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Abstract 

The list-length effect has been crucial in understanding the sources of forgetting in 

recognition memory, especially whether forgetting stems from interference generated by 

other items in the study list. However, there has been inconsistent evidence for the effect, 

and recent studies have found various confounds in the experimental design. The current 

study re-examined the list-length effect by controlling confounds that have been reported. We 

also systematically manipulated various factors such as the list length, study time, delay, and 

stimulus type, and tested a large sample to examine the robustness of the effect (i.e., radical 

randomization). Results showed evidence for a list-length effect across the conditions, and 

we find that the square root function best describes the list-length effect. By utilizing a 

computational model we also show that although the list-length effect exists, there is, in 

general, a greater amount of interference stemming from other sources in recognition 

memory (e.g., previous contexts).  
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Public significance statements 

 
Asking whether one has encountered a certain item or not in the past (recognition memory) is 

one of the simplest ways to examine human forgetting. Moreover, it is generally expected 

that if there are more items to remember, memory performance will be worse (list-length 

effect). However, the existence of the list-length effect has been a long-standing debate. The 

present study shows that there is strong evidence for the list-length effect across various 

conditions. At the same time, the results show that forgetting in recognition memory is not 

only driven by how many items there are to remember (the length of the list), but also by 

other factors such as how many times one has encountered the items in the past. 
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A systematic re-examination of the list-length effect in recognition memory 

 

Human memory is not perfect.  We struggle to recognize a person who we have 

previously met, and get confused whether we took our vitamins today. Why do we forget and 

what are the mechanisms underlying forgetting? There is general agreement that forgetting is 

due to interference from acquired memories rather than passive decay (McGeoch, 1932; 

Oberauer & Lewandowsky, 2008). One of the oldest and most common means of 

manipulating interference in experiments on human memory is manipulating the number of to-

be-remembered items (or list-length), where it has been generally observed that longer lists 

lead to poorer performance. The simplest explanation is that longer lists produce more 

interference due to the greater number of items in memory – the list-length effect persists 

even when the amount of time between learning and retrieval is controlled (Roberts, 1972), 

which is difficult for time-based decay theories to explain. The relationships between list-

length and memory performance have provided constraints on theories and models of 

memory for virtually every memory task, including both short-term (Nosofsky et al., 2011; 

Sternberg, 1966) and long-term recognition memory (Dennis & Humphreys, 2001; Gillund & 

Shiffrin, 1984; Shiffrin & Steyvers, 1997), free recall (Raaijmakers & Shiffrin, 1981; Sederberg 

et al., 2008), serial recall (Brown et al., 2000; Lewandowsky & Murdock, 1989), and even 

tests of visual working memory (Oberauer & Lin, 2017; Smith et al., 2018). Indeed, one may 

be hard-pressed to find another empirical manipulation that has exerted greater constraint on 

theoretical development in each of these memory tasks than manipulations of list length. 

Given the theoretical importance of the list-length effect in understanding forgetting, it is 

somewhat ironic that in the domain of long-term recognition memory, there have been some 

serious questions about whether the finding truly reflects higher degrees of interference in 

longer lists of items. While initial studies showed large effects of list-length on discriminability 

(e.g., Ratcliff & Murdock, 1976; Strong, 1912), later studies led by Dennis and colleagues 
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argued that such effects were due to confounds rather than interferences, such as differences 

in retention interval between the short and long lists.  

Critically, when these confounds are controlled, no list-length effect was found, 

presenting a stark contrast to many other memory tasks where such effects are prevalent 

(e.g., Dennis et al., 2008; Dennis & Humphreys, 2001). Such findings were used to argue that 

interference from the study list items (item-noise) was minimal, and that interference at 

retrieval instead stemmed from pre-experimentally acquired memories (context-noise: Dennis 

& Humphreys, 2001; Osth & Dennis, 2015). 

A further complication in the debate about list-length effects was that, more recent 

studies have found that even when such confounds are controlled, robust effects of list-length 

can be found when only a single list is considered, but such effects become null or even 

reverse when participants are tested on a second list (Brandt et al., 2019; Fox et al., 2020). 

Such findings introduce further questions about when list-length effects should or should not 

be observed.      

 The present work aims to resolve this discrepancy by conducting a large-scale 

examination of the factors that may affect the presence or absence of the list-length effect. 

Specifically, we collected data from a large number of participants (N = 3,612) using controls 

advocated by Dennis et al. (2008) while manipulating a number of factors that have been 

demonstrated to affect the presence of the effect, including study-test delay, stimulus type, 

and study time. The large number of participants allows us to more readily assess for the 

presence of interactions between these factors in the same experiment. Additionally, while 

many studies use only two list-length conditions, we use a wide range of list-lengths in an 

attempt to quantify the functional relationship between list-length and memory performance. 

To further the theoretical resolution of these results, we follow this up with application of the 

Osth and Dennis (2015) global matching model, which can decompose and measure the 

sources of interference from both the current study list and pre-experimental memories. 
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The list-length effect and its relationship to sources of interference 

Theories that concern different sources of interference in forgetting – item-noise and 

context-noise models – come from the global matching framework (Clark & Gronlund, 1996; 

Gillund, & Shiffrin, 1984; Osth & Dennis, 2024). The term “global matching” describes the 

retrieval process in recognition memory. When a probe is presented, the available cues – 

namely the presented item and a representation of the current context – are jointly used to 

cue the contents of memory. These cues make contact with all of the stored memories in 

parallel and a similarity value is computed. These similarity values are summed together, 

producing a value of global similarity, which is the basis of a recognition decision. If the global 

similarity is sufficiently high (e.g., it exceeds a criterion), an “old” decision is produced. 

Because all items in memory make contact with the item cue – including items that mismatch 

the item cue presented in the probe – noise is introduced into the global similarity, which can 

impact recognition decisions and result in erroneous recognition decisions. Thus, it follows 

that increases in the number of items present in memory result in poorer memory. 

Under the global matching framework, different kinds of interference can be generated 

depending on whether the cue matches the item component and the context component. For 

example, assume that you are trying to remember whether you saw your colleague Simon at 

the conference yesterday. If you actually met Simon at the conference, then there would be a 

corresponding trace in your memory storage (i.e., self-match) that matches the item (i.e., 

Simon), and the context1 (i.e., yesterday’s conference) of the cue, which will generate a 

matching signal. Other memory traces that do not perfectly match the cue will generate noise. 

For example, other people that you met at the conference yesterday will generate noise as 

                                                           
1 We define context as the characteristics of the event where the item was experienced (i.e., event-based context). 
Context can include multiple components at multiple levels such as the external environmental features of the 
event (e.g., room color) to the internal/psychological features (e.g., mood, task context). However, here we treat 
them as a whole, and understanding the individual components of context is beyond the scope of the current 
study.  
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they match the context component (i.e., yesterday’s conference) of the cue but not the item 

component (i.e., Simon). The interference that these memory traces generate is called item-

noise as the source of the noise stems from the mismatching item component. Memory traces 

that match the item component but not the context component will also generate noise. For 

example, previous instances where you met Simon in different contexts (e.g., different 

conferences) will generate noise as they match the item component but mismatch the context 

component of the cue. The noises that these memory traces generate are called context-

noise as the source of the noise stems from the mismatching context component. Finally, 

interference generated from memory traces that do not match the item or context components 

is called background-noise. While background-noise may be minimal due to the poor match 

on both the item and context dimensions, a large number of mismatching memories can 

potentially impair memory.  

The earliest global matching models – such as the search of associative memory 

(SAM: Gillund & Shiffrin, 1984) model and the Minerva 2 model (Hintzman, 1988), for 

example – were pure item-noise models, in that they assumed that only studied items were 

present in the contents of memory. Thus, the studied items themselves were the only source 

of interference2. Such models predicted large consequences of list length, as increases in list 

length greatly increased the noise in the retrieval process.  

Context-noise theories – such as the model of Anderson and Bower (1972), and the 

bind-cue-decide model of episodic memory (BCDMEM: Dennis & Humphreys, 2001) – 

predicted no effect of list length. Context-noise theories differ from item-noise models in that 

the comparison is not between the probe item and the other items on the list, but instead a 

comparison between the probe item and the past contexts in which it was experienced. That 

                                                           
2 However, note that studies have found evidence that both the number of studied items and novel items 
presented at test also affect memory performance (i.e., output interference; Criss, Malmberg, & Shiffrin, 2011) , 
and can be a source for item-noise. 
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is, if a list such as cat, queen, disk, and cup is studied, and “cat” is presented as a recognition 

probe, context-noise models query all of the contexts in which “cat” was experienced and 

assess whether the recent study list episode was among them. For this reason, the number of 

studied items themselves will not affect recognition memory.  

Both item-noise and context-noise can be subsumed into the same theoretical 

framework, namely a global matching model with both item and context representations (Criss 

& Shiffrin, 2004; Osth & Dennis, 2015). A key determinant of whether the model exhibits item- 

or context-noise is the similarity of the underlying item and context representations. If context 

representations are completely dissimilar to each other but item representations are similar, 

then a global matching process will behave in a manner akin to pure item-noise models. That 

is, retrieval will be focused entirely on the current list (since all other contexts mismatch the 

context cue), but interference among the items will result because the items that mismatch 

the probe item will produce interference. If the opposite is the case – contexts are similar but 

items are completely dissimilar to each other – retrieval will be entirely focused on the 

contexts in which an item was experienced in a manner similar to pure context-noise models. 

One should note that if items and contexts both exhibit positive similarity, a third type of 

interference is possible, which is referred to as background noise. Background noise consists 

of the interference from items not on the present study list from other contexts (e.g., Fox et 

al., 2020; Murdock & Kahana, 1993b, 1993a; Osth & Dennis, 2015). 

 

Confounds in the List Length Design and their Theoretical Significance 

The fact that the item-noise and context-noise frameworks made divergent predictions 

about the list length effect re-invigorated interest in list length studies. Unfortunately, empirical 

evidence has not always been conclusive, where some studies found evidence for the effect 

(Bowles & Glanzer, 1983; Cary & Reder, 2003; Gillund & Shiffrin, 1984; Glanzer et al., 2004; 

Gronlund & Elam, 1994; Murnane & Shiffrin, 1991; Ratcliff & Murdock, 1976; Strong, 1912; 
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Underwood, 1978) while, counter-intuitively, other studies found no difference in 

discriminability between short and long lists of items, including some cases where the long list 

was as long as four times the length of the short list (Dennis et al., 2008; Dennis & 

Humphreys, 2001; Jang & Huber, 2008; Kinnell & Dennis, 2011; Murnane & Shiffrin, 1991; 

Schulman, 1974). 
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To illustrate the variability in results from the list length studies, we surveyed all 

published recognition memory studies we could find and documented their results in Table 1. 

For each study, we listed whether the study (1) controlled for differences in retention intervals 

between list-length conditions, and (2) whether the list-length manipulation was within or 

between subjects, (3) the study time for each item, (4) the delay between study and test, (5) 

the stimulus types that were tested, and (6) whether list length manipulations affected hit or 

false alarm rates. The table illustrates that the presence or absence of a list length effect is 

extremely variable in the literature, despite the theoretical significance of the effect. Below, we 

highlight some of these factors and discuss their theoretical relevance. 

The Studies of Dennis and Colleagues that Reported a Null List-Length Effect 

 By the 1990’s, there had been broad consensus in the presence of a list-length effect in 

recognition memory. However, a renewed focus on isolating confounds in the list-length 

design was instigated by Dennis and Humphreys (2001) when they proposed their pure 

context-noise model (i.e., the BCDMEM model), which predicts no effects of list-length on 

recognition memory performance. They further argued that when the confounds in list-length 

designs are appropriately controlled for, no list-length effect is found when single words are 

used as stimuli (see Kinnell & Dennis, 2011 for a review). In particular, Kinnell and Dennis 

(2011) systematically examined the actual impact of these confounds and found that 

controlling attention and the retention interval are keys for finding a null list-length effect. 

The first and most obvious confound is that there can be a difference in the retention 

interval between the short and long list conditions if testing occurs immediately after the 

conclusion of the study list (see Figure 1A). Thus, the long list condition may perform more 

poorly because there are more items that have longer study-test lags (see Monsell, 1978, and 

McElree & Dosher, 1989, for similar concerns in short-term item recognition tasks). A way to 

control the confound is to add a filler task in the short list condition so that the total retention 

interval is equated across conditions. There are two ways to implement this control. In the 
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retroactive design (see Figure 1B), the filler task is placed after the study phase. On the other 

hand, in the proactive design the filler task is placed before the study phase (see Figure 1C). 

In both designs, the performance between the short and long list conditions are made by only 

comparing a part of the long list items to equate the retention intervals, which is indicated by 

red dotted lines in Figure 1. Kinnell and Dennis (2011) further found that the retroactive 

design was a better solution, as in the proactive design the participant’s attention dropped 

during the later part of the long list, which decreased the performance in the long list 

condition.  

Figure 1.  

An illustration of different designs used in examining the list length effect in recognition 

memory.  

 
Note. (A) a design that does not control the retention interval difference between the two 

conditions, (B) a retroactive design, and (C) a proactive design. The red dotted lines 

represent the items that are tested during the test phase, and the line with arrows at each end 

represents the average retention interval for each condition.  

 

A further potential theoretical confound comes from whether the recognition test occurs 

immediately after the completion of the long list or whether it occurs after a further delay. 

Dennis et al. (2008) argued that when testing takes place immediately after the long list, 
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participants may not reinstate a context that comprises the entire list, but instead may cue 

with a context that primarily matches the end-of-list items as is commonly assumed in models 

of free recall such as the temporal context model (Howard, & Kahana, 2002). Context 

reinstatement might be better encouraged if there is a filler task that takes place after the 

completion of the long list (the duration of the task should be further added to the short list to 

equate the retention intervals). Studies by Dennis and colleagues that have incorporated each 

of the recommended controls have generally reported no effect of list length (Dennis et al., 

2008; Kinnell & Dennis, 2011). For this reason, Dennis and colleagues generally concluded 

that list length does not impair recognition memory performance. 

It should also be mentioned that the aforementioned studies all employed single words 

as stimuli. Kinnell and Dennis (2012) hypothesized that non-word stimuli – especially 

confusable images – should be more susceptible to list length effects due to the fact that their 

item representations are more similar to each other. Consistent with these expectations, they 

conducted experiments manipulating list length using the same controls employed by Dennis 

et al. (2008) and found that some non-word stimuli, namely fractal and face images, exhibited 

list length effects. Natural scene images, in contrast, performed equivalently in short and long 

lists. 

The theoretical significance of the null list-length finding was underscored by later 

model testing and development. Turner, Dennis, and Van Zandt (2013) fitted the BCDMEM 

model (a pure context-noise model) along with the retrieving effectively from memory model 

(REM: Shiffrin & Steyvers, 1997, a pure item-noise model) to individual participants from the 

Dennis et al. (2008) dataset along with the data from Kinnell and Dennis (2012) and found 

that the model selection strongly favored the BCDMEM model. In addition, Osth and Dennis 

(2015) conducted a parameter estimation study with a global matching model that can 

measure the influences of item-, context-, and background-noise. When the model was 

applied to the list length experiments of Dennis et al. and Kinnell and Dennis (2012), the 
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resulting parameter estimates suggested a near-zero influence of item-noise for word stimuli 

with a larger but still minimal influence of item-noise for non-word stimuli. According to the 

model, interference in recognition memory was dominated by context- and background-noise 

instead. 

A Confound in Within-Subjects Designs that Obscures Evidence for a List-Length 

Effect 

While the studies of Dennis and colleagues suggested there might not be a list length 

effect in recognition memory, a recent study by Brandt et al. (2019) identified another confound 

in the design with important theoretical ramifications. In most of the experimental designs that 

examined the list-length effect, multiple study-test cycles are administered for a given 

participant and list-length is manipulated within-subjects; the short and long lists are tested one 

after another in a randomized (or counter-balanced) fashion. The problem with this approach is 

that after the second list is administered, the same number of studied items is in memory. That 

is, if a participant is tested on a short list of 20 items followed by a long list of 80 items, and 

another participant is tested on a long list of 80 items followed by a short list of 20 items, the 

two participants encounter the same number of items in memory (100) at the end. Thus, the 

within subjects design in a list length experiment might even be equating the interference 

between conditions. 

Brandt et al. (2019) tested this hypothesis in a series of recognition memory 

experiments that manipulated list length using the controls advocated by Dennis and 

colleagues. When both short and long lists were considered in a within subjects analysis, no 

list length was observed. However, when the analyses were restricted to only the first list (a 

between subjects analysis), a sizable list length effect was observed. These results were 

replicated by Fox, Dennis, and Osth (2020), who also fitted the data using the Osth and 

Dennis (2015) model. When they fit the model using traditional methods where each list 

length condition was treated in isolation, the parameter estimates were similar to those from 
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Osth and Dennis (2015) in that item-noise exerted only a minimal role. However, when 

interference from prior lists was introduced to the model – such that the second tested list 

would also have the first studied list present in memory – the conclusion of the parameter 

estimation were reversed, and a dominance of item-noise was instead observed. 

Encoding Quality 

Our previous review highlighted how several of the factors in the table – equating the 

retention interval between short and long lists, a further study-test delay, whether the stimuli 

are words or non-words, and whether the comparison was within- or between-subjects – may 

be central to the finding of a list length effect. However, our review of Table 1 highlighted a 

further factor for consideration that has not yet been considered, namely manipulations that 

concern the quality of stimulus encoding during the study phase of the experiment. The 

experiments of Dennis and colleagues tended to involve both longer presentation times and 

on some occasions, deep processing. Specifically, during the encoding phase, participants 

were asked to rate the pleasantness of the stimuli, a manipulation which is known to produce 

semantic encoding and improve performance (e.g., Craik & Tulving, 1975). 

The encoding quality manipulations are especially relevant to a class of item-noise 

models known as differentiation models (Criss, 2006; Criss & McClelland, 2006; Shiffrint, 

Ratcliff, & Clark, 1990). In differentiation models – which include the REM model, a variant of 

the SAM model (Shiffrin et al., 1990), and the subjective likelihood in memory (SLiM) model 

(McClelland & Chappell, 1998) –  increasing the strength of studied items decreases the 

similarity between their item representations. Because item-noise is the consequence of item 

similarity, decreased item-noise may be observed in conditions of stronger stimulus encoding. 

For this reason, such models predict that false alarm rates should be reduced when encoding 

quality is increased, a prediction which has been confirmed (the strength-based mirror effect, 

see Criss & McClelland, 2006; Kılıç et al., 2017; but see Starns et al., 2010, for a contrary 

explanation). While list-length effects have not generally been the focus of testing 
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differentiation models, it logically follows that conditions of reduced item-noise – namely with 

stronger stimulus quality – may be less likely to exhibit list-length effects. Thus, in our study, 

we additionally manipulated study time as an encoding quality manipulation to evaluate 

whether the list-length effect is moderated by longer study times.  

The Current Study 

In the current study, we conducted a large-scale re-examination of the list-length effect 

in recognition memory while controlling the confounds that have been reported so far in the 

literature by (1) using a retroactive design to equate retention intervals between the list-length 

conditions, and (2) collecting a large sample data with a single study-test cycle so that all 

comparisons between list length conditions are between subjects, and equate the amount of 

proactive interference between list-length conditions (e.g., Baddeley & Scott, 1971). To 

compensate for the reduced statistical power of a single study-test cycle, we employed 

modern online testing solutions to collect large scale data from over 3,000 participants (e.g., 

Buhrmester et al., 2011; Crump et al., 2013). 

We examined the effect of various different manipulations on the list-length effect that 

has been investigated in the literature on different levels. This so-called radical randomization 

approach (Baribault et al., 2018) not only provides a way to see how different factors affect 

the list-length effect, but also tests the robustness and generalizability of the effect through 

various manipulations that have been found to influence the list-length effect or interference 

more generally. We, especially, manipulated the list-length (i.e., length of 8, 16, 32, 64, and 

80 items), study-test delay (i.e., immediate and 120 seconds), study time (i.e., 1, 2, 4 

seconds), and stimulus types (i.e., low-frequency words, high-frequency words, and fractal 

images), which rendered a total of 60 different conditions. We especially included fractal 

images in addition to words to manipulate the level of item discriminability and context noise. 

Based on previous studies (e.g., Kinnell & Dennis, 2012), we expect that the fractal images 

would be less discriminable than words as they would be less familiar, while as we present 
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novel fractal images, they would theoretically generate no context noise. 

The dense empirical data set from the study was analyzed in three ways. First, we 

examined how each of the factors we manipulated contributed to the finding of the list-length 

effect in recognition memory. Dennis et al. (2008) and Kinnell and Dennis (2012) 

hypothesized that there should be interactions between several of the factors we 

manipulated. Specifically, no list length effect should be evident for words when there is a 

substantial study-test delay, but list-length effects should become evident with no study-test 

delays and when non-word stimuli are tested. To forecast our results, no significant 

interactions were found – list-length effects were evident for all study time conditions, stimulus 

types, and study-test delays. 

Second, we examined the quantitative shape of the list-length effect by testing 

functions that best describe the relationship between list length and d’ (e.g., power, 

exponential, and square-root). To our knowledge, there are no existing long-term recognition 

memory studies that have explored the functional relationship between list-length and memory 

performance, which may be because most studies only employ two list-length conditions. In 

our study, we manipulated list-length across five conditions –  8, 16, 32, 64, and 80 item lists – 

to examine the functional relationship3. This also represents a ten-fold increase from the 

shortest list to the longest list, which is considerably longer than the majority of the studies in 

Table 1. For this reason, the power in our study is considerably larger than previous studies 

                                                           
3 In the field of physics, Katkov et al. (2022), and Naim et al. (2020) have conducted experiments that extensively 
manipulated the length of the list in order to propose a closed form mathematical equation that is parameter free 
and displays universality (e.g., Recall = 3π(#items)/2). The proposed models are not process models and only 
describe the forgetting curve that shows the list length effect. The experiment includes lists of common nouns 
(e.g., table, car) and common facts (e.g., “Earth is round”) each varying the list length from eight to 256 as well as 
the presentation time of the stimulus. At test, participants were presented with one studied item and one novel 
item, and were asked to choose one that has been presented in the list. The results show a list-length 
effect.  However, as the experiment was not designed to investigate the list length effect, experimental confounds 
were not controlled. For example, the retention interval was not controlled, and the conditions were not assigned 
to the participants systematically, where some performed multiple conditions, while others only performed only 
one condition. 
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which have found either null or small effects of list length, which have typically employed four-

fold increases in list length from the short list to the long list (e.g., Dennis et al., 2008; Kinnell & 

Dennis, 2010, 2012). 

It should be noted that global matching models predict a square root relationship 

between list length and memory performance. This prediction arises because the variances of 

the “old” and “new” memory strength distributions increase linearly with the number of studied 

items in memory (e.g., Clark & Gronlund, 1996; Gronlund & Elam, 1994; Osth & Dennis, 2015; 

Osth & Dennis, in press). Because d’ is on a standard deviation scale, such models predict 

square root functions between list length and d’. In our modeling, we compared the square root 

function to the exponential and power functions. Our motivation for further including the power 

function comes from the fact that studies of visual working memory have generally found 

power functions best explain the relationship between performance and set size (Bays, & 

Husain, 2008; Donkin et al., 2016; Smith et al., 2018). 

Third, we measured the respective sources of interference using the Osth and Dennis 

(2015) global matching model. As mentioned previously, the Osth and Dennis (2015) model is 

a global matching model that contains parameters governing the interference from item and 

context representations, which can be used to parameterize the magnitude of item-, context-, 

and background-noise. While Osth and Dennis (2015) concluded that item-noise was only 

minimal, Fox et al. (2020) found that when the interference in list-length designs accumulated 

across each list in an experiment, such conclusions were reversed and a dominance of item-

noise was observed. We extend these analyses here by measuring the sources of 

interference in these data, and whether the manipulations in our experiment result in 

meaningful differences in each of these interference contributions. 

Method 

Participants 

A total of 3,612 adults were recruited from Amazon Mechanical Turk (M = 36.26 years, SD = 



                                   

List-length effect in recognition memory  19 

 

10.60 years), where 1587 participants reported their gender as females, 2010 as male, and 

15 as other, when asked 'How do you describe yourself?' with three options 'Female', 'Male', 

and 'Other'. Only participants who had “the number of HITs approved” greater than 100, and 

their location identified as the US were allowed to participate. An additional 247 participants 

were excluded due to not finishing the experiment in a reasonable time (>12.5min from the 

start of the study phase until the end of the experiment, N = 63), or having more than 30% of 

their reaction time in the test phase too fast or too slow (< 300ms or > 3000ms; N = 184). The 

total experiment was expected to take less than 15 minutes and the participants were 

compensated USD $2.50 for their participation. Participants were randomly assigned to one 

of the 60 conditions until each condition had around 60 participants after applying the 

exclusion criteria. The final sample included an average of 60.2 participants (SD = 1.15, Min = 

58, Max = 62) for each condition. The study was approved by the Human Research Ethics 

Committee of The University of Melbourne (HREC no. 1851413.4). 

Materials 

Words were selected from SUBTLEXus (Brysbaert, & New, 2009), where we selected 240 

high frequency words (M = 117.24 per million, SD = 200.93), and 240 low frequency (M = 

7.31 per million, SD = 37.84) words. One hundred and forty fractal images were adopted from 

Kinnell & Dennis (2012), and Osth, Dennis, and Kinnell (2014).  

Design and Procedure 

The experiment had a study phase followed by a retention interval and a test phase. Using a 

between-subjects design we manipulated (1) the length of the list, (2) the delay between 

study and test phase, (3) the type of the stimuli, and (4) the study time for each item. There 

were five list lengths (i.e., 8-, 16-, 32-, 64-, and 80-item list), two delay manipulations (i.e., 

immediate and 120-second delay), two stimulus types (i.e., word (high/low frequency) and 

fractal image), and three study time manipulations (1, 2, 4 seconds). These manipulations 
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rendered a total of 60 different conditions.  

To equate the length of the retention interval, the experimental design was a nested 

design for each study time. For each study time, the duration of the retention interval was 

controlled so that the total time spent before the test phase was identical to that of the longest 

list (i.e., 80-item list). For example, for the conditions that had a study time of one second 

without a delay, the conditions with the longest list with 80 items will have no retention 

interval, while the conditions with the shortest list with 8 items will have a retention interval of 

90 seconds (= (80 - 8) × (ISI 250 ms + presentation time 1 sec) = 72 × 1.25 sec; see Figure 

2).  

Figure 2. 

An example of the experimental design.  

 

Note. The retention interval is controlled to compensate for the difference in the duration of 

the study phase between different list lengths. For example, if the condition has a study time 

of one second without a delay, the retention interval for the 8-item list will be 90 sec (= 72 × 

1.25 sec), for the 16-item list it will be 80 sec (= 64 × 1.25 sec), for the 32-item list it will be 60 

sec (= 48 × 1.25 sec), for the 64-item list it will be 20 sec (= 16 × 1.25 sec), and there will be 

no retention interval for the 80-item list.  

 

In the study phase, participants were presented with a stimulus one at a time on the 

center of the computer screen. On a white background, words were presented in a black color 

font with size 100pt, and the fractal images were presented in its original color with the height 
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extending half of the height of the screen but restricted to less than 600px. A white blank screen 

preceded each presentation for 250ms. During the retention interval, participants were asked to 

play a card game which was similar to a two-back task with different rules (e.g, press the 

spacebar when the two cards in a row are hearts or have the same value).  

In the test phase, participants were presented with a stimulus one at a time as in the 

study phase, and were asked to decide whether they saw the stimulus in the study list (i.e., 

OLD) or not (i.e., NEW) using the j or f key on the keyboard. The two keys were randomly 

assigned to an OLD or NEW response for each participant. Half of the test items were from the 

study list and the other half were novel items that were not presented to the participants. For 

conditions with words as the stimulus type, half of the novel items were low frequency words 

and the other half were high frequency words.  

The order of the test trial was organized so that the items which were seen first in the 

study phase were tested first. We tested eight items as a group. For example, the first eight 

items in the study list were first randomly presented with eight novel items in the test phase, 

followed by the next eight items, and etc. (see Figure 2). This allowed us to control the duration 

of the retention interval when comparing across conditions with different list-length. In the test 

phase, participants were only tested up to the first 32 items in the study list. Therefore, only the 

first 32 items were tested during the test phase for the conditions that had a list length of 64 and 

80. Moreover, as the number of test items can also affect the results by generating interference 

during the test phase (i.e., output interference; Criss, Malmberg, & Shiffrin, 2011), for all 

conditions we planned to only analyze the first 16 test items, which consist of the first eight 

items from the study list and eight novel items, as this equates the total number of tested items 

and the corresponding output interference between each list-length condition.  

Before the main experiment, participants were introduced to the card game, which was 

used during the retention interval, and played the game for 30 sec so that they can be familiar 

with the game during the actual retention interval.  
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Transparency and openness 

         The data, materials, and code used in this study can be found on our OSF page 

(https://osf.io/qny2b/). 

Results 

Presence of a List Length Effect 

In order to avoid confounds regarding the difference in retention interval between list-length 

conditions, and to equate the output interference (see Method), only the first eight items and 

corresponding eight lures in each condition were analyzed (see Figure 2). For each participant’s 

data we first calculated the hit rate, false alarm rate, and discriminability (d’). As recent studies 

have shown that calculating d-prime values using a traditional SDT model can be misleading 

(Dubé, & Rotello, 2023; Levi, Rotello, & Goshen-Gottstein, 2024), we have calculated the d-

prime values using an unequal variance SDT model. The modification of the unequal variance 

model was made by setting the standard deviation of the target distribution to 1.25, which is a 

value that has been reported in previous studies that had an experimental design that allowed 

the estimation, and studies that used simulation methods (e.g., Levi, Rotello, & Goshen-

Gottstein, 2024). As we used a nested design with study time as a nested factor, all further 

analyses were conducted using a mixed-effects model with study time as a random variable to 

accommodate the nested design. Hit rates and false alarm rates were analyzed using a logistic 

regression while d’ was analyzed using a linear regression. To evaluate the case of a null effect, 

we utilized a Bayesian version of the regression model using the brms package (Bürkner, 2017; 

Carpenter et al., 2017) in R (R Core Team, 2020). Each model was run with 12 chains, where 

each chain had 10,000 samples including 5,000 warmups. Samples were converged with R-hat 

values not exceeding 1.00. All continuous independent variables were scaled for computational 

convenience before being submitted to the regression models. We evaluated the coefficient of 

the fixed effects using Bayes factors, which were calculated using Savage-Dickey ratio 

(Wagenmakers et al., 2010) with a Gaussian prior that had a mean of zero and a standard 
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deviation of one. We interpreted Bayes factor values (BF10, Bayes factor in favor of H1 over H0) 

above 3.0 as a support for an effect, while values below 1/3 were interpreted as a support for a 

null effect (Lee & Wagenmakers, 2014). 

Results show that there was a list-length effect when merging across all conditions, 

which was evident by the fact that d' decreased from 1.41 to 1.04 from the shortest to the 

longest list (BF10 = 1.95e+8; see Figure 3). Figure 3 reveals that the effect was mainly driven 

by the false alarm rate increasing with the length of the list from .24 to .38 (BF10 = 4.15e+33), 

while there was no evidence of change for the hit rates across the length of the list, where it 

was .73 at list-length-8 and .73 at list-length-80 (BF10 = .029).  

Figure 3. 

Results from the experiment showing overall list length effect. 

 

Note. The left plot shows d’ and the right plot shows hit rates (solid lines) and false alarm 

rates (dotted lines). Error-bars represent ±1 SEM. 

 

List-length by Stimulus Type 

Figure 4 shows the results broken down by each stimulus type. When analyzing the 

data including the Stimulus Type, overall results showed a list-length effect (BF10 = 619.26). 



                                   

List-length effect in recognition memory  24 

 

There were large differences in performance across stimuli that were expected: low-

frequency words showed the highest performance followed by the high-frequency words, and 

fractal images (BF10 = 187.89 between high-frequency words and fractal images; BF10 = 

2.32e+12 between high-frequency words and low-frequency words). However, there was no 

evidence for an interaction between stimulus type and list length, suggesting that there was 

no differential susceptibility to list length across the stimulus types, BF10s < .28). For each 

stimulus type, the list-length effect was driven by the false alarm rate, whereas both hit rate 

and false alarm rate differed across the stimulus types (Hit rate: List-length BF10 = .026, 

Stimulus-Type(high-freq., image) BF10 = .50, Stimulus-Type(high-freq., low-freq.) BF10 = 

1.18e+10, interactions BF10s < .05; False alarm rate: List-length BF10 = 2.59e+9, Stimulus-

Type(high-freq., image) BF10 = 1.86e+32, Stimulus-Type(high-freq., low-freq.) BF10 = 

1.34e+10, interactions BF10s < .044). While Figure 4 does appear to suggest that fractal 

images show a larger decline in performance from 1.39 to .79, this may be largely driven by 

high performance in the list-length-8 condition4. The performance difference between the 

three stimulus types are consistent with previous studies where items that are easier to 

distinguish show a better performance (e.g., words > fractal images), and items that have 

been less experienced prior to the experiment (e.g., low-frequency words > high-frequency 

words) show better performance (Kinnell & Dennis, 2012; Osth, Dennis, & Kinnell, 2014; Osth 

& Dennis, 2015). 

Figure 4. 

Results from the experiment showing the list length effect by stimulus type. 

                                                           
4 As it is possible that the word-frequency effect obscured the interaction, we have additionally analyzed the data 

by merging the low-, and high-frequency words into a WORDS factor. The interaction was still not showing, where 
the BF for the interaction was .73. 
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Note. The left plot shows d’ and the right plot shows hit rates (solid lines) and false alarm 

rates (dotted lines). Error-bars represent ±1 SEM. 

 

List-length by Study-Test Delay 

When including the study-test delay to the analysis there was an overall list length 

effect (BF10 = 6.52e+7). When the results were examined by different study-test delays the 

120 sec delay condition (average d’ = 1.16) showed a worse performance than the immediate 

condition (average d’ = 1.28; BF10 = 16.69). However, there was no evidence for an 

interaction between study-test delay and list length (BF10 = .02; see Figure 5), where the list-

length increased the d’ dropped from 1.50 to 1.14 for the immediate condition, and 1.31 to .94 

for the 120sec delay condition. The list-length effect was mainly driven by an increase in the 

false alarm rate with list-length, where the d’ increased from .22 to .36 for the immediate 

condition and .25 to .39 for the delayed condition, while the effect of delay was slightly more 

driven a decrease in the hit rate with increases in the study-test delay, where the average hit 

rate was .76 for the immediate condition, and .73 for the delayed condition (Hit rate: List-

Length BF10 = .030, Delay BF10 = 56.49, interaction BF10 = .018; False alarm rate: List-Length 

BF10 = 6.56e+19, Delay BF10 = .05, interaction BF10 = .012). The study-test delay was 

previously hypothesized to encourage context reinstatement in long list conditions to better 
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match the beginning of list items, which are the focus of our analysis (Dennis et al., 2008). 

However, we found no evidence for this hypothesis in these analyses as there was no 

evidence for an interaction between list-length and delay. 

Figure 5. 

Results from the experiment showing the list length effect by delay. 

 

Note. The left plot shows d’ and the right plot shows hit rates (solid lines) and false alarm 

rates (dotted lines). Error-bars represent ±1 SEM. 

 

List-length by Study Time 

Finally, we examined the results by study time (see Figure 6). In the current design, 

since not all manipulations can be controlled at once without a confound, the study time 

manipulation was confounded with the retention interval, where a longer study time will render 

a longer retention interval. Therefore, controlling the study time through the mixed effect 

analysis as with other variables will not enable us to examine the effect for Study-Time, and 

only leave the confounded effect of retention interval. The difference shown in Figure 6 is a 

result of the study time effect confounded with the retention interval5. With the caveat in mind, 

                                                           
5 Analyzing the List-Length effect across the Study-Time manipulation is equivalent to the first analysis that 

examines the overall effect since the Study-Time has been included as a random effect. 
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we analyzed the data without the random effect term (i.e., Study-Time), which becomes a 

traditional linear/logistic regression. We see that d' increased as Study-Time increased, 

although the effects were not large, where the average d’ was 1.15 in the 1sec condition, 1.24 

in the 2sec condition, and 1.28 in the 4sec condition. There was also evidence for a list-length 

effect (List-Length BF10 = 7.20e+8; Study-Time BF10 = 8.11; interaction BF10 = .02). Both 

effects are mainly driven by the false alarm rate, where the average false alarm rate dropped 

from .34 in the 1sec condition, .32 in the 2sec condition, and .30 in the 4sec condition, and 

the average false alarm rate increased from .24 in the list-length-8 condition to .38 in the list-

length-80 condition (Hit rate: List-Length BF10 = .03; Study-Time BF10 = .049; interaction BF10 

= .30; False alarm rate: List-Length BF10 = 1.04e+22; Study-Time BF10 = 644.80; interaction 

BF10 = .017). The lack of an effect of study time on the hit rate is surprising given that past 

studies that have manipulated study time across lists have consistently observed both higher 

hit rates and lower false alarm rates in lists with longer presentation times (e.g., Hirshman, 

1995). 

Figure 6. 

Results from the experiment showing the list length effect by study time. 

 

Note. The left plot shows d’ and the right plot shows hit rates (solid lines) and false alarm 

rates (dotted lines). Error-bars represent ±1 SEM. 
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Comparing the Factors 

We additionally compared the factors by employing a full model comparison approach. 

We used a Bayesian linear regression where the dependent variable was d-prime. We started 

with list length as a sole factor, and then added different factors in all combinations. Then we 

used the Bayesian efficient approximate leave-one-out cross-validation (LOO) estimate of the 

expected log pointwise predictive density (elpd_loo) to compare each model. The results can 

be summarized in Table 2, which is ordered by elpd_loo, where a higher value indicates a 

better model. The model with all three variables (delay, study time, stimulus type) was the 

best model. Interestingly, the model with stimulus type is better than the model with two 

variables (i.e., delay and study time), implying that stimulus type is an important factor in 

explaining the current data set. 

 

      We did not include interactions as we did not find evidence for interactions between the 

factors and the list-length. However, including two-way interaction terms between the factors 

and list-length did not change the order of the result.  

 

 

 

Estimating the functional relationship between list length and discriminability 
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The results in the previous section clearly indicated the presence of a list-length effect across 

all conditions. Our other manipulations of study-test delay, stimulus type, and study time all 

affected performance, but we were not able to detect any interactions with list-length. In this 

section, we further investigated the data by examining different functions that best 

characterizes the list-length effect. As the current study examines the list-length effect across 

four list-length conditions, it provides ample opportunity to characterize the functional 

relationship between list-length and memory performance There have been different functions 

used in the memory literature to explain the forgetting or interference curves (e.g., Anderson 

et al., 1998; Averell & Heathcote, 2011; Wixted & Ebbesen, 1991). We focused on examining 

the exponential function, power function, and the square-root function as follows.   

𝑑′ = 𝛼  ×  𝑒𝑥𝑝(−𝛽  ×  𝐿) (1) 

𝑑′ =  𝛼  × 𝐿−𝛽  (2) 

𝑑′ =  𝛼  − 𝛽  ×  √𝐿 
 

(3) 

where d’ is the discriminability, L is the length of the list, and α, β are positive free parameters 

of the functions. Then d’ was converted into hit rates and false alarm rates based on unequal 

variance signal detection theory (Dubé, & Rotello, 2023; Levi, Rotello, & Goshen-Gottstein, 

2024) that was used for the behavioral analyses in the previous section as follows. 

Hit rate = Φ(d’/2 – c, scale = 1.25) (4) 

False alarm rate = Φ(-d’/2 - c) 
 

(5) 

where Φ is the Gaussian cumulative density function, and c (response-bias) is a free 

parameter for each list-length. Therefore, for each condition, there were two free parameters 

for the function (i.e., α, β), and five free parameters for the response-bias (i.e., c1 ~ c5) used in 

the signal detection theory model. We fixed the decay parameter (β), and only varied the 

scale parameter (α) across the conditions to capture the different levels of performance. We 

could find no a priori theoretical reason to vary the decay parameter across conditions, and 
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the previous analyses demonstrated that the list length effect was of comparable magnitude 

across conditions. Therefore, there were 109 free parameters for each function (i.e., 1 decay 

parameter, 18 scale parameter, 90 (=18 × 5) response-bias parameters).  We estimated the 

parameters using maximum-likelihood on the hit rates and false alarm rates. 

Results showed that the square root function provided the best fit (summed log-

likelihood = -600.90) compared to the exponential (summed log-likelihood = -609.71), and 

power functions (summed log-likelihood = -614.16; see Figure 7). The log-likelihood and fits 

for each function by condition are presented in Table A1 of Appendix A. The functions were 

also fit using an equal variance signal detection theory, where the results did not show a 

qualitative difference (see Table A2 in Appendix A for the log likelihoods by condition). 

Because each model has the same number of parameters, the rank order of the models 

is the same when the models are compared using the Akaike information criterion (AIC). 

However, we did find a superior value of AIC for our square root model with a single 

estimated decay rate parameter compared to a square root model where the decay rate was 

varied across all experimental conditions (AIC when the decay parameter was fixed: 1419.8; 

AIC when the decay parameter was varied across all conditions: 1432.21).  

While the square root function captured the data the best, inspection of Figure 7 shows 

that all three functions nevertheless capture the data reasonably well. However, the square 

root function captured the initial performance drop better than the other two functions. The 

prediction of the initial performance drop (i.e., list-length 8 to 32) was too steep for the power 

function, and too shallow for the exponential function. These results support global matching 

models of recognition memory, which predict square root relationships between list length 

and discriminability. 

An important caveat of the present work is that the fits were to group-level data. It is 

generally advocated to fit to individual participant data instead, as group-averaged functions 



                                   

List-length effect in recognition memory  31 

 

can sometimes bear almost no resemblance to those from individual participants (Estes & 

Maddox, 1995; Heathcote, Brown, & Mewhort, 2000). However, because each of our 

experimental manipulations are between subjects, participants were only tested on a single 

list length condition with a single stimulus type, study time, and forgetting interval. Thus, we 

are unable to test functional relationships between the set of list lengths and discriminability at 

the level of individual participants. 

Figure 7. 

Fits for the three functions averaged across 18 conditions. 

 

Note. Dots represent data and the three lines represent the best fitting curve for each 

function. The error bars represent ±1 standard error of mean. 

 

Estimates of Interference from the Osth and Dennis (2015) Model 

The current experiment provides strong evidence for a list-length effect, which supports the 
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item-noise account in recognition memory. However, as recent studies show, both item-noise 

and context-noise contribute to recognition memory (e.g., Criss & Shiffrin, 2004; Fox et al., 

2020; Osth & Dennis, 2015), and there will be a portion of interference that will be contributed 

by context-noise in the current data set. Using the global matching framework, many 

computational models have been proposed to understand the list-length effect and their 

underlying mechanisms. However, we used a computational model developed by Osth and 

Dennis (2015), as it can decompose the contribution of different sources of noise components 

(i.e., item-noise, context-noise, and background-noise) in the current experiment as well as 

estimate the latent variable that are assumed to be responsible for the noises (i.e., 

confusability between items and contexts).  The model bears a strong resemblance to the 

matrix model of Humphreys, Bain, and Pike (1989), and assumes that items and contexts are 

represented independently. We acknowledge that the results can change with different 

modeling assumptions (see Howard & Kahana, 2002 for an alternative view of context).  

Model Equations and Parameters 

We will start by describing the model on the conceptual level. First, the model assumes 

that the item and the context are stored together each time one encounters an event. Second, 

when the cue is presented at test as a combination of the item and the context such as “did 

you meet Simon at the conference yesterday?”, the cue is compared to all stored memories 

and the similarity strength (or familiarity) value is calculated. When the sum of these strength 

values is above a certain criterion, the model will make a decision that the item and context 

information was stored before, and that the stored event was experienced (e.g., I met Simon 

at the conference yesterday). Third, the model can additionally decompose different sources 

of noises by calculating the similarity value separately depending on the content of the stored 

memory. For example, when the similarities of the cue and the stored memories that match 

the context in the cue (e.g., different people one met at yesterday’s conference) are 
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calculated, the sum of these similarities becomes the item-noise. In a similar fashion, the sum 

of the similarities between the cue and the stored memories that match the item in the cue 

(e.g., meeting Simon in different contexts) becomes the context-noise. Finally, the model 

calculates these familiarity values by estimating how distinctive the cue and stored memory 

are using a signal detection theory framework. Below we provide a more detailed version of 

the model description. 

The model assumes the items (I) and contexts (C) are represented as vectors and the 

binding between the two are constructed as an outer product of the two vectors. Each 

experienced event (i.e., the outer product of I and C) is multiplied by a learning rate (r) and 

summed across other events to construct a summed memory representation (or memory 

storage) M (see Equation 6). 

𝑀 = ∑

𝑡 ∊𝐿

𝑟 (𝐼𝑡 ⊗ 𝐶𝑠 ) 

 

(6) 

where t represents each item in the study list in the experiment, and s is the context of the 

study phase. In the test phase, when an item is presented, the model takes an outer product 

between the presented item and cued context (i.e., study phase) and calculates a dot product 

with the memory storage M to produce the familiarity (s; or strength) value. 

𝑠 =  (𝐼𝑡
′ ⊗ 𝐶𝑠

′) ∙ 𝑀 
 

(7) 

where the prime marks on the item and context representations indicate that the presented 

item and context may not be identical to the one stored in the memory storage. If the 

familiarity value (s) is above a certain criterion, a ‘Yes’ response will be made and if not a ‘No’ 

response will be made. As M includes both traces that match and mis-match the cue 

presented at test, the familiarity value (s) contains both signal and noise and will make the 

response a probabilistic process (c.f., signal detection theory; Green & Swets, 1966). 
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Equation 7 can be further decomposed into the similarity of the item and context cues to 

the item and context representations stored in memory (see Appendix B for the exact 

derivations). Each representation in memory can be categorized on the basis of its match or 

mismatch to the item and context cues. For example, assume that the item presented at test 

was presented during the study phase. Then, there will be a memory trace in M that matches 

the item representation component and the context representation component, which is called 

self-match. Additionally, M will contain items that were presented during the study phase but 

are not currently presented at test. These items match the context representation component, 

but mis-match the item representation component, and will produce item-noise.  M will also 

include items that were not experienced during the study phase, but experienced outside of 

the experimental context (e.g., words that one knows but were not presented in the study 

phase). These representations will match the item representation component but mis-match 

the context representation component, and will generate context-noise. Finally, there will be 

memory traces that both mis-match on the item and context representation components, and 

will produce background-noise. 

The four similarity components described above contribute to forming the target 

distribution (i.e., items that were studied item) and the lure distribution (i.e., items that were not 

studied) in the SDT framework. The full description of the target and lure distributions in terms of 

its mean and variance is shown below: 

μtarget  = r μtt μss 
 
μlure = 0 
 
 
σtarget

2  = r2 [(σtt
2
 + μtt

2) (σss
2
 + μss

2) - (μtt
2∙μss

2)]   …. Self Match 
 

+ r2 (L-1) [σti
2 (σss

2
 + μss

2)]                      …. Item Noise 

+ (ρμtt
2) + (ρσtt

2)                                 …. Context Noise 

 

 

(8) 
 
 
 
 
(9) 
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+ β                                                       …. Background Noise 

 
σlure

2 = r2 L [σti
2 (σss

2
 + μss

2)]                           …. Item Noise 
   

+ (ρμtt
2) + (ρσtt

2)                                 …. Context Noise 

+ β                                                       …. Background Noise 

 
 
(10) 

 

One should note that these equations are considerably simplified (see Appendix B) as 

the means of the mismatch distributions were set to zero. The target distribution is a sum of the 

self-match, item noise, context noise, and background noise components. The lure distribution, 

in contrast, lacks the self-match component. The mean of the target distribution (μold) is 

simplified to a multiplication of the learning rate r and the context match μss. In our experiments, 

the learning rate varies across the study time conditions. The context match can be 

conceptualized as the extent to which the context cues at test have drifted or changed from the 

original study list context and for this reason can vary across delays. In our experiments, this 

parameter was fixed to 1 in the immediate condition and varies in the delayed condition.  

Because the means of the mismatch distributions are fixed to zero, the mean of the lure 

distribution is simply zero. It should also be mentioned that many memory models also have lure 

distributions with a mean around zero, which can occur if the vectors are zero-centered (e.g., 

Murdock, 1982; Hintzman, 1988) 

The variance of the target distribution first includes the self-match component (see first 

row of Equation 9), which is a multiplication between item match (σtt) and context match (σss). 

These parameters can reflect the variability in the encoding of the item and context vectors, 

respectively, and have the practical consequence of increasing the variability of targets relative 

to lures (Osth & Dennis, 2015; Osth et al.., 2018). However, given that our experiments do not 

contain confidence ratings, we have fixed these parameters based on prior applications.  
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The item-noise component is the multiplication between the number of list items L, the 

item mis-match (σti) variability, and context match (σss; see second row of Equation 9) variability 

parameters. The item mismatch variability parameter is what principally causes item-noise in the 

model and reflects the variability in the similarity between item representations. As this 

parameter approaches zero, the entire term drops to zero, eliminating both list-length effects 

and item-noise. Conversely, as this parameter increases, the list-length effect becomes more 

pronounced. Following prior applications (e.g., Osth & Dennis, 2015), we allow this parameter to 

vary across words and non-word images.  

The context-noise is the multiplication between the item match variability (σtt), and 

context mis-match variability (ρ) parameters. While in principle this would multiply by the 

number of times a cue word has been experienced, this is unknown (although rough estimates 

can be supplied instead, see Yim et al., 2022). Instead, we follow previous approaches and vary 

\rho across high and low frequency words to capture their different degrees of pre-experimental 

interference. Context-noise was fixed to zero for the fractal images as it was assumed that 

these are extremely unlikely for the participants to have seen prior to the experiment. The 

participants may have previously seen images that resemble the fractal images, however, but 

this is best captured by the background-noise term. 

In principle, the background-noise – which reflects the interference from items outside 

the study list in other contexts (e.g., all other memories) –  is a multiplication of the item 

mismatch variability, context mismatch variability, and the total number of experienced words. 

Because we are less interested in the total number of times a word has been experienced than 

in the interference contributions themselves, we followed previous applications and reduced the 

background noise contribution to a single parameter (β). We allowed β  to vary across words 

and non-word images to reflect the fact that different stimulus representations may be more 

similar to the contents of memory as a whole. Specifically, we fixed β  to .05 for words (based 
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on previous investigations; Osth et al., 2018a, 2018b) and freely estimated this parameter for 

non-word images. 

We further apply a likelihood ratio (λ) transformation of the memory strength distributions 

above (Glanzer et al., 2009; Osth et al., 2017) in order to capture mirror effects (Glanzer & 

Adams, 1985, 1990). We compute the likelihood ratio distributions using discriminability (d) and 

relative variance of the target distribution (S) in SDT.  For item recognition the transformation 

follows 

 
d = μtarget / σlure 
 
S = σtarget / σlure 

 

the means and standard deviations of λ are: 

 

μλ_lure = -[ (d2/2)∙{(S2 + 3)/(4∙S2)} + log(S) ] 
μλ_target  = d2∙{(S2+1)/(2S2)} + μλ_lure 
σλ_lure = d∙{(S2+1)/(2S2)} 
σλ_target  = S∙σλ_lure 

 

 

(11) 

 

Then, the hit rate and false alarm rate can be derived by Equations 12.  

 

Hit rate = 1- Φ(c, μλ_target , σλ_target) 
False alarm rate = 1- Φ(c, μλ_lure , σλ_lure) 

 

(12) 

where Φ is a normal cumulative density function, c (criterion) is a free parameter. 

 

The Fitting Procedure 

While previous explorations of the Osth and Dennis (2015) model have generally fit 

individual participants with hierarchical Bayesian methods (Fox & Osth, 2024; Fox, Dennis, & 

Osth, 2020; Osth & Dennis, 2015; Osth, Jansson, Dennis, & Heathcote, 2018; Osth, Fox, 

McKague, Dennis, & Heathcote, 2018; Yim et al., 2022), a problem with this approach is that 

we have a very large number of participants with a small number of observations from each 

https://www.zotero.org/google-docs/?broken=EjDNnr
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participant. Thus, it is not clear whether there is sufficient constraint on the model at the 

participant level, and the large number of participants can produce very lengthy convergence 

times. 

Instead, we fit group-averaged performance from the current data using maximum 

likelihood estimation, where all 60 conditions were fit at once using 13 free parameters. As 

the purpose of using the model in the current study was to decompose different noise 

components, we present the model results focused on the noise components (see Appendix 

C for details of the estimated parameters). The model fitted the data well with a log-likelihood 

of -750.18. Figure 8 reveals that the model reasonably captures performance in each of the 

conditions within our experiment, where the most obvious deflections are likely due to noise. 

 

Figure 8. 

Fits of the model across different conditions.  
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Note. The blue crosses represent data and the yellow dots connected with lines represent 

predictions generated by the model with the best fitting parameters. The title of each plot 

presents the stimulus type, study time (stime), and delay of the condition. Error bars 
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represent ±1 standard error of mean. 

 

 

Figure 9. 

Item-noise (as variance in the model) decomposed by the model. 

 

Note. Different colors represent different list lengths, the solid line represents conditions 

without a delay while the dotted line represents conditions with a 120 sec delay. (A) from 

conditions that used words as stimuli, and (B) from conditions that used fractal images as 

stimuli.  

 

Interference Estimates 

The different terms in Equations 9 and 10 allow us to calculate the variance from each 

of the interference contributions, which are shown in Figure 9. Item-noise increases linearly 

with longer study time and list-length (note that d’ is not predicted to decline in a linear fashion 

because it is on a standard deviation scale) and also decreases with a longer delay. Although 

the general pattern between conditions when using words and fractal images were not 

different, item-noise was greater for conditions that used fractal images. Context-noise was 

only estimated for words as the model assumes that the exact fractal images presented in the 

experiment will not have been seen before in the experiment (see Figure 10A and B). The 

amount of context-noise was, in general, greater than the item-noise for words.  
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The relative contribution of different noise components can be visually shown when 

plotting the proportion of different noise components. Contrary to the results of Osth and 

Dennis (2015) – who showed near-zero estimates of item-noise for words and small 

estimates of item-noise for fractal images  – Figure 11 shows more substantial estimates of 

item-noise for all stimuli. For fractal images, item-noise is nearly all of the total interference, 

and for low frequency words, the item-noise is nearly half.  While there were small estimates 

of background-noise, there were substantial estimates of context-noise for low frequency 

words. 

 

Figure 10. 

Different kinds of noise (as variance in the model) decomposed by the model. 

 

Note. Different colors represent different list lengths, the solid line represents conditions 

without a delay while the dotted line represents conditions with a 120 sec delay. (A) item 

noise from conditions that used words as stimuli (see Figure 9 for item-noise estimated in 

conditions that used fractal images as stimuli), (B) context-noise in the words conditions 

divided by high-frequency words and low-frequency words (note that the model assumes that 

the exact fractal images have not been experience prior to the experiment and that there will 

be no context-noise for the fractal images), and (C) background-noise for the word conditions 
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and the fractal image conditions.  

 

 

Figure 11. 

Proportion of different noise (as variance in the model) components. 

 

Note. Each plot shows the proportion of different noise components across different stimuli 

conditions (high frequency word, low frequency word, fractal image). Item noise is in red, 

context noise is in yellow and background noise is in blue. The first column shows the case 

for a 0-second-delay condition, and the second column shows the case of a 120-sec-delay 

condition. All plots show the case for study time of 1 sec and a list length of 80. The 

proportion of different noise in other study times and list conditions are presented in Appendix 

D.  

 

General Discussion 

In the current study, we re-examined the list-length effect with controlling the confounds that 

have been identified in the literature. We also collected a large sample (N = 3,612) with 

manipulating various factors such as the length of the list, delay between the study phase and 

test phase, study time of each item, and the type of the stimulus, which allowed us to 

systematically test the robustness of the effect. We found clear evidence for a list-length 

effect, and there were no interactions between the factors we manipulated. The change in 

performance across the length of the list (i.e., list-length effect) was best described by the 

square root relationship between memory performance and list length. The existence of the 
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list-length effect implies that item-noise (i.e., interference generated by other items in the 

study list) is contributing to the total interference generated during recognition memory. This 

was confirmed by parameter estimation using the Osth and Dennis (2015) model, which 

found substantial estimates of item-noise. Most importantly, the current study provides clear 

evidence for a list-length effect while employing a comprehensive set of controls. Table 1 in 

our Introduction shows that list length effects vary widely across published studies, and a 

number of hypotheses have been put forward to explain variations in these patterns. Our 

results provide further support to the idea that the null list-length effects shown in previous 

studies may have stemmed from the proactive interference from previous lists in a multi-cycle 

design (Brandt et al., 2019; Fox et al., 2020). The current study was able to control the 

proactive interference from the previous list by only testing one study-test cycle per 

participant, but collecting a large sample size to compensate for statistical power. The fact 

that the list length condition was present in all conditions provides further support to the 

finding that list length effects are present for the first tested list. 

 Benefitting from a radical randomization design (Baribault et al., 2018), the results also 

showed that the list-length effect is robust as the effect is shown across 18 different 

experimental conditions – which span manipulations of stimulus type, study time, and study-

test delay, and testing five different list lengths (i.e., 8, 16, 32, 64, and 80). We will review the 

theoretical relevance for each of these hypotheses below. 

Are there moderators of the list-length effect? 

 As mentioned previously, Dennis et al. (2008) hypothesized that list length effects may 

be more evident with shorter study-test delays as this discourages participants in the long list 

condition from using context reinstatement and using an end-of-list context cue, which may 

selectively favor the recency items. We found no evidence for this hypothesis here, as the list 

length effect was of roughly equal magnitude for both the immediate testing and 120 second 
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delay conditions.  

 Kinnell and Dennis (2012) hypothesized that non-word stimuli such as fractals may be 

more susceptible to item-noise – and therefore list-length effects – due to their higher inter-

item similarity and difficulty in constructing a unitized representation. Kinnell and Dennis 

(2012) reported list-length effects for fractals using the same controls advocated by Dennis et 

al. (2008) which produced null effects, and concluded that fractal images may be more 

susceptible to list-length effects than words. Our study shows no evidence for this hypothesis, 

as list-length effects were of comparable magnitude for both fractal and word stimuli, despite 

the fact that fractals clearly performed worse than word stimuli.  

 While study time has not generally been previously hypothesized to be responsible for 

list-length effects, we manipulated study time as the studies of Dennis and colleagues have 

generally used longer presentation times (~2.5 seconds per item). In addition, differentiation 

models make a prediction that item-noise is reduced as study time is increased. We found 

that list-length effects were comparable across all study time conditions, so it is not likely the 

case that studies that were unable to find a list-length effect was because of longer 

presentation times. 

 We do not mean to suggest that there are no moderators of the list length effect. A 

recent study by Kilic et al. (2020) found that list length effects were considerably larger when 

feedback was presented after recognition decisions in the test phase. Kilic et al. attributed 

their results to the fact that the feedback itself can be a source of interference which can 

prevent differentiation from occurring during the test phase. However, an important caveat is 

that they did not use a between subjects manipulation of list length. We are unable to 

investigate whether this result generalizes to between subjects designs as in our study as no 

feedback was present during recognition decisions in any of our experimental conditions. 

The Functional Relationship Between List Length and Discriminability 
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 Another advantage of our design is that we manipulated list length across five conditions 

that spanned a ten-fold increase in list length from the shortest to the longest list. The vast 

majority of the studies that examine the list-length effect rely on two list lengths (i.e., short list 

vs. long list). However, measuring a continuous effect with two data points can be insufficient 

for identifying a functional relationship, especially when the effect follows a nonlinear function 

as in the current case. Using five different list lengths allowed us to examine the function of 

the list-length effect, which has shown to be best described by the square root function. While 

power law functions are often popular in describing forgetting functions (e.g., Anderson & 

Schooler, 1991; Averell & Heathcote, 2011; Wixted & Ebbesen, 1991; but also see Osth & 

Farrell, 2019), the relationship between list length and memory performance would not be 

expected to follow the same relationship a priori. In our design, the retention interval for all 

tested studied items was kept constant across all list length conditions, whereas studies of 

forgetting function are principally focused on varying the retention interval across a wide 

range and quantifying the relationship between the retention intervals and memory 

performance. 

 Instead, global matching theories posit that each item in memory contributes a variance 

term to the memory strengths of targets and lures. Because memory strength is produced by 

summing the similarity across all items in memory, this variance increases linearly with list 

length. Since d’ is on a standard deviation scale, performance declines as a square root 

function of the number of studied items in memory. 

Implications for the Sources of Interference in Recognition Memory 

 The first application of the Osth and Dennis (2015) model – which can measure sources 

of interference such as item-noise, context-noise, and background-noise – estimated a near-

zero contribution of item-noise for words and a larger, but still minimal contribution for fractal 

images. While the model was fit to ten datasets simultaneously to produce these estimates, it 
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is important to note that the model was applied to four list-length experiments where list-length 

was manipulated within-subjects. 

 The current work fits the same model to a large set of conditions where list-length was 

manipulated between subjects, where list-length has been clearly demonstrated to exert a 

larger effect on recognition memory performance. In this particular case, we observed far more 

substantial estimates of item-noise, including a near totality of item-noise for fractal images 

and a large and substantial contribution for low frequency words. The larger estimates of item-

noise for fractal images are consistent with the findings of Osth and Dennis (2015), and may 

reflect the fact that these stimuli have considerably greater inter-item similarity than words do. 

However, it should be emphasized that the specific role of item-noise in our experiments was 

estimated to be considerably larger than the Osth and Dennis (2015) modeling, and further 

undermine the viability of a pure context-noise model in explaining recognition memory data 

(e.g., Dennis & Humphreys, 2001). 

 An immediate thought would be that it would be worthwhile to compare our modeling 

exercise to a within-subjects manipulation of the same data. However, we did not collect 

within-subjects manipulations of list-length in these experiments, making such a comparison 

impossible. However, prior work by Fox et al. (2020) provides us with some indication of what 

such a modeling exercise would produce. Fox et al. (2020) manipulated list-length within 

subjects in a single experiment, but fit the Osth and Dennis (2015) model to data using two 

different methods. The first method was similar to the original exercise - all of the within-

subjects data were fit, but no memories were assumed to be acquired during the experiment, 

reflecting the assumption that the short and long list conditions were independent of each 

other. This method estimated very low estimates of item-noise. 

 The second method involved fitting the list-length conditions sequentially in their order of 

testing, such that the memories of one list-length condition provided interference for the next 
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tested list-length condition. In other words, if a participant was tested on a short list of 20 items 

followed by a long list of 80 items, when the model fit to the performance from the long list, it 

was assumed that the 20 items from the short list were still present in memory (an assumption 

not present in the first method, or in the original Osth and Dennis work). While such a 

modeling endeavor seems straightforward, assuming proactive interference from prior tested 

lists is rarely implemented in practice as it considerably increases the computation time and 

complexity of the modeling exercise (see Lohnas, Polyn, and Kahana, 2015, for an exception). 

This within-experiment accumulation of interference enabled the model to capture the change 

in the size of the list-length effect as the experiment progressed - specifically a large list-length 

effect on the first tested list and a null list-length effect on the second (e.g., Brandt et al., 

2009).  What was of direct theoretical interest, however, was the fact that the conclusions 

about interference essentially reversed using this method. Specifically, large estimates of item-

noise were obtained, suggesting that item-noise may exceed context- and background-noise. 

The present work partly generalizes the conclusions of Fox et al. (2020) to a much larger 

range of experimental conditions (manipulations of study time and retention interval) along with 

an additional stimulus class (fractal images). 

 Another implication of this recent body of work is that it clearly demonstrates the viability 

of the list-length paradigm in discriminating between models of memory. A paper by Annis, 

Lenes, Westfall, Criss, and Malmberg (2015) made an argument to the contrary – that list-

length manipulations do not fundamentally discriminate between memory models. This 

argument was based on a re-analysis of the Dennis et al. (2008) data, in which they argued 

that the original REM model – a pure item-noise model – provides a satisfactory account of the 

null list-length effect in their data due to the model predicting a relatively small list-length effect 

in that case. Furthermore, they found that the Bayesian model Dennis et al. (2008) employed 

could not discriminate between data generated from the REM model and the bind-cue-decide 
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model of episodic memory (BCDMEM: Dennis & Humphreys, 2001), which is a pure context-

noise model. 

 We do not fundamentally disagree with the results or modeling from the Annis et al. 

(2015) paper. Instead, we would like to argue that their conclusions may be limited to the 

dataset that they had analyzed, namely the data of Dennis et al. (2008). This dataset was a 

within-subjects analysis of list-length, which at best produced a small effect of list-length. We 

strongly suspect that the REM and BCMDEM models would make more divergent predictions 

in datasets such as the ones included in the current investigation, which demonstrated reliable 

and larger effects of list-length. We would also like to point out that the Dennis et al. (2008) 

data were also included in the Osth and Dennis (2015) modeling procedure, which had 

estimated near-zero estimates of item-noise. The fact that the same model estimated a much 

larger contribution of item-noise in the present work demonstrates just how critical the choice 

of data is in discriminating between different models’ predictions about list-length 

manipulations. 

 Nonetheless, further research is required to test whether the greater contributions of 

item-noise estimated here can be generalized outside of the laboratory. We have 

demonstrated here and elsewhere that item-noise depends on the type of item used in the 

study (e.g., Kinnell & Dennis, 2012; Osth, Dennis, & Kinnell, 2014; Osth & Dennis, 2015), 

which is related to the confusability (or similarity) between the items. Therefore, it is possible 

that stimuli that are more likely to be retrieved in the real world, such as the location of an 

event (e.g., ‘where were you at 5pm?’) or the time of an event (e.g., ‘when were you here last 

time?’), may have higher similarity, which would lead to greater item-noise. Since, memory 

studies examining real-word stimuli have shown both evidence for and against theories that 

were built upon laboratory studies (e.g., Dennis, Yim, Garrett, et al., 2018; Dennis, Yim, 

Sreekumar, et al., 2018; Laliberte et al., 2021; Yim et al., 2024), examining the current findings 

https://www.zotero.org/google-docs/?broken=VAyd2B
https://www.zotero.org/google-docs/?broken=jDXvQo
https://www.zotero.org/google-docs/?broken=jDXvQo
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beyond the laboratory will be valuable for a better understanding of how forgetting happens. 

 It is also worth noting that the division of labor between item-noise, context-noise, and 

background-noise may not be fixed. With more experience and learning, items, and possibly 

contexts, can become more discriminable from each other. For instance, some studies that 

have employed extensive training with unfamiliar words or non-word have found that 

recognition memory performance improves over the course of familiarization (Chalmers & 

Humphreys, 1998; Reder et al., 2002). Relatedly, a recent developmental study using the Osth 

and Dennis (2015) model shows that when using words as stimuli, item-noise is greater than 

context-noise at the age of four while context-noise becomes more dominant at the age of 

seven (Yim et al., 2022). 

List-length effect in the dual-process framework 

 Although  the current study assumes a single-process model of recognition in explaining 

the mechanisms underlying the list-length effect, it is worthwhile to consider a dual-process 

assumption of recognition memory, where recognition is assumed to involve two separate 

processes – recollection and familiarity (Yonelinas, 2002; Diana et al., 2006). While many dual 

process models exist, the Source of Activation and Confusion (SAC) model (Cary, & Reder, 

2003, Reder, et al., 2000) is the only process model that we are aware of that explains the list-

length effect in a dual-process framework. The SAC model assumes that items and contexts 

are represented as nodes, where learning involves creating links between nodes, and retrieval 

involves a spreading activation process with comparing the activation level to a set of 

thresholds. During study, the activation level of the concept node increases, which represents 

the item. Additionally, an event node for each item is created and is linked to the 

corresponding item’s concept node as well as the context node, which represents the current 

list context and is shared across all items. At test, when the probe item and the list context are 

presented, the probe item’s concept node as well as the context node are activated and 

https://www.zotero.org/google-docs/?broken=SiIyDu
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spread their activation. If the probe item is a target, the item’s event node will receive 

activation from the probe item’s concept node as well as the context node. If the activation 

level of the event node, which is linked to both the concept node and context node, surpasses 

the event node threshold, a recollection-based recognition is made as the study episode (both 

item and context) was retrieved by the probe item. If the event node is not sufficiently 

activated, the decision is based on the activation of the concept node (i.e., item representation) 

itself, which resembles a familiarity-based recognition as context information is not used. 

 The list-length effect is predicted because the context node in the long list shares more 

event nodes than in the short list. Due to the spreading activation mechanism, nodes with 

more connection links have attenuated activation strengths for each link. Therefore, the 

activation strength to the event node (via activation through the concept and context nodes) in 

the long list will be weaker than that in the short list, which will decrease the likelihood of the 

activation to surpass the event node threshold, and decrease the likelihood of a recollection-

based recognition (note that the activation from the concept node will be equal for both the 

long and short lists). If a recollection-based recognition fails, a decision will be made by the 

threshold for the concept node (item), which is familiarity-based.  

  In short, the SAC model attributes the decline in discriminability with increasing list 

length to decreased recollection of each item’s event node due to the spreading activation 

across all of the list items. In some sense, this resembles item-noise in our framework, with the 

exception being that in SAC there is increased competition between the items, whereas in 

global matching models increases in list-length increase the variance of the global match 

signal due to between-item similarity. SAC’s concept nodes additionally resemble context-

noise, because the concept nodes contain activations from pre-experimental encounters with 

the items and will be higher for high frequency words. A key distinction of the SAC model is 

that list length impairments should primarily be observed for recollection-based responses, 
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such as “remember” responses in the remember-know paradigm. We did not collect data using 

the remember-know procedure in our design, so we cannot verify the model’s prediction. 

However, collection of such data may not be fruitful because “remember” and “know” 

responses in item recognition tasks have been found to be well explained by a single 

dimension and do not require multiple processes or latent variables to explain (Donaldson, 

1996; Dunn, 2004; Dunn, 2008; Wixted & Stretch, 2004). Thus, it is unlikely that the 

remember-know procedure can be used to distinguish between the SAC interpretation of the 

list-length effect from that of global matching models. Another difference in the SAC model 

compared to our approach is that recollection, which is the main source of the list-length effect, 

involves both item and context representations as an event node. Therefore, it is unable to 

distinguish the contribution of items (i.e. item-noise), and contexts (i.e. context-noise). 

Conclusions 

 In conclusion, the current study found clear evidence for a list-length effect in 

recognition memory using sixty different conditions that controlled previous confounds, and 

which examined over 3,600 participants. Based on the large data set, we were able to show 

that the list-length effect is best described by a square root function, which is supported by 

the fact that the d’ is on a standard deviation scale. Moreover, using the Osth, and Dennis 

(2015) model, we decomposed the division of labor across different sources of interference. 

Modeling results showed that although item-noise does exist, in general, there is a greater 

amount of context noise during recognition memory. 

Constraints on Generality 

 Although our participants were adults from English speaking cultures, we believe that 

the results will generalize to different languages and cultures as our study examines basic 

human cognitive ability. Moreover, our experiment examined 60 different conditions with more 

than 3,600 participants, and different stimuli showed different levels of performance without 
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interactions with the list-length effect. The modeling results also showed different amounts of 

item- and background-noise. These results provide strong evidence for a list-length effect, 

which supports the contribution of item-noise in recognition memory. However, as discussed 

in the General Discussion section, different types of stimuli have differences in their similarity 

structure, which would yield a difference in the exact contribution between item-noise and 

context-noise. Therefore, future research using different types of real world stimuli, and 

utilizing the current framework would be necessary to fully understand how forgetting 

happens. 
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Appendix A. 

Table A1. 

 Log-likelihood (LL) for each function by condition when an unequal variance model was 

used. The model had a standard deviation 1.0 for the noise distribution while a standard 

deviation of 1.25 for the target distribution. 

 

Note. The best fitting function is in bold and underscored, where higher LLs indicate better 

fit. The number of conditions where the square root function is the best fitting function nine 

times, the exponential six times, and the power function three times.  



                                   

List-length effect in recognition memory  62 

 

 

 

Table A2. 

 Log-likelihood (LL) for each function by condition when using a standard SDT.

 

Note. The best fitting function is in bold and underscored, where higher LLs indicate better 

fit. The number of conditions where the square root function is the best fitting function nine 

times, the exponential five times, and the power function four times. 
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Figure A1.  

Fits for the three functions across 18 conditions by stimuli type (fractal IMAGE, HIGH 

frequency, LOW frequency words), study time (ST), and delay.  

 

 Note. Dots represent data and the three lines represent the best fitting curve for each 

function. The error bars represent ±1 standard error of mean. Note that the scale for the y-

axis is different for each condition to emphasize the predictions between different 

functions.   
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Appendix B. 

B.1. Model description 

In addition to the description provided in the main text, here we describe the model in more 

details. From Equation 7, the present model further decomposes the memory storage (M) into 

signal and different noise components (see equation B1).  

s = (It’ ⊗ Cs’ ⊗ Sa’) ∙ [ r(It ⊗ Cs)  

                               +∑𝑖∈𝐴,𝑖≠𝑡  r(Ii ⊗ Cs)  

                               +∑𝑢∈𝑃,𝑢≠𝑠  (It ⊗ Cu)  

                               +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (Iz ⊗ Cu) ] 

 

… Self Match 

… Item Noise 

… Context Noise 

… Background Noise 

(B1) 

Equation B1 can be re-expressed by distributing the cue (It’ ⊗ Cs’) into each component 

and rearranging each term as below: 

s =  r (It’∙It)(Cs’∙Cs) 

     +∑𝑖∈𝐴,𝑖≠𝑡  r(It’∙Ii)(Cs’∙Cs) 

     +∑𝑢∈𝑃,𝑢≠𝑠  (It’∙It )(Cs’∙Cu) 

     +∑𝑢∈𝑃,𝑢≠𝑠,𝑧∉𝐿  (It’∙Iz)(Cs’∙Cu) 

 

(B2) 

The re-expression provides a way to form the equation in terms of match and mis-match 

components. Therefore, in the model, each component is parameterized as a normal 

distribution with a certain mean and variance as follows: 

It’∙It ~ Normal(μtt, σtt)              … Item Match 
It’∙Ii ~ Normal(0, σtt)               … Item Mismatch 
Cs’∙Cs ~ Normal(μss, σss)        … Context Match 
Cs’∙Cu ~ Normal(0, σsu)          … Context Mismatch 

 

The normal distribution is used for mathematical convenience since each term in 

equation B2 is a multiplication of three normal distributions, which becomes a modified Bessel 

function of the third kind, and the mean and variance of each term follows the below rule: 

E(X1, …., Xn) = ∏ E(Xi) 
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Var(X1, …., Xn) = ∏ [ var(Xi) + E(Xi)2 ] - ∏ E(Xi)2 

 

Therefore, using this property Equation B2 can be re-express as B3. 

s =  r Normal(μtt, σtt) Normal(μss, σss) 
     + (L - 1) Normal(0, σtt) Normal(μss, σss)  
     + n Normal(μtt, σtt) Normal(0, σsu) 
     + m Normal(0, σtt) Normal(0, σsu)  

 

(B3) 

where l is the length of the list, n is the number of times the target word has been 

experienced outside of the study or current experiment context, and m is the number of times a 

non-target word was experienced outside of the study context. For convenience, we simplify the 

context-noise term where the mismatch term and n is represented as ρ, and simplify the whole 

background-noise term into β (see Equation B4). 

s =  r Normal(μtt, σtt) Normal(μss, σss) 
     + (L - 1) Normal(0, σtt) Normal(μss, σss)  
     + ρ Normal(μtt, σtt)  
     + β  

 

(B4) 
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Appendix C. 

C.1. Model fitting procedures and parameter estimates 

We fit the model using maximum likelihood on the hit rates and false alarm rates. All 60 

conditions were fit at once using the following 13 free parameters and 8 fixed parameters (see 

Table C1, C2). The fixed values were derived from previous studies (Osth et al., 2018; Osth & 

Dennis, 2015) where additional data was provided from the experiment such as reaction time 

and confidence judgment in that the model was more constrained to accurately estimate the 

parameters.   

 

Table C1.  

Free parameters used in the model 

Parameter Description Bound Estimation 

r2 Learning rate for conditions with a 2-sec study time 0 ~ ∞ 1.11 

r4 Learning rate for conditions with a 4-sec study time 0 ~ ∞ 1.18 

μss120 
Mean of the context match component for the conditions with a 120-

sec delay 
0 ~ 1 .84 

σti-words Variance of the item mis-match component for conditions using words 0 ~ ∞ .06 

σti-images 
Variance of the item mis-match component for conditions using 

fractal images 
0 ~ ∞ .26 

ρlow-freq Context-noise mis-match component for low-frequency words 0 ~ ∞ .22 

ρhigh-freq Context-noise mis-match component for high-frequency words 0 ~ ∞ .58 

βimages Background-noise for conditions using fractal images 0 ~ ∞ .38 

c8 Criterion for conditions with a list length of 8 -∞ ~ ∞ .01 

c16 Criterion for conditions with a list length of 16 -∞ ~ ∞ -.11 

c32 Criterion for conditions with a list length of 32 -∞ ~ ∞ -.15 

c64 Criterion for conditions with a list length of 64 -∞ ~ ∞ -.14 

c80 Criterion for conditions with a list length of 80 -∞ ~ ∞ -.12 
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Table C2. 

Fixed parameters used in the model 

Parameter Description 
Fixed 
Value 

r1 Learning rate for conditions with a 1-sec study time 1.0 

μss0 Mean of the context match component for the conditions with a 0-sec delay 1.0 

μtt-words Mean of the item match component for the conditions using words 1.0 

μtt-images Mean of the item match component for the conditions using fractal images 1.0 

σtt Variance of the item match component .02 

σss Variance of the context match component .1 

ρimages Context-noise mis-match component for fractal images 0.0 

βwords Background-noise for conditions using words .05 
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Appendix D. 

Figure D1.  

Proportion of different noise components.

 

Note.  Each plot shows the proportion of different noise components across different lists 

(list length 8, 16, 32, 64, 80). Item noise is in red, context noise is in yellow and 

background noise is in blue. The first column shows the case for high-frequency words, 
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the second column shows the case of low-frequency words, and the last column shows 

the case for fractal images. The first and second row show the case for study time of 1 

sec, the third and fourth row for 2 sec, and fifth and sixth for 4 sec. The odd rows show the 

case for when there was no delay, and the even rows show the case for when there was a 

120 sec delay.   
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Appendix E. 

 

Figure E1.  

Hit rate (HR) and false alarm rate (FAR) across different list length and conditions. 

 

Note.  Across different list lengths and conditions the average (M) and standard error of 

mean (SEM) of the hit rate and false alarm rate is presented.  



Supplementary Materials 

 

Figure SM1.  

The top two plots show hit rates (left) and correct rejection rates (right) from each 

participant’s data ordered by accuracy level. The bottom two plots show average hit rates 

(left) and average correct rejection rates (right) across participants. Note that for each 

participant’s data we analyzed the first 16 test items, which consist of the first eight items 

from the study list and eight novel items. The error bars represent standard error of the 

mean. 
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