation speed manipulation and the fre-
quency manipulation, separately. Given the large number of obser-
vations per participant, sample sizes of 10-30 are typical in the
visual working memory literature (simulations have shown that
number of subjects and number of trials per subject are inter-
changeable, as long as the between-subjects variability does not
greatly exceed within-subject variability; Smith & Little, 2018).
As a rule of thumb, we aimed for 20 participants in Experiment 1,
but we doubled the target for Experiments 2 and 3 because the
number of trials per condition was necessarily smaller due to the
increased number of factors.

Procedure

Figure 2 illustrates a single trial. Each trial consisted of a study
phase and a source memory test. For the study phase, first a fixation
appeared for 750 ms. Then five words appeared one at a time at ran-
dom locations exactly 400 pixels away from the center of the screen
(measured from the center of the word). No two words appeared closer
than 60 ° (measured from the center of the screen to the center of the
word). Each word was presented for 750 ms. Participants had to mem-
orize the location for each word but did not know beforehand which
word would be tested on a given trial.

Immediately after the last (fifth) word appeared, a fixation cross
appeared for 150, 250, or 350 ms (uniformly distributed; this interval
varied for reasons beyond the scope of this article, but we report it for
completeness). Then a circle with a radius of 400 pixels appeared in
the center of the screen with one of the just-studied words in the mid-
dle. A mouse cursor also appeared in the center for each test. Partici-
pants had to click on the circle where they thought the word had
appeared in the study phase. The circle and the cue word remained
on screen until a response was made. The angle difference between
the word position and the participant’s response was recorded for
each trial. When a participant responded too quickly (less than 300
ms), a warning was displayed indicating that the response was too
fast and to try to answer as accurately as possible.

The experiment took approximately one hour to complete. To
reduce fatigue and increase motivation, there was a break after
each block of 30 trials. The break lasted as long as the participant
wanted. During the break, a score for the previous block appeared
that was based on the accuracy for each trial, along with the high-
est block score up to that point. The score did not provide any
additional monetary compensation.

Stimuli were presented using E-prime on a 1680 X 1050 resolu-
tion monitor. Viewing distance was approximately 60 cm. Words
were displayed in Courier New 18-point font.

Design and Materials

We used a within-subject design with one independent variable
—word frequency (High vs. Low). The experiment had a total of
10 blocks, and each block contained 30 trials, half consisting of
HF words and half of LF words. In total, there were 150 trials con-
sisting of HF words and 150 trial consisting of LF words. The order
of HF and LF trials was randomized for each participant with the
restriction that there were no more than three consecutive trials from
the same frequency class. The words selected for each trial as well
as which word would be probed was randomly determined for each
participant. Probe words were equally likely to come from each of
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the five serial positions. Words were sampled without replacement
from the pool described below.

The full word pool contained 1,500 randomly selected nouns
from the SUBTLEXyg word database (van Heuven et al., 2014).
Word length was between five and seven letters. Each word
appeared at least 50 times in the 51-million-word corpus. Half of
the words appeared less than two times per million words (LF);
the other half appeared > 10 times per million words (HF).

Mixture Model Selection and Validation

We used maximum likelihood estimation to fit the mixture
model described above individually to each participant’s data. The
density of responses was modeled as a mixture of a von Mises
(vM) distribution centered on 0° with a standard deviation G (this
is the circular equivalent of a normal distribution), four vM distri-
butions each centered on the relative locations of the remaining
four nontarget words, each with the same standard deviation as the
main distribution, &, and a uniform guessing distribution (see Fig-
ure 3). Each of the four nontarget vM distributions contributed a
quarter of the prsbinding FESPONSES.

We also fit a number of alternative models, including 1) a single
vM distribution without a guessing or a mis-binding component;
2) a single vM distribution plus uniform guessing but no mis-bind-
ing; 3) a central vM distribution plus four mis-binding vM distri-
butions but no uniform guessing; and 4) the full model described
above, but with separate precision parameters for the correct recall
and the mis-binded recalls. We compared all models using the
Akaike Information Criterion (AIC), which takes into account the
number of parameters. All models were fit to each individual par-
ticipant’s data.

Table Al in the Appendix shows the AIC value of each model
fit for each participant, relative to the AIC value of the best-fitting
model for each participant. For example, a value of 0 means that
the model fit was the best for that participant; a value of 4 means
that the corresponding model’s AIC fit was higher by 4 than the
best-fitting model. Overall, 68 out of 106 (64%) of participants
were best fit by the three-parameter model presented in Figure 3
(Bays et al., 2009), and 22% of participants were best fit by an
identical model that used separate precision parameters for correct
and for mis-binding responses. The two two-parameter models
were preferred in only 14% of participants (combined). The two-
parameter models were decisively rejected in 50% of participants
(A AIC > 10), and moderately rejected in 80% of participants (&
AIC > 4). Even though the most complicated four-parameter
model was preferred in 23 participants, the model’s A AIC was
greater than 3 only for 3 of those participants. This means that for
the remaining 20 participants, the four-parameter model does not
fit substantially better than the simpler three-parameter model of
Bays et al. (2009). In summary, the data from 83% of participants
supported the three-parameter model. Thus, we used that model
for all analyses presented below. We allowed all parameters to
vary across conditions and participants, and we then analyzed the
resulting parameters as a function of condition via T tests. Figure 3
(bottom) shows the histogram of errors in all experiments, the
mean model parameter values, and the simulated density of the
model. Figure 4 shows the distribution of parameter values for all
participants

Figure 4
Distribution of Participants’ Parameter Values

p_correct p_guess p_misbinding sigma

04 06 08 1000 02 04 0001020304 8 10 12 14

Results

The data and analysis code for all three experiments are
openly available at https://github.com/venpopov/frequency-rate
-interaction.

Raw Error

Figure 5 shows the main effect of word frequency on the raw
error in recalling the associated location. The figure shows the
results for all three experiments in different colors to aid compari-
sons; the report that follows focuses on Experiment 1. Raw errors
were analyzed with mixed-effect linear regressions with random
intercepts and slopes for each participant. HF word probes led to
4.46 ° lower overall error (95 CI: 1.86-7.06) compared to LF word
probes (AAIC = -5, y*(1) = 7.456, p = .006). When treating fre-
quency as a continuous variable, increasing frequency over the LF
range led to a decrease in error, but the effect plateaued such that
changes in frequency over the HF range had no effect (see Figure 6,
interaction between categorical and continuous frequency: AAIC =
—4, %*(1) = 5.49, p = .019). Thus, in homogenous frequency lists, HF
cues were better for retrieving the source location.

Model Parameters

What gives rise to greater error associated with LF cues? Fig-
ure 7 shows the mixture model parameters for HF and LF probes
in Experiments 1 and 2. The only two parameters that varied sig-
nificantly as a function of frequency in Experiment 1 were the
probability of remembering the item and the probability of error
due to mis-binding. In Experiment 1, HF probes led to 3.3%
greater correct recall compared to LF probes, #(23) = 2.34, p =
.029, and this was because on LF trials there were 4% more
errors due to mis-binding, that is, with recalling a location asso-
ciated with a nontarget word, #(23) = -2.542, p = .018. Neither
the guessing rate nor the memory precision differed between HF
and LF probes (ps > .7).

Discussion

Experiment 1 showed that HF cues are more effective in retriev-
ing the associated location. This finding is contrary to some prior
research that showed no effect of cue frequency in cued recall
(Madan et al., 2010), or a negative effect of cue frequency in
source memory (Glanzer et al., 2004; Osth et al., 2018).* Addition-
ally, the mixture modeling revealed that word frequency does not
affect memory precision; instead, LF words lead to more mis-

* These studies used mixed lists, while Experiment 1 (and Experiment 2)
used pure lists. We will return to this point in Experiment 3, which used
mixed lists.
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binding errors than HF words. Experiment 2 aimed to replicate
and extend these results by varying the study duration for each
word. SAC predicts that the word frequency effect will increase
with faster presentation rates because resources recover at a fixed
rate over time. As a result, they would have recovered to a lesser
degree with faster presentation rates. This leads to an increased
difference between HF and LF words since LF words demand
more resources for processing and will be hurt to a greater degree
by the faster presentation rate.

Experiment 2: Interaction Between Word Frequency
and Presentation Rate

Method
Participants

Forty-one students from Carnegie Mellon University who were
native English speakers participated either for course credit or for
a $10 compensation.

Procedure, Materials, and Design

The procedure and the materials were identical to those used in
Experiment 1. For experiment 2, we used a within-subject, 2 X 3
design. The independent variables were word frequency (High vs.
Low) and presentation rate (500/750/1000 ms.). Each trial con-
tained only words from the same frequency class, and each word
within a trial was presented for the same duration. There were a

Figure 5
The Effect of Word Frequency on Raw Recall Error in
Experiments 1, 2, and 3

@

o

o
L

57.51

Experiment
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Figure 6
Continuous Effect of Word Frequency on Raw Recall Error on
Pure Lists (Combined Data From Experiments 1 and 2)
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total of 300 trials, with 50 trials in each cell of the experimental
design.

Results
Raw Error

Figure 5 shows that the overall difference between LF and
HF trials on the raw recall error was nearly identical to Experi-
ment 1’s. In experiment 2, HF probes led to 4.78 ° lower overall
error (95 CI: 2.56-7.00) compared to LF probes (AAIC = -11,
x*(1) = 12.86, p < .001). As Figure 8.1 shows, the recall error
decreased with slower presentation speeds (AAIC = -5, y*(1) =
7, p = .008). Most importantly, the raw error difference between
LF and HF trials decreased with slower presentation rates and
was almost eliminated when each word was presented for 1 s
(interaction between word frequency and presentation rate:
AAIC = -2, x*(1) = 3.84, p = .048). Note that presentation rate does
not affect HF trials, but slower rates decrease errors on LF trials.

Model Parameters

The results replicated Experiment 1 closely (see Figure 7). In
Experiment 2, HF probes led to 4.1% greater correct recall compared
to LF probes, #40) = 3.55, p < .001. This was because there were
4.3% more errors due to mis-binding, #40) =-3.08, p = .003. Neither
the guessing rate nor the memory precision differed between HF and
LF probes (ps > .8). Similarly, the presentation rate affected only the
correct recall probability and the mis-binding probability, but not the
guessing rate nor the memory precision (Figure 9, top row). A linear
regression revealed that the only parameter that varied significantly
as a function of duration was the probability of mis-binding errors,
F(1) = 551, p = .025 (all other ps > .19). We did not explore the
interaction between frequency and presentation rate with the model
because there were only 50 observations per participant per condition
and parameter recovery simulations showed us that the estimated
model parameters would not be reliable.
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Figure 7

Mixture Model Parameter Estimates for Experiments 1 and 2 as a Function of Word Frequency
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Discussion Procedure, Materials, and Design

Experiment 2 replicated both the raw error findings and the
model parameter estimates for the positive effect of word fre-
quency found in Experiment 1: In trials of pure LF or pure HF
composition (i.e., all words are of the same frequency class), HF
words led to better source recall due to fewer mis-binding errors.
Slowing down the presentation rate had a similar effect: It
increased performance by reducing mis-binding errors, but it did
not affect precision. Since SAC posits that both the effect of word
frequency and the effect of presentation rate are due to the same
mechanism of differential resource depletion and recovery, it
would have been surprising if the effects of these variables on the
model parameters differed. Finally, consistent with SAC’s predic-
tions, the effects of word frequency on source memory were
reduced by slowing down the presentation rate, which allows more
time for resource recovery.

As we noted before, our results are opposite to those found by
prior work (Glanzer et al., 2004; Osth et al., 2018). These studies
used mixed lists, and our first two experiments used pure lists; as
list composition usually changes the word frequency effect in free
recall, list composition is a likely cause of this discrepancy. SAC
suggests that LF cues have a retrieval benefit that could be masked
by their storage deficit. Mixing HF and LF in a single list reduces
the resource demands relative to pure lists, as does slowing down
the presentation rate. Thus, LF words might lead to fewer errors
than HF words in mixed lists with slow presentation rates. Experi-
ment 3 explored how the frequency composition of the trial affects
the interaction between word frequency and presentation rate. In
addition to varying frequency of the probe word and the presenta-
tion rate, we varied whether each trial consisted of 40% LF words
(i.e., 2LF and 3HF words per trial) or of 60% LF words (i.e., 3LF
and 2HF words per trial).

Experiment 3: Word Frequency, Presentation Rate,
and List Composition
Method
Participants

Forty-one students from Carnegie Mellon University who were
native English speakers participated either for course credit or for
a $10 compensation. Their ages ranged from 18 to 36 years.

The procedure and the materials were identical to those used in
Experiment 1. For experiment 3, we used a within-subject, 2 X
3 X 2 design. The independent variables were probe frequency
(High vs. Low), presentation rate (500/750/1000ms), and propor-
tion of LF per trial (40% vs 60%). As in Experiments 1 and 2,
each word within a trial was presented for the same duration. In
contrast to Experiments 1 and 2, words within a trial varied in fre-
quency. There were a total of 300 trials, with 25 trials in each cell
of the experimental design.

Results
Raw Error

Consistent with prior research, mixing HF and LF in a single
trial reversed the HF advantage (see Figure 5). Overall, LF probes
resulted in 2.4 ° less errors than HF probes (95 CI: .68—4.05),
AAIC = -6, (1) = 7.59, p = .006. This effect was in the opposite
direction compared to the pure list experiments. When we com-
bined the data from Experiments 2 (pure lists) and 3 (mixed lists),
the regression model revealed that there was a significant interac-
tion between word frequency and list composition, AAIC = —19,
x*(1) = 20.43, p < .001. As can be seen from Figure 5, perform-
ance for HF cues was hurt by the presence of LF cues in the mixed
lists; in addition, performance for LF cues was boosted by the
presence of HF cues in the mixed lists. When we looked at the
interaction between word frequency and whether the mixed lists
were composed of 40% or 60% LF words, we found no significant
effect, AAIC = 1, ¢*(1) = .86, p = .35. Thus, while it mattered
whether the list was pure or mixed, it made no statistical difference
whether there were 2 or 3 LF words on the list (out of five).

Furthermore, as in Experiment 2, slowing down the presentation
rate significantly improved performance, AAIC = —10, y*(1) =
11.65, p < .001; however, the interaction between frequency and
presentation rate was not significant in Experiment 3 (p = .35),
although the pattern shown in Figure 8 showed a similar effect as
in Experiment 2. Combining data from the two experiments
revealed a significant frequency by presentation rate interaction
overall (see the Combined Results section). Figure 8 shows how
probe frequency, list composition, and presentation rate interact.
There are several notable patterns. First, presentation rate does not
affect source recall for HF probes (AAIC = -1, y*(1) = 2.71,
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Figure 8
The Effect of Word Frequency, Presentation Rate, and List
Composition on Raw Recall Error
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p = .10, for Experiment 3), and this holds regardless of the fre-
quency composition of the trial. Second, slowing down the presen-
tation rate improves recall for the location of LF probes in both
pure and mixed lists (AAIC = =8, y*(1) = 9.42, p < .002, for
Experiment 3).

In summary, Experiments 2 and 3 provide support for the claim
that disparate findings in the literature could be due to differences
in presentation rate, list composition, or both. The way the fre-
quency effect changes with presentation rate and with list compo-
sition is consistent with the encoding-retrieval frequency trade-off
suggested by SAC (Figure 1; Popov & Reder, 2020a; Reder et al.,
2007).

Figure 9

Model Parameters

Similar to the first two experiments, the only parameter that was
affected by word frequency was the probability of retrieving the
correct location, #(40) = 2.12, p = .04. Consistent with the raw
error results, LF words lead to better recall of the correct location
(2.4%). The effect of duration on model parameters was qualita-
tively similar to what we found in Experiment 2 (see Figure 9);
however, none of these differences were statistically significant
(all ps > .09).

Combined Results

Raw Error—Frequency by Serial Position Interaction

Given the frequency by presentation rate interaction is one of
the key predictions of SAC, it is concerning that Experiment 2
showed only a marginally significant interaction and that Experi-
ment 3 failed to find statistical evidence for the interaction. It is
possible that on their own, each of the two experiments was
underpowered to detect the interaction. To increase the power of
our statistical test, we combined the data from Experiments 2 and
3 and repeated the mixed-effects regression model. The analysis
of the combined dataset showed evidence for a significant fre-
quency by presentation rate interaction, AAIC = -5, y*(1) = 5.59,
p = .018. We acknowledge that this was an unplanned post hoc
analysis. However, analyzing the combined data makes sense
from a theoretical perspective—SAC predicts that the interaction
should appear in both pure lists (Experiment 2) and mixed lists
(Experiment 3). Thus, combining the data from the two experi-
ments is a reasonable procedure, even if it was not planned
beforehand.

Model Parameter Estimates as a Function of Presentation Rate

Parameters for Experiments 2 and 3 separately
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Model Parameters

Even though presentation duration significantly affected the raw
error similarly in Experiments 2 and 3, the analyses of the model
parameters did not reach statistical significance when analyzing
those experiments separately. To increase the analysis power, we
analyzed the parameter estimates for the effect of duration of both
experiments combined (Figure 9, bottom row). The probability of
making mis-binding errors decreased significantly as the presenta-
tion rate increased, F(1) = 6.44, p = .012; conversely, the probabil-
ity of selecting the correct location marginally increased as the
presentation rate increased, F(1) = 3.70, p = .057; and there were
no effects of duration on either the guessing rate, F(1) = .015, p =
.903, or memory precision, F(1) =.151, p = .694.

Experiments 1 and 2 both showed no statistically significant
effect of word frequency on memory precision. However, a non-
significant p-value is not evidence against an effect of frequency.
We followed up on the previous analysis by performing a Bayes-
ian T-test on the sigma parameter as a function of word frequency
after combining the data from both experiments via the BayesFac-
tor package (Morey & Rouder, 2015). We used the default prior
settings in the package. The Bayes factor in favor of the null hy-
pothesis was BF,,;; = 6.8, which is considered moderate evidence
for the null (Lee & Wagenmakers, 2013) and evidence against a
word frequency effect on precision. Similarly, a Bayesian linear
regression revealed that there was moderate evidence against a
presentation duration effect on precision (BF,,; = 6.6; combining
data from Experiments 2 and 3).

Serial Position Effect

Thus far, we demonstrated that word frequency and presentation
rate affect memory by affecting the mis-binding probability; in
contrast, they do not affect the precision of the memory trace. One
could argue that our mixture model is simply not sensitive to dif-
ferences in memory precision, which would invalidate the conclu-
sions presented above. Thus, we need to demonstrate that
differences in precision can be detected using our mixture model.
For this reason, it is worth noting how the model parameters differ
as a function of the temporal serial position of the probe word in
the study sequence. Figure 10 shows that the combined results of
the three experiments produced a typical serial position curve—
lower performance for probes presented farther back in the
sequence (a recency effect), except for the first studied word (a pri-
macy effect). Similar serial position curves occur for probability
of correct recall, probability of mis-binding, and, most important,
for memory precision. That is, recently studied probes are associ-
ated with much higher precision than probes presented earlier in
the trial. Thus, the absence of an effect of word frequency on pre-
cision is not due to an inability of the model to detect differences
in precision.

Source of Mis-Binding Errors (Contiguity Effects)

The key finding that LF words increase mis-binding errors
rather than decreasing the precision of the recalled locations sug-
gests that when resources are depleted, the binding between the
word and the location fails altogether. However, there is an alter-
native interpretation of this result. The mixture model operates on

retrieval data, and as such, it is not possible to determine whether
a mis-binding error occurs because a binding was not created in
the first place or whether a weak binding failed to pass a retrieval
threshold. The absence of an effect of word frequency or duration
on recall precision indicates that when a binding can be retrieved,
the precision of the associated location does not differ. However,
for cases in which the binding cannot be retrieved, a memory trace
could still exist even if no information was successfully accessed
from it.’

In order to shed more light on this question, we decided to
investigate the source of the mis-binding errors using the law of
contiguity (Davis et al., 2008; Kahana, 1996). Prior work has
established that events experienced closely in time become associ-
ated with one another. For example, contiguity effects in free
recall show that when participants recall an item that was studied
in temporal serial position X, they are much more likely to then
recall the item that was studied in the subsequent temporal posi-
tion X + 1 than any other item studied on the list (Kahana, 1996).
Similar effects occur in cued recall tasks in which participants first
learn a list of paired associates (A;-Bj, Ay-B,, As3-Bj,...), and
they are then asked to recall a B item associated with a cued A
item. Specifically, if cued with A; and unable to retrieve the cor-
rect B; associate, participants are more likely to make an intrusion
error with a temporally neighboring B, ; item (Davis et al., 2008;
although see Osth & Fox, 2019 for failure to find similar effects in
associative recognition). These temporally proximate intrusion
errors suggest that even though the correct A;-B; binding could not
be retrieved, a memory trace with associated temporal information
existed.

Based on this prior work, we expected that if no information is
stored in memory for trials in which mis-binding errors occur, par-
ticipants should respond with one of the other four stored locations
at random. Alternatively, if mis-binding errors in source memory
exhibit contiguity effects, this would indicate that despite failure
to retrieve the correct word-location binding, a memory trace with
associated temporal information was in fact stored.

In order to test these alternatives, we performed a contiguity
analysis in the following way. For each trial, we calculated the
probability that the response comes from each of the five encoded
locations, based on the von Mises likelihood:

ij 5 )
. IVM()AC;eiJ‘,k)

j=

where P;jis the probability that the response X on trial i comes
from the location presented at serial position j, 6;;. VM is the von
Mises distribution and k is the memory precision estimated by the
mixture model fitted to each participant’s overall data. Figure 11
shows the result of this analysis, separately for probes in each se-
rial position. As can be seen from the figure, participants were
most likely to recall the correct location (there is a match between
the serial position of the word probe and the most probable serial
position of the recalled location as estimated by the model). How-
ever, when a mis-binding error occurred, that error was most likely
to come from locations presented in neighboring serial positions.

5 We thank Adam Osth for positing this counter-argument
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Figure 10
Mixture Model Parameter Estimates as a Function of Serial Position
P(correct) P(guess) P(misbinding) Sigma
0.91 0.12- 124
0.3
0.8 0.10 i
101
] 0.2
0.7 208 9
0.06 8
061 011
, . , i 0044 , , , . , , i , il I I , i , ;
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Serial position of probe word
Note. Error bars represent =1 SE.

Typically, contiguity effects are plotted in terms of the temporal
lag between a target item and the recalled item. To do this, for
each trial we calculated the same probability described above, but
we coded the temporal distance between the probe’s serial position
during study, and the serial positions associated with each possible
mis-binding error. The black dots and lines in Figure 12 show this
effect collapsed over serial positions and focuse only on the mis-
binding errors—lag of 1 means that the mis-binding error was a
location that was studied in a serial position immediately follow-
ing the probed word, and lag of —1 means that it was studied in the
immediately preceding serial position. Thus, even when partici-
pants failed to retrieve the correct word-location binding, they did
not respond with one of the other four studied locations at random.
Instead, they were more likely to respond with locations that
appeared in temporal proximity to the probe, indicating that a
binding between the word probe and the temporal context was
stored and accessed despite failure to retrieve the correct location.

Before we move on, it is important to show that these contiguity
effects are not an artifact of the analysis procedure. As Healey et
al. (2019) demonstrated, contiguity effects in free recall could be
produced artificially due to the serial position curve, even if tem-
poral order does not influence recall. Artificial contiguity effects
can occur when there is autocorrelation in the availability of items

Figure 11

at different serial positions—if a participant recalls an item from
serial position 1, then they will be more likely to recall an item
from serial position 2 simply due to the primacy effect. To avoid
this problem, the typical analysis of contiguity effects in free
recall—the conditional-lag probability—computes the probability
of transition from position i to position i + 1 conditional on the
successful recall of both items. Unfortunately, this correction is
not possible to do for our task, because only a single item is
probed on each trial, and we do not know which of the remaining
four items/locations have been successfully encoded in memory.
To determine whether our contiguity effects could be an artifact
of the serial position curve, we instead followed Healey et al.
(2019) and performed a Monte Carlo simulation. We started with
the estimates of correct recall probabilities as a function of serial
position presented in Figure 10. We then used this curve to define
a binomial distribution of recall probability for each serial posi-
tion. From this curve we simulated 10,000 trials in the following
way. For each serial position, we determined whether the item-
location binding is available in memory by drawing a sample from
the corresponding binomial distribution. If the correct item-loca-
tion binding for a particular serial position was not available in
memory, we randomly selected one of the remaining unavailable
item-location bindings as the response. Finally, we calculated over

Probability of Recalling Each of the Five Studied Locations Depending on the Serial Position of the Word Probe
Serial position of word probe + 1 4+ 2 4+ 3 4+ 4 + 5
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Recall probability of each studied location was estimated by a mixture model (see main text for details). See the online article for the color ver-
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Figure 12
Contiguity Effect in Source Memory
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all simulated trials, the probability to incorrectly recall a location
associated with items at different lags. The gray triangles and lines
in Figure 12 show the results. Indeed, this simulation produced an
artificial contiguity effect even when mis-binding errors were
selected at random from the unavailable item-location bindings.
However, this artificial contiguity effect was much less pro-
nounced than the effect in the observed data, with nearly three
times as many mis-bindings for the actual data at lag +1 relative
to the simulated data. This suggests that the observed contiguity
effect was not simply an artifact of the serial position curve.

Performance Decline Over Successive Trials

Finally, we also investigated how performance changes over time
in the task. The resource depletion and recovery assumptions predict
that performance should gradually decline over successive trials of a
memory test, and it should bounce back after a break.® While this
effect has not been previously observed (Hitch et al., 2009; Page et
al., 2013), it should be noted that whether such an effect would
occur depends on the presentation rate and the intertrial interval.
The median time for full resource recovery in all our model simula-
tions was 4.83 seconds (see Popov & Reder, 2020b), meaning that
this prediction would be observed only with very short intertrial
intervals. That was not the case in the above-mentioned studies (e.g.,
Hitch et al., 2009, had a 12-second break between trials).

Even though the current study was not specifically designed to
test this prediction, several aspects of its design make it more suit-
able than the studies discussed above to address this question. The
intertrial interval (the time between the location response on one
trial and the beginning of the next trial) was only 750 ms long, and
the median response time to the source memory test at the end of
each trial was 1837 ms. Thus, the interval between trials was very
short compared to the above-mentioned studies, making this data-
set more appropriate for this analysis.

We looked at the angle error between the target location and the
response location as a function of 1) the trial position within a
block (1-30) and 2) as a function of block number. There were
self-paced breaks after every block of 30 trials, so if the prediction
is correct, we should see the performance deteriorate as a function
of trial number within a block. Figure 13, left panel, shows exactly
that result (a mixed-effects linear regression with random inter-
cepts for each participant confirmed that this effect is significant,
AAIC = -4, y*(1) = 6.23, p = .013). Since there was a break after
each block, this result means that while performance declined as
each block progressed, it bounced back after the break for the be-
ginning of a new block. This result was not due to general fatigue
—if we look at the average performance across the 10 blocks (Fig-
ure 13, right panel), we see that performance improved over
blocks due to practice, while it declined within blocks.

Thus, our data show that when the intertrial interval is kept short
and participants have to respond to a single probe item between
trials, we observe exactly what the resource-recovery-and-deple-
tion assumptions predict—a decline over successive trials fol-
lowed by a bounce back after a break, even when there is no
general fatigue over time.

General Discussion

The current experiments provided a rich dataset concerning the
effects of word frequency, presentation rate, and list composition
on source memory for word locations in working memory. Several
notable patterns emerged:

* Better source memory for HF words, but only in pure
rather than mixed-frequency trials. This effect was a con-
tinuous function of word frequency.

* The frequency effect decreased linearly with slower pre-
sentation rates because source memory for LF words, but
not for HF words, improved with slower presentation
rates.

e The greater the proportion of LF words on the study trial,
the worse the source memory for all items. This list-com-
position effect did not interact with presentation rate.

* Source recall was worse for LF words because they were
more likely to be mis-bound to an incorrect location;
when the correct location was recalled, there was no dif-
ference between the precision of the memory for HF vs.
LF words.

* When a mis-binding error occurred, the incorrectly
recalled location was more likely to come from neighbor-
ing temporal positions during study

* Performance declined over successive trials within each
block, but it bounced back after each break. At the same
time, performance improved over blocks.

Our interpretation of these results is based on the SAC model of
memory (Popov & Reder, 2020b; Reder et al., 2007)—LF words
require (and thus consume) more resources for their processing,
leaving fewer resources for binding them to the location in which
they are presented. Given (a) that these resources are depleted
with each word, (b) that the rate of resource recovery is constant,
and (c) that LF words require more resources, it follows that the

SWe are grateful to the anonymous reviewer who pointed out this
prediction.
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Figure 13

Left Panel—Absolute Angle Error Increases With Each Trial Within a Block;
Right Panel—Absolute Angle Error Decreases Across Blocks
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effect of word frequency should increase with faster presentation
rates. For the same reason, increasing the proportion of LF words
in the trial decreases memory performance for all items on the trial
—with more LF items in the study set more resources are
consumed.

These results, that cue frequency can have either positive, null,
or negative effects in cued-recall/source memory depending on the
presentation rate and list composition, could potentially explain
why prior studies have shown conflicting results (Criss et al.,
2011; DeWitt et al., 2012; Diana & Reder, 2006; Glanzer et al.,
2004; Madan et al., 2010; Osth et al., 2018; Reder et al., 2016). As
this study has demonstrated, whether an HF or an LF cue will lead
to better performance depends on the resource demands during
encoding—reducing the resource demands, either via slower pre-
sentation rate or via the presence of HF words on a mixed list,
allows LF words to be stored well, and reveals their retrieval
advantage. To be clear, our argument is not that prior studies have
confounded presentation rate, list composition, and cue frequency
—our argument is that the specific levels of presentation rate and
list composition chosen in prior studies might have contributed to
whether they will show a positive or a negative cue frequency
effect.

The fact that the LF cue retrieval advantage can be masked
depending on list composition and presentation rate is theoretically
important. The LF retrieval advantage in item recognition has
been attributed to less contextual competition for LF words
because they have been experienced in fewer contexts (for a recent
review, see Criss et al., 2011; Dennis & Humphreys, 2001; Osth &
Dennis, 2015; Popov & Reder, 2020a; Reder et al., 2000, 2007).
As Criss et al. (2011) argued, a null or a positive effect of high fre-
quency cues is inconsistent with most current memory models.
They argued against the idea that LF cues have less contextual
competition because they found little-to-no difference in perform-
ance depending on the frequency of the cue (Criss et al., 2011;
Nelson & McEvoy, 2000). Our results put doubt on this conclu-
sion by showing that under the right circumstances, LF cues lead
to better memory, as predicted by contextual competition models.
One of the main takeaways is that the LF cue benefit could be
masked by the encoding-retrieval trade-off we described in the
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introduction. Thus, contrary to Criss et al.’s (2011) claim, SAC
can explain these results by positing that under high resource
demands conditions, LF words and their context bindings are
formed weaker relative to HF words, which masks the LF cue
advantage.

One limitation of the method used in these experiments is that
there was always at least 60 ° distance between every two words
on the circle. Since five words were presented on each trial, this
means that words were relatively equidistant from each other. This
was done to avoid visual overlap between the strings for different
words. However, it could be argued that this spatial arrangement
could cause people to encode locations verbally (e.g., using labels
for clock positions—7 O’Clock, 11 O’Clock, etc.), rather than spa-
tially. We do not believe this is a major problem for the interpreta-
tion of our results for two reasons. First, even though words were
presented with a minimum of 60 ° between them, the overall posi-
tions were randomized on each trial. That is, any of the 360 posi-
tions on the circle were equally likely to be presented over the
course of the experiment. The five locations on a trial were also
presented randomly, and not in a specific order (clockwise or
counterclockwise). Since the five positions were different on each
trial, and a participant could not predict where the next word
would appear, it is unlikely that such a strategy would be benefi-
cial. Recoding a spatial position, which is perceived directly, into
a verbal label would also require extra time and effort. The rela-
tively fast presentation rates (500/750/1000 ms per word) would
make that difficult.

Second, even if participants did use verbal labels to encode the
spatial position of words, this would not be an issue for the inter-
pretation of the results—as we note in the introduction, source
memory is a variant of a paired-associate learning task; the key as-
pect of the task is that a binding must be formed between two fea-
tures of the stimulus. In a source memory task, one of those
features is a contextual detail, in this case, the spatial location. In
SAC, a binding is an episodic node that connects other nodes rep-
resenting features of the stimuli and context (Popov & Reder,
2020b; Reder et al., 2000; Reder et al., 2007). This binding does
not differ depending on the nature of the features it connects—that
is, the same episodic node is formed regardless of whether two
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words are being bound together, or whether a word and a contex-
tual feature are being bound together. The main claim we investi-
gated in this article is that encoding LF words leaves fewer
resources for forming the episodic bindings. Testing this claim
would not be influenced by whether participants encode the loca-
tions spatially, as we assume, or whether they first recode them
into verbal labels.

Is Any Information Stored When Resources Are
Insufficient?

The current study presents clear and novel evidence that LF
words and short study times lead to more mis-binding errors rather
than to diminished precision of the memory trace. While this result
is important in and of itself, a careful consideration revealed that it
cannot conclusively answer one of our original motivating ques-
tions, namely, whether people fail to store information in memory
when they have insufficient resources available. The fact that a
binding fails to be retrieved does not necessarily mean that it
does not exist—it is possible that the memory trace is so weak
that it fails to pass a retrieval threshold. Even though there were
no differences in memory precision as a function of word fre-
quency or study duration, it should be noted that the current
methodology can only reveal the precision of a memory trace if
the trace could be retrieved. This is because precision is meas-
ured as the angle error specifically for responses that are consid-
ered correct. Thus, the current results show that if a memory
trace passes a retrieval threshold, it is equally precise regardless
of condition. However, the motivating question concerns the pre-
cision of memory traces that cannot be recalled.

The analysis of contiguity effects provides some clarity con-
cerning this issue. We showed that just like in cued recall, mis-
binding errors are more likely to come from neighboring serial
positions (in time, not space). This suggests that even though in
these cases the word-location binding could not be retrieved, some
temporal information, and possibly a temporal-spatial mapping,
must have been stored together with each probed word.” If no
memory trace were created on these trials, mis-binding errors
would not have exhibited contiguity effects. One possibility is that
the memory trace for each probe by default contains a binding (or
multiple bindings) between the probe, the location, and a temporal
context vector. It is possible that when resources are running low,
only some portion of those bindings are created (e.g., the probe-
time binding and not the probe-location or the location-time bind-
ing). Further research is required to answer this question more
conclusively.

Contiguity Effects

The contiguity effects we uncovered are important in their own
right. While contiguity effects are well established for free recall
(for a review, see Healey et al., 2019; Kahana, 1996), only one
study so far has shown contiguity effects in cued recall (Davis et al.,
2008), and recent research has found no such effects in multiple
associative recognition experiments (Osth & Fox, 2019). Further-
more, we are not aware of any contiguity effect demonstrations in
source memory. Why is this important? As Osth et al. (2018) note,
temporal context models such as TCM (Howard & Kahana, 2002)
predict that contiguity effects should occur in all of these tasks,

because associations are automatically formed between temporally
contiguous events, regardless of what type of memory test is
expected. In contrast, in models such as SAM (Gillund & Shiffrin,
1984), due to a capacity-limited buffer, associations in paired associ-
ate tasks are formed only among elements that are concurrently
presented.

Finding contiguity effects in the current task is theoretically im-
portant because temporal information is not helpful or required to
perform the current task successfully (in contrast, temporal infor-
mation benefits free recall performance because it guides the mem-
ory search). Specifically, since only one item is probed at test in
our task, it does not matter where that item was presented relative
to other items in the trial. In fact, since the formation of associa-
tions is resource intensive (Popov et al., 2019; Popov & Reder,
2020b; Reder et al., 2007), one could argue that forming temporal
associations in this task might be counterproductive because it
would leave fewer resources for encoding the item-location bind-
ings. The fact that temporal associations are nevertheless formed
provides support for the claim that such associations are automatic
and central to the representation of information in memory.

Word Frequency Versus Context Diversity

Word frequency is a quasi-experimental variable because words
cannot be randomly assigned to be of either low or high frequency.
For this reason, word frequency is often confounded with other
lexical variables such as semantic distinctiveness, concreteness,
age of acquisition, contextual diversity and so forth (Maddox &
Estes, 1997). It is possible, in principle, that some of these other
factors could explain the effect of word frequency in our experi-
ments, as we only controlled for word length differences between
HF and LF words. There are several reasons why we did not apply
controls to the selection of HF and LF words and why we believe
the results presented here reflect the effect of frequency rather than
other confounding factors.

Our prior work has repeatedly demonstrated that experimentally
manipulating frequency of exposure by differential pretraining of
pseudowords (Reder et al., 2002) or of unfamiliar Chinese charac-
ters (Reder et al., 2016; Shen et al., 2018) leads to the same effects
as word frequency in recognition tasks, cued-recall tasks, and tests
of working memory. Based on this prior work, we know that fre-
quency of exposure affects memory in the absence of other lexical
confounds, and thus we felt it was appropriate to vary word fre-
quency without controlling for other factors. The second reason
why we did not apply such controls is that fitting the mixture mod-
els to individual participants requires a large number of trials, and
the current experiments presented a total of 750 HF and 750 LF
words to each participant. As we wanted these words to be unique
nouns of average length, this left us with a small pool of potential
words, most of which were used in the experiment. Applying con-
trols to the word pool would have required us to select a smaller
set of words, which would have compromised our ability to apply
the mixture models to the distribution of errors. Since we know
based on our prior work that frequency directly affects memory in
the absence of confounds, we chose not to control for potential

7Alternatively, direct associations among neighboring probes could
have also been stored.
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confounds and use a broad set of words in order to apply our mix-
ture models.

One particular lexical confound deserves a more extended dis-
cussion, namely, contextual diversity. Contextual diversity is a
measure of how often a word appears in different contexts (Brys-
baert & New, 2009), and it is highly correlated with word frequency
(Steyvers & Malmberg, 2003). Despite this high correlation, studies
that have manipulated these factors independently have found that
both have separate effects on recognition and recall tasks (Parment-
ier et al., 2017; Steyvers & Malmberg, 2003). These two factors
correlated highly in our stimuli (» = .94), which prevents us from
disentangling their effects. Nevertheless, several things are worth
noting. First, contextual diversity cannot explain the positive effect
of word frequency in the pure lists used in Experiments 1 and 2—
HF words have higher contextual diversity than LF words, and high
contextual diversity is typically associated with worse recognition
and recall (Hicks et al., 2005; Parmentier et al., 2017; Steyvers &
Malmberg, 2003),¥ and source memory (Marsh et al., 2006), which
is the opposite of what we found.

What about the negative frequency effect in the mixed lists of
Experiment 3? One of the main claims of the SAC model, that we
discussed in the introduction, is that word frequency effects are
the result of a trade-off between a HF encoding advantage and a
LF retrieval advantage. We claim that whether one observes a pos-
itive or a negative effect of word frequency depends on the bal-
ance of these two factors, which itself depends on the encoding
demands of the task. The LF retrieval advantage in the model
occurs because LF words are associated with a smaller variety of
previous contexts, which makes it more likely that cuing memory
with a LF word would retrieve the correct episodic context. This is
the definition of contextual diversity. Thus, the fact that contextual
diversity and word frequency are confounded in the stimuli is not
a bug but a feature of the current experiments, as it allows us to
observe this trade-off shifting as the encoding demands of the task
change.

Verbal Memory and Precision

In the current experiments we did not find any effects of either
word frequency or presentation rate on the precision parameter of
the mixture model. We did find an effect of serial position on
memory precision, which suggests that the model could detect dif-
ferences in precision when they exist. We imported the concept of
memory precision from the visual working memory literature, and
it is reasonable to ask whether it has any relevance to verbal mem-
ory. The key assumption that we made in this study was that this
precision parameter is a proxy for the strength of memory traces.
SAC and many other models of memory assume that memory
traces vary continuously in strength, and that recall depends on
whether this continuous strength passes a retrieval threshold. In
typical verbal recall or recognition paradigms, one cannot observe
memory strength directly, only being able to measure what propor-
tion of traces are above a participant’s retrieval threshold. By anal-
ogy to the visual working memory literature, we assumed that the
p_correct parameter of the mixture model corresponds to the same
categorical measure typically used for recall accuracy. In contrast,
we assumed that the precision parameter reflects the continuous
strength of those traces that were successfully retrieved, with
stronger traces leading to more precise location memories. Thus,

our conclusions depend on this interpretation of the mixture model
parameters, which we believe are plausible given the assumptions
of the SAC model.

Comparison to the Item-Order Hypothesis

SAC’s explanation of the mixed-list paradox is similar to the
item-order hypothesis (DeLosh & Mcdaniel, 1996; Serra &
Nairne, 1993) according to which low-frequency items require
more resources for processing, leaving fewer resources for encod-
ing the order of items. Since participants often use information
about serial order to guide their free recall (Healey et al., 2019),
insufficient resources to encode order information would diminish
recall performance for HF words in mixed lists. One difference
between their account and the SAC account is that SAC proposes
a more general resource depletion mechanism—depleting more
resources for LF items leaves fewer resources for processing any
other information, be it other items, context, location, order, and
so forth. This difference allows SAC to explain why the mixed-list
paradox appears in recognition memory (Malmberg & Murnane,
2002) or source memory (current experiments) in which a single
item is probed and order is irrelevant. The item-order hypothesis
would struggle to explain why we see a list-composition effect in
the current experiments, because disrupting order information
should not have detrimental effects on memory for single probes.
Aside from this difference, SAC is a computational implementa-
tion of this idea, while the item-order hypothesis was never imple-
mented formally in a computational model. Given the general
similarities, SAC could be considered a computational generaliza-
tion of the item-order hypothesis.

8 Note that the effect of contextual diversity on serial recall has been
questioned in a recent failed replication of Parmentier et al. (Guitard et al.,
2019). However, the effects do appear in recognition (Steyvers &
Malmberg, 2003), free recall (Hicks et al., 2005), and particularly
importantly, in source memory (Marsh et al., 2006).
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Appendix

Mixture Model Comparisons

Model 1 = A single parameter von Mises distribution with no
guessing or mis-binding parameters.

Model 2 = A two parameter mixture model of a central von
Mises distribution, and a guessing uniform distribution (Zhang

& Luck, 2008).

Model 3 = A two parameter mixture model of a central von
M distribution plus four mis-binding vM distributions but no
uniform guessing.

Model 4 = A three-parameter mixture model with a central
von Mises distribution, four mis-binding von Mises distribu-
tions centered on nontarget locations, and a uniform guessing
distribution (Bays et al., 2009).

Table A1

Relative AIC Values for Each Mixture Model Fit for Each Participant

Participant Model 1 Model 2 Model 3 Model 4 Model 5
1 500.4 74.3 0 2 1.1
2 144.6 24.8 15.3 0 2

3 300.2 344 11 0 2
4 356.5 14.7 4.2 0 2

5 470.8 28.1 29.4 0 2
6 457.7 74.8 11 0 1.9
7 386.6 34.8 0 0.2 0.2
8 328.3 59.4 4.1 0.7 0
9 243.1 20.2 16 0 0.5
10 386.3 88.7 20.4 0 1.3
11 357.9 15.8 14.1 0 2
12 557.6 94.2 17.5 1.9 0
13 292.5 45 30.7 0 0.6
14 313.5 7.3 49 0 1.6
15 353.1 45.2 22 2.3 0
16 215.1 324 6.1 0 1.9
17 468.4 35.8 4.8 0.2 0

(Appendices continues)
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Table A1 (continued)

Participant Model 1 Model 2 Model 3 Model 4 Model 5
18 420.2 26.1 13.1 0 1.8
19 135.8 9.6 22.7 0 1.6
20 360.7 12.1 4.5 0 2
21 281.6 72.5 29.6 0 0.7
22 333.1 27.9 1.3 0 1.9
23 472.5 25 5.1 0.9 0
24 586.5 25.9 1.5 0 0.4
25 489.1 37 0 2 3.6
26 3209 41.5 5.6 0 1.9
27 423.8 324 6.5 0 1.7
28 348.1 36.7 0 0.2 1.8
29 478.3 40 0 2 3.6
30 215.6 27 23.2 0 1.7
31 491.2 58.9 0 1.2 22
32 137.4 29.6 5.4 0 1.9
33 265.4 33.6 0 0.3 1.1
34 307.1 9.3 21.7 0 2
35 262.4 28.8 59.5 0 1.8
36 300.3 79.3 344 0 1
37 345.1 30.3 20.7 2.1 0
38 446.8 24.1 18.3 0 1.9
39 181.7 50.4 22 0 0.1
40 495.2 89.3 1.6 0 0.2
41 256.5 60.1 13.9 0 2
42 451.2 54.8 3.7 0 0
43 240.9 49.6 1.5 1.5 0
44 157.4 7.6 7.9 0 2
45 160.7 4.1 26.3 0 1.4
46 514.8 55 7.8 0 0.1
47 252.8 28.1 9.7 0 1.9
48 428.4 98 3.5 0 1.2
49 3329 9 1.4 0 1.9
50 429.7 58.1 38.9 0 1.2
51 133.6 43 253 0 0.2
52 455.5 69.9 22 39 0
53 140.5 19.5 4 1.2 0
54 276.5 7.1 1 0 1.9
55 293.7 49.7 0 1.9 1.9
56 3104 34.6 2.7 0.2 0
57 254.6 20.1 52 0 1.6
58 255.4 11.7 5 0.9 0
59 112 6.4 19.3 0 1.7
60 421.1 353 0 1.8 1.6
61 572.5 126.9 2.2 0.1 0
62 515.8 52.7 9.2 1.8 0
63 383.4 39.9 28 0 1.6
64 336 102.8 0.1 1.8 0
65 377.8 47.6 12.8 0.2 0
66 206.1 30.5 0 1.5 35
67 250.3 47.5 10.6 0 0.9
68 378.3 132.5 29.8 0 0.6
69 2159 153 11.9 0 0.7
70 409.1 53.5 2.4 0 1.3
71 421.9 38.8 11.2 0 2
72 406.2 25.9 10.7 0.8 0
73 215.7 46.2 0.5 0 1.9
74 293.4 325 11.4 0 0.5
75 438.2 56.4 7 3.7 0
76 176.1 17.1 14.7 1.6 0
77 300.2 52 37.6 0 1.6
78 3752 67.9 8.1 0 2
79 3524 39.5 8.1 0 0.8
80 3744 324 1.1 0 0.7
81 423.9 382 0 0 1.3
82 296.6 345 5.1 0.9 0
83 247.5 17.5 24.7 0 1.6
84 367.2 12.6 0 1.7 35
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Table A1 (continued)

POPOV, SO, AND REDER

Participant Model 1 Model 2 Model 3 Model 4 Model 5
85 88.3 0 5.5 0 2
86 284.8 18.1 0 1.8 32
87 347.7 43.4 37.7 0 0.3
88 496.8 44 0 2 3.9
89 285.6 333 38.7 0 0.6
90 357.6 10.4 49.5 0 2
91 465.2 66.6 18.1 1.6 0
92 330.9 29.8 393 0 1.9
93 409.7 45.3 21 3.7 0
94 196.1 25.2 14 0 1.6
95 2449 27.3 5.8 0 1.6
96 260.7 72.9 0 0.2 2.1
97 208.8 12.2 5.4 0.1 0
98 252 33.7 1.9 0 1.9
99 247.5 10.3 6 0 0
100 397.5 71.3 6.2 0 0.7
101 3254 46.8 13.5 0 1.9
102 271.4 24.3 22.5 0 1.5
103 283.5 21.1 0.9 0 2
104 485.1 18.9 1.5 1.7 0
105 418.6 56 9.2 0 1.6
106 426.8 71.5 6.2 0 2
Proportion best fitting 0% 1% 13 % 64 % 22 %

Note. AIC = Akaike Information Criterion. In each row, Bolded values represents the best-fitting mixture model. The value in each cell reflects the dif-

ference between the fit of the model in the corresponding column relative and the best-fitting model for that participant.

Model 5 = A four-parameter mixture model similar to
Model 4, but with separate precision parameters for correct and
for mis-binding responses.
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