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Nicholas Lewis 

DYNAMICS AND DIAGNOSTICITY IN RECOGNITION MEMORY 

Modeling recognition memory as a dynamic, rather than static, process has proven successful at 

accounting for a wide range of memory phenomena (Cox & Shiffrin, 2012). Relatedly, 

accumulating evidence has highlighted the impact of perceptual encoding processes on 

recognition judgments. It appears that information sampling during encoding is ongoing and may 

precede the onset of the accumulation process that drives recognition decisions (Cox, Lewis & 

Shiffrin, 2013). Varying the diagnosticity of information presented subconsciously, before the 

onset of the full test item, may therefore provide different starting points for the accumulation 

process underlying recognition decisions. Evidence of this effect is also consistent with our 

model, wherein changes in familiarity inform recognition judgments, rather than a single global 

comparison of the test item against memory. We present results from two studies that vary the 

diagnosticity of dynamic feature presentation in a recognition memory task with holistic objects. 

We found evidence under particular conditions that support the advantage of diagnostic 

information that appears late in processing when the stimulus does not contain strongly or 

completely diagnostic information. These results support the importance of detailed, process-

level accounts of perceptual encoding for any model of recognition memory, regardless of its 

particular theoretical underpinnings. 
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Dynamics and Diagnosticity in Recognition Memory 

Recognition memory enables people to quickly judge whether some event or object has 

been experienced before in the past. Formal models of recognition have long provided valuable 

insights into the processes and mechanisms that underlie this aspect of episodic memory. While 

there is a large variety of competing assumptions among models, they all typically share the 

same core goal of accounting for the following: First, events from experience are perceptually 

processed to form a representation to be either stored in memory or used in a retrieval process. 

Second, when making a recognition judgment, representations are compared to stored memories 

that provide evidence that an event came from past experience. Finally, an old-new recognition 

decision is made with reference to available evidence. It is no surprise that the perceptual 

encoding of a representation, subsequent retrieval, and judgment do not occur instantaneously. 

Indeed, there is a long history of evidence demonstrating that recognition judgments are affected 

by the availability of evidence over time, as well as the time available for encoding and retrieval. 

These processes cannot be captured in static comparisons. Yet, many early core models of 

recognition have left temporal characteristics implicit and largely focused on accuracy derived 

from a single comparison of the strength of match between a probe and the stored traces in 

memory (see Clark & Gronlund, 1996 for review).  

The importance of temporal aspects of information processing have motivated the 

development of a modeling framework that broadly captures the dynamics of decision making 

(see Purcell et al., 2010 for review). However, with respect to recognition decisions, such models 

have focused almost exclusively on retrieval dynamics. Surprisingly little research has explored 

the dynamic interplay between the time course of retrieval and the time course of perceptual 

encoding. This is surprising given evidence that information becomes available at different times 
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of encoding and may influence the decision process (Gronlund & Ratcliff, 1989; Moutousssis & 

Zeki, 1997; Brockdorff and Lamberts, 2000; Lamberts Brockdorff, & Heit 2002; Cox, Lewis, & 

Shiffrin, 2013). Despite varied theoretical assumptions, modeling efforts have highlighted the 

importance of accounting for the detailed time course of perceptual encoding. While models 

focused on the dynamics of early perceptual processing are not new, the literature has largely 

developed independently of recognition (Kent, Guest, Adelman, & Lamberts, 2014). Recent 

modeling efforts have explored the temporal properties of both perceptual processing and 

retrieval, providing important insights that may guide theory development (Brockdorff & 

Lamberts, 2000; Cox & Shiffrin, 2012). Many new findings are easily explained within the 

context of these models, such as non-monotonic retrieval (Brockdorff & Lamberts, 2000), 

sequential presentation of partial item features (Cox, Lewis, & Shiffrin, 2013, Experiment 1), 

and priming effects (Cox, Lewis, & Shiffrin, 2013, Experiment 2). These findings remain a 

challenge for models that do not incorporate process level accounts of dynamic perceptual 

encoding.  

This work suggests that temporal evidence can help constrain theories of memory and 

guide the development of models that make explicit assumptions about the dynamics of encoding 

and retrieval in recognition. This paper will review the core developments in both static models 

and retrieval based dynamic models which build the foundation for our current theoretical 

approach to recognition (Cox & Shiffrin, 2012). Further, we will review and expand on the 

findings of Cox, Lewis, and Shiffrin (2013) with results from two experiments exploring novel 

predictions of our model.  

Static Models: The Comparison of a Probe to Memory 

The dynamic approach to recognition memory taken in this paper is built on a popular 
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and successful class of recognition models known as global matching models (Murdock, 1982; 

Gillund & Shiffrin, 1984; Hintzman, 1988; Shiffrin & Steyvers, 1997). This model class has 

played a pivotal role in shaping empirical and theoretical research in recognition memory. The 

underlying concepts behind these models will be briefly reviewed followed by a simplified look 

at the REM model (Shiffrin & Steyvers, 1997), as it lays the foundation for our current 

theoretical account.  

All models of recognition must account for two core observations: that recognition 

judgments are made rapidly and that recognition is affected by the similarity of the probe to other 

items in memory (Juola, Fischler, Wood, & Atkinson, 1971; Ratcliff, 1978). Global matching 

models typically assume that a perceptually encoded representation, or probe, is a combination 

of the available perceptual cues that is then compared to memory. The global matching 

assumption is that probes do not access particular memories for comparison, but instead access 

information from multiple memory traces in parallel. A global comparison helps explain the 

relative quickness of recognition judgments and how other properties such as list length (Bowles 

& Glanzer, 1983) or the similarity of studied items (Hintzman, 1988) affects recognition 

performance. The outcome of the global matching process is a single variable that indexes the 

total similarity of the probe to the contents of memory. This value is sometimes construed as an 

overall familiarity signal, strength, or activation, but for current purposes these are synonymous. 

In the decision process it is assumed that recent items studied in a particular context will, on 

average, have a greater level of familiarity than non-studied items. A global criterion of 

familiarity sets a threshold for discriminating between signals coming from task relevant 

experience and signals from task irrelevant memories. A test item that then generates a 

familiarity value above the criterion is judged as previously seen, while a familiarity value below 
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the criterion is judged as new. While the models share this basic framework, there is 

considerable variation concerning assumptions regarding processing, storage, and retrieval (see 

Clark & Gronlund, 1996 for review). As the foundation of our current theoretical approach, the 

REM framework (Shiffrin & Styvers, 1997) will be described in more detail to illustrate the 

comparison process between a probe and traces in memory as these core model features are 

largely intact in our current theory.  

In the REM framework, events or items such as words in a study list are perceptually 

encoded into short term memory as vectors of feature values. The exact nature of these features 

cannot be directly observed and are left unspecified. Typically features take on some numeric 

value that stands in for the unspecified information such as the current context, physical features 

of items, or semantic content. Feature vectors can be incomplete, prone to some error, and are 

stored as separate traces in memory. Note that while perceptual feature sampling does take time, 

the model is not explicit in this regard, and focuses on the outcome that results in a more or less 

complete memory trace. During a recognition test, probes of memory are similarly represented as 

a vector of noisy features. The probe is then compared in parallel to all memory traces, but it is 

assumed that only those memory traces that are similar to some degree to the probe are activated 

and used in calculating familiarity. Similarity between a probe and activated memory trace is 

based on a Bayesian decision rule that accounts for positive and negative evidence as well as 

environmental expectations. The likelihood that some probe j matches a memory trace i can be 

simply characterized as follows:  

𝜆𝜆(𝑖𝑖,𝑗𝑗) =  
𝑃𝑃(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑖𝑖 𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑡𝑡𝑒𝑒 𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡 𝑗𝑗)

𝑃𝑃(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑖𝑖 𝑚𝑚𝑖𝑖𝑒𝑒𝑚𝑚𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑡𝑡𝑒𝑒 𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡 𝑗𝑗)
       (1) 

If we assume that the features are uniformly distributed and that studied events encode the same 

feature classes then we can simplify the likelihood ratio as follows: 
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𝜆𝜆(𝑖𝑖,𝑗𝑗) = [(𝐽𝐽 − 1)𝑡𝑡 + 1]𝑛𝑛𝑛𝑛(1 − 𝑡𝑡)𝑛𝑛𝑛𝑛         (2) 

Where J is the number of possible values a feature may take, c is the probability that a feature is 

correctly copied into a probe or trace, nm is the number of matching features between the probe 

and a particular trace, and nn is the number of mismatching features between the probe and trace. 

Given the number of activated traces in memory N, a recognition judgment can be made based 

on the average of the likelihood ratios giving the odds that the trace of the probe is in the set of 

activated memory traces: 

Φ𝑗𝑗 =
1
𝑁𝑁
�𝜆𝜆(𝑖𝑖,𝑗𝑗)

𝑁𝑁

𝑖𝑖=1

             (3) 

 

If Φ is above some set familiarity criterion, then the test item is judged old, and judged new 

otherwise. Again, while perceptual processing and decision mechanisms take time, the model 

makes an instantaneous decision based on the average likelihood ratio. While successful on 

many accounts, the model overall does not naturally lend itself to describing the time course of 

recognition or making reaction time predictions. In a later section we will see how this general 

process can be modified into a dynamic account of recognition. In the next section we will 

review the foundation of retrieval dynamics in models of decision making, as well as some 

challenges facing these models with reference to recognition memory. The current framework 

will then be introduced, which combines the temporal characteristics of both retrieval and 

perceptual encoding.  

The Time Course of Retrieval and Decision Making 

Recognition judgments require a decision, and decisions take time. For decades, a 

successful general framework has been adopted to model perceptual decisions. In recognition, 
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such models rely on a dynamic process of information accumulation during memory retrieval. It 

is further assumed that perceptual encoding precedes retrieval, and that retrieval does not begin 

until a stimulus has been more or less fully encoded. This implies that perceptual encoding and 

retrieval are largely independent. To simplify models, perceptual encoding can be treated as the 

outcome of a stochastic feature sampling process, similar to the one described in the REM 

framework of the previous section. Rather than detail the encoding dynamics, the time course is 

often estimated as a free parameter (e.g. Ratcliff & Smith, 2004). On the other hand, the time 

course of retrieval is explicitly described as some mechanism that accumulates evidence over 

time towards a possible decision boundary. This general approach has been largely successful at 

fitting data and provides empirical support that, in many cognitive tasks, information 

accumulates over time (Purcell et al., 2010). There is additional neural evidence suggesting that 

neural activity must accumulate and reach a particular threshold prior to initiation of certain 

behaviors (Hanes & Schall, 1996). While a thorough review of accumulation-based models is 

beyond the scope of this paper (see Bogacz, Brown, Moehlis, & Holmes, 2006; Ratcliff & Smith, 

2004), the following will provide a brief examination of this approach applied to recognition 

memory.  

Models of recognition retrieval dynamics can often be reduced to a drift diffusion process 

(Bogacz et al., 2006), exemplified in Ratcliff’s theory of memory retrieval (Ratcliff, 1978). As 

before, a test probe of recognition is compared in parallel to all items in a memory set. However, 

in Ratcliff's account, the similarity between a probe and a memory trace dictates the amplitude, 

or drift rate, of an accumulation process, such that degree of similarity determines how quickly a 

random walk moves toward the terminating decision boundaries. In recognition tasks there is 

typically an upper boundary, representing recognition judgments that an item was old, and a 
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lower boundary representing judgments that an item is new. Taken together, the rate and 

direction of accumulation (i.e. toward the upper or lower boundary) represent the accuracy and 

latency of recognition decisions (Figure 1). 

 
Figure 1. Relationship between probe-trace similarity and the drift rate towards decision boundaries. Adapted from 

Ratcliff (1978).  

 

Over time, alternative models have developed a variety of different mechanisms to 

explain information accumulation to a threshold. For example in recognition, Hockley and 

Murdock (1987) developed a model in which random fluctuations in noise within probes creates 

variance in evidence over time until an upper or lower response threshold is reached. Mewhort 

and Johns (2003), by contrast, describe recognition retrieval as a process in which indeterminate 

decisions trigger reweighting of studied items until a threshold is reached. Nosofsky and Stanton 

(2006) suggest that sequentially sampled memory items drive a random walk process in which 

similarity between the probe and the traces in memory determines the chance of sampling a 

particular item. Sampling studied traces drives the walk towards an "old" response, while 

sampling non-studied traces drives the walk towards a "new" response.  

Across varying accounts of the retrieval mechanism, accumulation is assumed to begin 

after a probe has been encoded to some degree. Furthermore, the probe is assumed to be a largely 
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stable representation and the accumulation process that subserves recognition is assumed to be 

static over time. These assumptions lead to a relatively stable trajectory of overall accumulation 

towards a decision based solely on familiarity or the strength of match. While these accounts of 

recognition are parsimonious, they fail to account for evidence of a slower acting process of 

explicit recall that may take place later in processing. This may result in non-monotonic retrieval 

trajectories; for example, Hintzman and Curran (1994) found that studied items, like cat, and 

similar new item test words, like cats, are both more likely to be considered old under speeded 

responses. With additional time to respond, participants are more likely to identify similar items 

as new, suggesting that a later stage of processing benefits recognition performance. This 

suggests that a slower, more deliberate recall process may follow after an initial familiarity 

signal. Additionally, Jones and Heit (1993) found that if a study list contains many related words, 

such as types of fish, then this increases frequency judgments for new unstudied but semantically 

related words. This result supports a simple similarity-based comparison process; however, Jones 

and Heit found that repeated presentation of a single study word (e.g. tuna) did not increase 

judgments of semantically related words as new, which is at odds with this account. Jones and 

Heit argued that, while familiarity affects judgments, an additional recall process is necessary 

and may be similar to a suggestion by Gillund and Shiffrin (1984), wherein indeterminate 

familiarity values lead to an explicit recall process to find a match to the probe.  

Whether recognition requires a single familiarity process or familiarity plus recall has 

been a contentious issue within the literature (Malmberg, 2008; Yonelinas, 2002). Overall, dual 

process theories did not inspire many process models and further suffered from lacking 

descriptions and circularity (Malmberg, 2008; Curran, DeBuse, Woroch, & Hirshman, 2006). 

More importantly, recent modeling efforts have sought to incorporate the time course of 
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perceptual encoding along with retrieval dynamics in recognition models. Such efforts have 

successfully accounted for previous findings suggesting a dual process within a single process 

account (Brockdorff & Lamberts, 2000), as well as accounting for old puzzles and new findings 

(Cox, Lewis, & Shiffrin, 2013). Regardless of whether recognition is a simple familiarity based 

process or includes recall in addition to familiarity, the time course of perceptual encoding 

appears to be integral to achieve a full account of recognition.  

The Time Course of Perceptual Processing 

Theories of recognition in the previous section focused on processes of memory retrieval 

and the characteristics of the encoded representations. Recently there has been increasing interest 

in the initial time course of perceptual processing that forms representations and how these 

temporal characteristics may influence recognition judgments (Kent, Guest, Adelman, & 

Lambert, 2014). Regardless of whether the dynamics are made explicit, many theories including 

our own share the assumption that stochastic feature sampling is at the heart of perceptual 

encoding. Essentially, a perceptual event or item of interest consists of a collection of features 

that represent various attributes of the event such as physical, relational, semantic, or contextual 

properties. Over time features are sampled from sensory experience and presumably form a 

representation in short term memory that is further used in making recognition judgments. The 

process is assumed to be imperfect, as humans often make decisions from incomplete and noisy 

information due to factors such as limited processing time or environmental conditions. 

Representations of items are often formalized as randomly sampled vectors of noisy and perhaps 

incomplete numeric feature values. It is the time course of the encoding process that is typically 

left out of many models, with an early exception being the ARC-REM model (Diller, Nobel, & 

Shiffrin, 2001). ARC-REM explicitly describes how features are encoded over time, and this 
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time course determines the reaction time of recognition judgments because decisions are 

assumed to directly follow the stopping point of encoding. In our approach, like ARC-REM, we 

make explicit the time course of a stochastic feature sampling process. However, the starting 

point of accumulation begins with the sensory onset of a stimulus while retrieval occurs in 

parallel with the time course of perceptual encoding (Figure 2). A similar approach conducted by  

 
Figure 2. Comparison of three approaches to modeling the dynamics of recognition memory.  

 

Brockdorff and Lamberts (2000) has successfully provided a familiarity-only account of data that 
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previously suggested the need for a recall process that supplements familiarity (Hintzman & 

Curran, 1994). The FESTHER model (Lamberts, 2000) utilized changes in similarity between 

probes and items in memory that occur as features are sampled into the probe. The changing total 

similarity due to sampling over time drives the decision process rather than approaches described 

in the previous section. They accounted for Hintzman and Curran's findings by noting that 

increases in false alarms for new items such as cats when cat was studied are due to an 

incomplete item probe that is highly similar to a study item. As participants are given more time 

to respond they, in turn, have sampled more features which increases the likelihood that a critical 

feature has been sampled which in turn reduces false alarm rates.  

 There is further evidence suggesting that information in a probe of memory varies over 

time and that this time course affects the decision process. Some of this change may be due in 

part to different processing speeds for different visual features. Moutoussis and Zeki (1997) 

demonstrated that color, movement, and orientation in visual stimuli are perceived at separate 

rates. Gronlund and Ratcliff (1989), as well as Rotello and Heit (2000), demonstrated that 

familiarity cues are available before associative information related to the stimulus. In 

recognition memory, it has also been demonstrated that certain stimulus features are integrated 

into decision processes faster than other features (Brockdorff and Lamberts, 2000; Lamberts 

brockdorff, & Heit 2002). For example, Brockdoff and Lamberts (2000) found that if the 

similarity between new and previously studied items is based on features that are slow to 

process, then there was an increase in false alarms when participants were given more time to 

respond. Similarly, if new items are similar to previously studied items based on features that are 

processed quickly, false alarms are more prominent in speeded responses than slower responses. 

Findings such as these stress the importance of addressing dynamic encoding processes in 
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models of recognition memory and have partially motivated the development of the Cox Shiffrin 

Dynamic Model of Recognition, to be discussed in the next section. 

The Cox Shiffrin Dynamic Model of Recognition 

The following is a brief account of the theoretical underpinnings of the model introduced 

by Cox and Shiffrin (2012) as well as a brief review of recent findings (Cox, Lewis, & Shiffrin, 

2013) that pose challenges for existing models but are easily accounted for within our 

framework. These results have motivated the two new experiments to be discussed herein. In the 

model, items in a recognition task are encoded as distinct vectors of features. Features in the 

vector gradually accumulate over time into a representation stored in short-term memory. During 

feature encoding at any given time step a sampled feature has some probability of being correctly 

copied into short-term memory with replacement. An incorrect copy results in a random value 

from the set of possible values. Furthermore, memory traces and probes are assumed to contain 

context features which stand in for external or internal attributes of the experimental 

environment. Since context features are consistently present throughout an experiment, it is 

assumed these features are fully copied with noise into the probe or memory trace (Figure 3).  

 
Figure 3. Schematic of the Cox Shiffrin Dynamic Model of Recognition, replicated from Cox and Shiffrin (2012). 
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The time course of perceptual encoding is not unique to this model (e.g., Brock Lamberts 2000) 

and assumes that features are sampled in accordance with a Poisson process. During a sampling 

event a selected feature is copied into the probe. At each time step of the sampling process the 

developing probe is compared against all traces in the activated memory set to generate a 

momentary familiarity value using the same simplified average likelihood ratio based on the 

REM model (2). The same sampling process is used for both forming the probe used in retrieval 

as well as forming the episodic trace stored in memory. At the start of perceptual encoding the 

probe does not contain any feature values, and missing values are not considered in calculating 

familiarity. Because of this, early in processing the probes will match traces solely on context 

thereby creating an active memory set that consists primarily of recently studied items. The 

probe develops a new familiarity value for each time step, Φ(t), based on the similarity between 

all traces in memory and the developing probe. The unique aspect of this model is that instead of 

using raw familiarity Φ to reach a decision as typical in other models, the model uses the 

changes in log familiarity to generate accumulated change B(t) in logΦ(t) from a given starting 

point of accumulation.  

𝐵𝐵(𝑡𝑡) =  �𝑙𝑙𝑝𝑝𝑙𝑙𝑙𝑙(𝜏𝜏) −  𝑙𝑙𝑝𝑝𝑙𝑙𝑙𝑙(𝜏𝜏 − 1)
𝑡𝑡

𝜏𝜏=1

        (4) 

 

Positive changes in familiarity over time are evidence that a probe matches a studied memory 

trace, and negative changes support the absence of a trace. Over time, B(t) will reach either a 

positive threshold representing an old match, or a negative threshold representing a new item. As 

the probe develops, familiarity changes asymptote as the full set of features is encoded in the 

representations; as such, the model employs thresholds that collapse toward the asymptote such 

that a decision may always be reached.  
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Previous Results  

The Cox Shiffrin model originally developed in response to issues with recognition 

memory models that employ a static, global criterion of familiarity rather than accumulating 

changes in familiarity over time (Cox & Shiffrin, 21012). Global criterion models lack a 

mechanism by which to account for differences in baseline familiarity across items. By utilizing 

changes in familiarity during early stages of perceptual processing, a global criterion is not 

necessary and each test item can serve as its own reference. The model accounts for standard 

effects such as list length and study time, and can successfully predict both accuracy and reaction 

time. By manipulating the timing of available information, the model has further accounted for 

novel findings that previous models would not predict (Cox, Lewis, & Shiffrin, 2013); these 

results will now be reviewed.  

Cox, Lewis, and Shiffrin’s (2013) Experiment 1 

In an initial experiment, we manipulated the time at which previously unseen features of 

a test item were presented in a complex stimulus, with the prediction that an earlier presentation 

of novel (i.e. diagnostic) information would increase the accuracy with which stimuli were 

identified as previously unstudied. Study lists were generated by creating two triads of randomly 

selected consonants which served as prototypes. The study items were generated by replacing 

each letter in a triad with the same set of two letters for each position, resulting in 6 study items 

for each prototype. New unstudied items (i.e. foils) were generated by replacing a single 

prototype consonant in a triad with a new random consonant that was not included in any study 

list items (Figure 4). Foils have two consonants that match a large number of the studied triads 



 
 

15 
 

 
Figure 4. Stimuli from experiment 1 (Cox, Lewis, & Shiffrin, 2013) 

 

and a single unique consonant that is completely diagnostic as to whether the item is new. 

During presentation of a test item, the letters may appear sequentially at a speed below conscious 

awareness. For foils, the item can appear all at once or the diagnostic letter may appear early or 

late in the sequential presentation (Figure 5). Old items similarly had static, non-prototype letter 

 
Figure 5. Schematic of experimental paradigm used in Experiment 1. 
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first (diagnostic-early) or last (diagnostic-late). Models assuming a stationary starting point for 

retrieval would make the same predictions for all diagnostic conditions. We initially predicted 

that receiving diagnostic information early might improve accuracy on foils due to exposure to 

the unique consonant that would drive accumulation towards a new response. Surprisingly, we 

found that the diagnostic-late condition improves accuracy on foils compared to both diagnostic-

early and static conditions. Interestingly upon closer inspection, this result falls naturally out of 

the model and would not be predicted in other frameworks. While some features may be sampled 

during the early presentation interval, it appears that accumulation did not begin until the 

stimulus was fully present. This is supported by the view that accumulation should not be driven 

by noise in the environment and, rather, should begin only when a test item is sufficiently present 

(Purcell, Smith Ratcliff & Wolfgang 2004). Given that diagnostic features presented early may 

have been sampled before accumulation, they do not drive the decision as strongly as those 

sampled during accumulation. In this interpretation, features sampled early determine the starting 

point of accumulation and features that are sampled upon onset of the entire stimulus more 

strongly drive changes in familiarity that dictate the trajectory of accumulation. Therefore, 

increases in accuracy would be expected when diagnostic information appears late in 

presentation.  

Cox, Lewis, and Shiffrin’s (2013) Experiment 2 

The results of the previous experiment were explained by a process of accumulation based on 

changes in familiarity that begins once a stimulus is fully present. A similar explanation can be 

applied to a previously puzzling result from Jacoby and Whitehouse (1989). They found that 

when a test item is preceded by a subliminal prime that matches the test word, participants 

increase the probability that they will say that the test item was on the list for both old and new 
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items. They described this as the “fluency effect,” and noted that the ease with which an item is 

perceptually processed (due to matching the content of the subliminal prime) makes the test item 

seem more familiar. Jacoby and Whitehouse argued that the feeling of familiarity is due to the 

matching prime providing a head start in perceptual processing. We replicated this study in 

which test words were preceded by subliminal primes that either matched the test word, were a 

mismatching new word, or a neutral string of characters (XOXOXO). The results were similar in 

that matching primes were endorsed as old for both new and old test items, compared to a neutral 

prime. Interestingly, we also found that mismatching primes also had a mild priming effect for 

old items with a slight increase in accuracy on old items compared to neutral. Jacoby and 

Whitehouse found a similar effect, but they did not postulate reasons for its presence. These 

results fall naturally out of predictions of our model, given similar reasoning to Experiment 1. If 

a probe is empty at the start of accumulation (i.e. in the absence of a prime), then early changes 

in familiarity will be largely negative for both old and new items, due to poor matches based 

primarily on context features. A matching prime will lead to a few features being sampled into 

the probe before accumulation. This can be imagined as shifting the starting point of 

accumulation by negating the early negative going changes, which results in an increase in the 

probability of responding old for both new and old items. In the different prime condition, the 

start point of accumulation is a poor match to items in the memory set since the features come 

from a novel word. As new features from the old test item are sampled and replace features from 

the different prime, this results in larger positive changes in familiarity leading to increased 

likelihood of responding old for old items compared to the neutral condition.  

Current Study  

Our previous findings suggest that the current model framework can account for 
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idiosyncrasies of recognition memory identified in our own work, as well as other previous 

studies. However, while our previous paradigms utilized stimuli that could theoretically be 

processed either holistically or as discrete components, our choice of stimuli (i.e. letter triads) 

may have discouraged holistic processing. In addition, while we examined the effects of 

presenting diagnostic information at earlier or later stages of processing, a finer manipulation of 

the degree of diagnostic information included at these stages of processing was not conducted. In 

the two experiments presented herein, we seek to address these knowledge gaps by utilizing 

stimuli that may be more conducive to holistic processing (i.e. words and images) to further 

explore the starting point of accumulation and the effects of dynamic presentation. In addition, 

we parametrically manipulate the degree of diagnostic information presented at different stages 

of processing.  

Experiment 1  

Method 

Participants 

Six undergraduate female students (ages 18-22) from Indiana University were recruited to 

through university-based advertisements and were paid $12 per hour to complete four hour-long 

study sessions. All participants reported full color vision and were native English speakers. 

Materials and Stimuli 

Stimuli were designed and presented using PsychoPy software, running on standard desktop 

computers, equipped with CRT monitors. A standard keyboard was used for response 

production. Participants were instructed to respond using the 'z' and '/' keys on the keyboard and 

response assignment was counterbalanced across subjects. Stimuli consisted of 44 four-letter 

words. For each word, the 2nd letter was 'a' and the fourth letters was 'e', while the first and third 
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letters were manipulated to generate common words (e.g. “CANE”, “MAKE”, “SAVE”, etc.). 

For each trial, a study list of four words was generated with reference to a single test item, using 

an algorithm whereby study items were randomly selected to systematically manipulate the 

degree of diagnostic information included in the test item. This variable, 'diagnosticity' had four 

levels: 3:1, 2:2, 2:0, and 3:0, representing the number of occurrences of the test item's first and 

third letters in the study list. The 3:1 and 2:2 levels of diagnosticity could apply to either "old" or 

"new" test items, while the 3:0 and 2:0 levels of diagnosticity were specific to "new" test items. 

In the 3:1-New condition, for example, either the first or third letter in the test item (e.g. the 'M' 

in the word "MAKE") occurred three times in the same position in the study list (e.g. study list 

items, "MAZE", "MARE", and "MALE") and the letter in the other manipulated position (e.g. 

the 'K' in the word "MAKE") occurred once in that position in the study list (e.g. a fourth study 

list item, "CAKE"). In the 3:1-Old condition, the study list was similarly specified but the test 

item was included as one of the three words with the same letter in the manipulated position (e.g. 

test item, "MAKE" and study list: "MAKE", "MAZE", "MARE", and "CAPE." The 2:2 level of 

diagnosticity was similarly specified for "old" and "new" test item conditions. In the 2:0-New 

and 3:0-New conditions, by contrast, either the first or third letter of the test item was repeated in 

the same position in either two or three of the study list items, respectively. All test and study 

items were presented in 48-point Courier font; stimuli were presented in white on a grey 

background. Test and study items were presented in the center of the screen and were bordered 

by hash symbols. Study items were presented slightly above central fixation and test items were 

presented slightly below central fixation. 

Procedure 

Each one hour-long session began with a word familiarization period, during which all possible 
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word stimuli were presented for 600 ms, followed by a 600 ms interstimulus interval. Next, 

participants completed one or more blocks of practice trials. Participants were required to 

achieve 70% accurate responses prior to beginning experimental blocks. For both practice and 

experimental trials, participants were instructed to respond with right or left index fingers on the 

'z' or '/' to indicate that a test item was either present or absent from the study item list for that 

trial. Response assignment was counterbalanced across subjects but was consistent across the 

four one-hour study sessions. Response instructions were also presented at the bottom of the 

screen throughout the experiment. Participants were instructed to respond as quickly and 

accurately as possible. Throughout the experiment, two sets of hash symbol borders were present 

above and below central fixation to cue the location of study and test items. Each trial began with 

sequential presentation of the four study items for that trial. Each study item was presented for 

600 ms and followed by a 600 ms interstimulus interval. Following presentation of the study 

items, the lower hash symbol border briefly flashed to orient participants to the location of the 

test item. The test item was subsequently presented under one of three possible conditions. In the 

'Static' condition, each letter in the test item word was presented with the same onset. In the 

'Dynamic-Early’ condition, by contrast, one of the first or third letters from the test item was 

presented for 60 ms prior to the onset of the other three letters in the study word. In each case, 

the letter including diagnostic information, consistent with the correct recognition decision (i.e. 

"old" versus "new") was presented first. More specifically, the first or third letter that was least 

represented in the study list was presented first for "new" test items, as it is most diagnostic of a 

"new" item. Similarly, the first or third letter that was most represented in the study list was 

presented first for "old" test items, as it is most diagnostic of "old" items. The order of 

presentation was reversed for the 'Dynamic-Late’ condition, in which the letter of the test item 
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with less diagnostic information were presented for 60 ms prior to the onset of the first or third 

letter with diagnostic information, consistent with the correct recognition decision (Fig 6). In the  

 
Figure 6. Example of a 3:0 new item for static, diagnostic late, and diagnostic early conditions in which the letter 

“Z” acts as the diagnostic letter that an item was new.  

 

2:2 condition, both letters provide equivalent diagnostic information, such that this condition 

serves as a control for "static" versus "dynamic" test item presentations. Additionally, the 

average of ‘Dynamic-Early’ and ‘Dynamic-Late’ conditions was computed for each diagnosticity 

level, to be entered into statistical comparisons. In all three presentation conditions, stimuli were 

presented for up to 2,500 ms and terminated upon response production. For responses issued 

before 450 ms or after 2,500 ms, participants received feedback indicating that their response 

time was too fast or too slow and the trial was repeated later in the experimental block. Trial 

conditions were presented in a pseudo-randomized order. Participants completed 10 blocks of 42 

trials in each one-hour experimental session, for a total of 1,680 trials per participant.  

Results 

A 4 (diagnosticity level: 3:1, 2:2, 3:0, 2:0) by 2 (dynamic vs. static) repeated measures analysis  
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Figure 7. Observed mean accuracy and mean correct RT for Experiment 1. 

 

of variance (ANOVA) was conducted for response times (RTs) and error rates (ERs) associated 

with new test items. The average of behavioral measures for the ‘Dynamic-Early’ and ‘Dynamic-

Late’ conditions was used as an index of the overall effect of dynamic presentations without  

manipulation of the latency at which diagnostic information was delivered. A main effect of 

diagnosticity was observed for both RTs (F(3,15) = 26.30, p = 0.003) and ERs (F(3,15) = 44.08, 

p < 0.001). There was no significant main effect of dynamic vs. static presentations for either RT 

(F(1,5) = 2.61, p = 0.167) or ER (F(1,5) = 2.82, p = 0.154). The interaction between 

diagnosticity and dynamic vs. static presentations was also nonsignificant for both RT (F(3,15) = 
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0.52, p = 0.538) and ER (F(3,15) = 2.02, p = 0.185). Paired t-tests were utilized to further 

explore the main effect of condition (see Table 1). As predicted, performance was improved in 

conditions with a higher level of diagnostic information (i.e. 3:0 and 2:0), relative to conditions 

with lower (i.e. 3:1) or no diagnostic information (2:2). No significant difference in lower 

diagnosticity levels (i.e. 3:1 and 2:2) was evident. However, RT in the context of the higher 

diagnosticity condition for new test items (i.e. 2:0) was significantly faster than RT in the 3:0 

condition. 

 

Table 1. Comparison of behavioral performance on new items by diagnosticity condition.  

Comparison Condition 1 
Mean (SD) 

Condition 2 
Mean (SD) 

t-statistic p-value 
(two-tailed) 

Response Time 
3:0-New vs. 3:1-New 792 (94) 970 (149) t(5) = -5.07 0.004 
2:0-New vs. 3:1-New 773 (90) 970 (149) t(5) = -5.43 0.003 
3:0-New vs. 2:2-New 792 (94) 975 (156) t(5) = -4.99 0.004 
2:0-New vs. 2:2-New 773 (90) 975 (156) t(5) = -5.18 0.004 
3:0-New vs. 2:0-New 792 (94) 773 (90) t(5) = 5.27 0.004 
3:1-New vs. 2:2-New 970 (149) 975 (156) t(5) = -0.73 0.496 

Error Rate 
3:0-New vs. 3:1-New 0.018 (0.007) 0.143 (0.053) t(5) = -5.84 0.002 
2:0-New vs. 3:1-New 0.018 (0.011) 0.143 (0.053) t(5) = -6.02 0.001 
3:0-New vs. 2:2-New 0.018 (0.007) 0.148 (0.029) t(5) = -11.09 <0.001 
2:0-New vs. 2:2-New 0.018 (0.011) 0.148 (0.029) t(5) = -11.44 <0.001 
3:0-New vs. 2:0-New 0.018 (0.007)) 0.018 (0.011) t(5) = 0.04 0.973 
3:1-New vs. 2:2-New 0.143 (0.053) 0.148 (0.029) t(5) = -0.26 0.808 

 

 

Analogous analyses were conducted for old test items. In contrast with results for new test items, 

a 2 (diagnosticity level: 3:1, 2:2) by 2 (dynamic vs. static) repeated measures ANOVA revealed 

no significant main effect of diagnosticity for RT (F(1,5) = 0.586, p = 0.479) and ER (F(1,5) = 

0.188, p = 0.683). However, a significant main effect of dynamic vs. static presentations was 

noted for both RTs (F(1,5) = 218.55, p = 0.008) and ERs (F(1,5) = 7.49, p = 0.041). The 
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interaction between diagnosticity and dynamic vs. static presentations was nonsignificant for 

both behavioral measures ((F(1,5) = 0.005, p = 0.949 and (F(1,5) = 4.30, p = 0.093 for RT and 

ER, respectively) but was noted to achieve trend-level significance for accuracy. Post hoc paired 

t-tests were employed to further explore the main effect of dynamic vs. static presentations and 

trend-level interaction effect (see Table 2). Poorer performance was noted for dynamic 

presentation of old items, relative to static presentation, for 3:1 and 2:2 conditions and was 

significant with respect to RT for 2:2 and 3:1 and with respect to ER for 2:2. In addition, there 

was a trend toward a greater difference in ER between dynamic and static presentations for the 

2:2 condition, relative to the 3:1 condition. 

 

Table 2. Comparison of behavioral performance on old items by presentation condition 

Condition Dynamic 
Mean (SD) 

Static 
Mean (SD) 

Dynamic-Static 
Difference 

t-statistic p-value 
(two-tailed) 

2:2 RT 892 (152) 852 (141) 40 (26) t(5) = 3.86 0.012 
3:1 RT 898 (152) 858 (145) 40 (30) t(5) = 3.23 0.023 
2:2 RT vs. 3:1 RT --- --- --- t(5) = 0.68 0.949 
2:2 ER 0.179 (0.010) 0.122 (0.004) 0.057 (0.003) t(5) = 2.64 0.046 
3:1 ER 0.152 (0.012) 0.137 (0.011) 0.015 (0.001) t(5) = 1.59 0.172 
2:2 ER vs. 3:1 ER --- --- --- t(5) = 2.07 0.093 

 

 

Next, a 4 by 3 factor repeated measures ANOVA was conducted to explore the three 

diagnosticity levels in which more or less diagnostic information could be presented early or late 

(i.e. 2:0-New, 3:0-New, 3:1-New, and 3:1-Old) and the three dynamic vs. static presentation 

conditions (i.e. Dynamic-Early, Dynamic-Late, and Static). As before, a main effect of 

diagnosticity was noted for both RT (F(3,15) = 17.80, p = 0.006) and ER (F(3,15) = 11.80, p = 

0.013). With respect to RT, both the main effect of dynamic presentation type (F(3,15) = 5.15, p 

= 0.073) and the interaction between diagnosticity and presentation type (F(1,5) = 3.82, p = 
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0.106) exhibited trend-level significance. Visual inspection of accuracy plots additionally 

indicated a possible interaction between old vs. new test items and dynamic presentation type for 

the 3:1 condition. A 2 (old vs. new) by 2 (Dynamic-Early vs. Dynamic-Late) repeated measures 

ANOVA, revealed a significant interaction between factors for the 3:1 condition (F(1,5) = 6.57, 

p = 0.050), in the absence of significant main effects for old vs. new (F(1,5) = 0.494, p = 0.514) 

and Dynamic-Early vs. Dynamic-Late (F(1,5) = 0.846, p = 0.400). Paired t-tests against the static 

presentation condition were utilized to further explore this effect for old vs. new test items (see 

Table 3). As predicted, improved accuracy was noted for new test items when more diagnostic 

information was presented at the later latency. This effect approached significance at p = 0.055 

but performance did not significantly differ from static presentation when diagnostic information 

was presented early. Interestingly, a trend toward the opposite effect was noted for old test items, 

wherein impaired accuracy, relative to static presentation, was noted for late diagnostic 

information. Dynamic-First and Dynamic-Last presentation conditions were also explored for 

3:0-New and 2:0-New conditions using paired t-tests. In these conditions neither the Dynamic-

Early or Dynamic-Late conditions significantly differed from the Static presentation condition 

with respect to accuracy (see Table 3). 

 

Table 3. Accuracy by early vs. late dynamic presentation of diagnostic information. 

Comparison Condition Dynamic 
Condition  
Mean (SD) 

Static 
Condition 
Mean (SD) 

t-statistic p-value 
(two-tailed) 

New Items 
3:1-Dynamic-First 0.144 (0.001) 0.160 (0.006) t(5) = -0.84 0.437 
3:1-Dynamic-Last 0.108 (0.002) 0.160 (0.006) t(5) = -4.85 0.055 
3:0-Dynamic-First 0.017 (0.001) 0.017 (<0.001) t(5) = 0.01 0.996 
3:0-Dynamic-Last 0.013 (<0.001) 0.017 (<0.001) t(5) = 0.57 0.593 
2:0-Dynamic-First 0.024 (0.001) 0.017 (<0.001) t(5) = 0.71 0.507 
2:0-Dynamic-Last 0.015 (<0.001) 0.017 (<0.001) t(5) = -0.54 0.614 
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Old Items 
3:1-Dynamic-First 0.144 (0.012) 0.137 (0.011) t(5) = 0.61 0.571 
3:1-Dynamic-Last 0.161 (0.012) 0.137 (0.011) t(5) = 2.10 0.089 

 

Discussion 

Our results confirm that under certain conditions an accumulation process based on 

changes in familiarity may be differentially driven by diagnostic features presented at the onset 

of a stimulus in its entirety. For example, in the 3:1 condition for new items, we found evidence 

that supports increases in accuracy when highly diagnostic information is presented later in 

processing. This is in line with similar findings from Cox, Lewis, and Shiffrin (2013) 

demonstrating that accumulation is driven more strongly by features that appear at the onset of 

the entire test item than by those presented before the item is fully present. Interestingly, unlike 

our previous study, new items with completely diagnostic information (i.e. 2:0 and 3:0) did not 

demonstrate this effect. The benefits of diagnostic information appearing late in the presentation 

may have been lost due to near ceiling performance with word stimuli compared to letter triads. 

It is reasonable to believe that the likely increased speed of perceptual encoding of familiar items 

(words) versus unfamiliar items (consonant triads) may drive this performance boost and wash 

out the effect. Additionally, as expected, completely diagnostic trials were performed with 

significantly shorter response times than other new conditions as the completely diagnostic 

information drives accumulation quickly towards a new boundary. Additionally, the larger 

mismatch between test items in the 2:0 condition resulted in a slight but significant decrease in 

RT when compared to the 3:0 condition for correct rejections. For old items, the 3:1 condition 

showed no advantages for dynamic presentation compared to static. This is consistent with 

previous behavioral evidence and modeling showing that old item consonant triads showed little 

improvement across conditions. The results for the 2:2 condition for both old and new items 
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poses a challenging interpretation. The dynamic presentation of a 2:2 item increases the 

probability of responding new for both new and old items when compared to the static condition. 

This may be interpretable within our theoretical account. In the dynamic condition one of the key 

letters was sampled partially before the onset of the entire stimulus. The accumulation process is 

then driven more strongly by the late presentation of the other key letter. Since the single letter 

mismatches half the items, we might expect a tendency for participants to report that item was 

new compared to the static condition, wherein both partially matching letters lead to an 

accumulation based on a stronger overall match. The 2:2 condition may also pose further 

problems due to its lack of differential diagnosticity for new vs. old judgments, as both letters are 

equally represented in the test items. Participants often self-reported feeling skeptical of their 

subjective response to difficult items such as the 2:2 condition, which may in turn have affected 

behavior on these trials. Ignoring what may be ceiling effects for completely diagnostic new 

items, the results suggest that under certain conditions we might be observing an expected 

advantage for diagnostic late information. There were a number of issues with the study, such as 

a small number of participants and the complexities introduced by word stimuli. A number of 

participants reported using strategies involving stories built from the semantic content of the 

words or rhymes to help them remember the lists. Potential issues with word stimuli led to the 

development of our second study using complex novel object stimuli to limit semantic 

associations introduced by words, while still encouraging holistic processing that may have been 

limited by consonant triads.  In addition, the use of complex images in Experiment 2 will also 

enable separate investigation of recognition decisions based on holistic stimuli versus discrete 

stimulus components.  

Experiment 2  
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Method 

Participants 

Three undergraduate and postgraduate students were recruited from Indiana University through 

university-based advertisements and were paid $12 per hour to complete eight hour-long study 

sessions. Three participants were lost to attrition, citing experiment length and boredom as their 

reason for non-completion. Three participants (2 male, 1 female; ages 20-36) completed all eight 

study sessions. All participants reported full color vision and were native English speakers. 

Materials and Stimuli 

As in Experiment 1, standard desktop computers with CRT monitors, running PsychoPy 

software, were used for stimulus presentation and a standard keyboard was used for response 

production. As before, participants were instructed to respond using the 'z' and '/' keys on the 

keyboard and response assignment was counterbalanced across subjects. In order to address 

possible limitations of Experiment 1, novel complex images were used as stimuli to further 

encourage holistic processing. Study stimuli were 25 images of lamps, representing all possible 

combinations of 5 lamp shades and 5 lamp bases, each being distinct from others with respect to 

style, color, and pattern (see Figure 8 for examples). Study items for each trial were generated 

with reference to a single test item, using the same algorithm described in Experiment 1, wherein 

shades and bases were treated analogously as the first and third letters of words used in 

Experiment 1. As before, study lists were generated to capture four levels of test item 

diagnosticity: 3:1, 2:2, 2:0, and 3:0. The algorithm was modified slightly in order to generate one 

additional level (3:2 old) of diagnosticity which served to balance the frequency of "old" versus 

"new" test item presentations. Study items were presented within a rectangular black border to 

the left of central fixation and test items were presented within a rectangular black border to the  
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Figure 8. Examples of lamp stimuli from experiment 2. A total of 5 different bases and shades were combined into 

25 possible lamps in the experiment.  

 

right of central fixation. As before, stimuli were presented on a grey background. In addition, a 

brief high, medium, or low frequency tone was presented with the test item on each trial to signal 

the participant to respond to the lamp as a whole, or the base or shade only. 

Procedure 

As in Experiment 1, each one hour-long session began with a familiarization period, during 

which all lamp stimuli were presented for 1,000 ms, followed by a 1,000 ms interstimulus 

interval. Participants subsequently completed one or more blocks of practice trials and were 

required to achieve 70% accurate responses in order to continue with experimental blocks. As 

before, participants were instructed to respond with right or left index fingers on the 'z' or '/' to 

indicate that a test item was either present or absent from the study item list for that trial. These 

response instructions were visible at the bottom of the screen throughout the experiment. 

Participants were also instructed to respond as quickly and accurately as possible before each 

block. Throughout the experiment, two black rectangular borders were presented to the left and 

right of central fixation to cue the location of study and test items. As before, each trial began 

with four sequentially-presented study items, each appearing for 1,000 ms, followed by a 1,000 
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ms interstimulus interval. Next, the black border at the right of the screen briefly flashed to orient 

participants to the test item location. The test item was subsequently presented under one of three 

possible dynamic vs. static presentation conditions and one of three possible holistic vs. 

component conditions. Dynamic vs. static conditions were identical to those utilized in 

Experiment 1 (i.e. 'Static', 'Dynamic-Early’, and 'Dynamic-Late'). Holistic vs. component 

conditions were additionally created, wherein participants were asked to make a recognition 

judgment about the test item as a whole or about one of its two components (i.e. shade and base). 

In the 'Holistic' condition, presentation of the test item corresponded with delivery of a medium 

frequency tone and participants were asked to indicate if the whole lamp stimulus had been 

present in the study list. In the 'Component-Shade' condition, a high frequency tone was 

presented with the test item and participants were asked to indicate if the shade component of the 

test item had been presented with the study list. Similarly, the 'Component-Base' condition 

corresponded with presentation of a low frequency tone and participants made a recognition 

decision regarding the base of the test item. In the 'Component-Shade' and 'Component-Base' 

conditions, the component requiring a recognition judgment was always presented first in the 

'Dynamic-First' condition and last in the 'Dynamic-Last'. In all presentation conditions, stimuli 

terminated upon response production and were presented for up to 3,500 ms. As before, 

participants received feedback regarding responses that were too fast (< 450 ms) or too slow (> 

3,500 ms) and these trials were repeated later in the block. Conditions were presented in a 

pseudo-randomized order. In each one-hour experimental session, participants completed 3 

blocks of 120 trials, for a total of 2,880 trials per participant. 

Results 

An analogous set of analyses to those employed in Experiment 1 were conducted for Experiment  
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Figure 9. Observed mean accuracy and mean correct RT for Experiment 2. 

 

2. In addition, supplemental analyses explored judgments regarding discrete stimulus 

components (i.e. shades and bases) in the context of old and new whole test items. For new test 

items, a 4 (diagnosticity level: 3:1, 2:2, 3:0, 2:0) by 2 (dynamic vs. static) repeated measures 

analysis of variance (ANOVA) revealed a significant main effect of diagnosticity for RTs (F(3,6) 

= 8.56, p = 0.039) and ERs (F(3,6) = 100.77, p = 0.009). There was no significant main effect of 

dynamic vs. static for either RT (F(1,2) = 0.60, p = 0.519) or ER (F(1,2) = 6.52, p = 0.125) and 

the interaction between diagnosticity and dynamic vs. static presentation type was also 

nonsignificant for both measures (F(3,6) = 0.90, p = 0.460, and F(3,6) = 5.87, p = 0.118, for RT 
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and ER, respectively). Post hoc t-tests demonstrated that the direction of effects noted in 

comparisons between diagnosticity conditions were identical to those noted in Experiment 1, 

suggested improved RT and ER performance with higher diagnosticity levels. However, fewer 

effects reached significance (see Table 4). 

 

Table 4. Comparison of behavioral performance on new items by diagnosticity condition.  

Comparison Condition 1 
Mean (SD) 

Condition 2 
Mean (SD) 

t-statistic p-value 
(two-tailed) 

Response Time 
3:0-New vs. 3:1-New 1,562 (283) 1,661 (204) t(5) = -1.59 0.252 
2:0-New vs. 3:1-New 1,499 (202) 1,661 (204) t(5) = -3.65 0.068 
3:0-New vs. 2:2-New 1,562 (283) 1,717 (202) t(5) = -2.96 0.098 
2:0-New vs. 2:2-New 1,499 (202) 1,717 (202) t(5) = -5.96 0.027 
3:0-New vs. 2:0-New 1,562 (283) 1,499 (202) t(5) = 3.08 0.091 
3:1-New vs. 2:2-New 1,661 (204) 1,717 (202) t(5) = -1.01 0.420 

Error Rate 
3:0-New vs. 3:1-New 0.207 (0.091) 0.463 (0.091) t(5) = -5.84 0.002 
2:0-New vs. 3:1-New 0.174 (0.105) 0.463 (0.091) t(5) = -14.77 0.005 
3:0-New vs. 2:2-New 0.207 (0.091) 0.522 (0.085) t(5) = -9.99 0.010 
2:0-New vs. 2:2-New 0.174 (0.105) 0.522 (0.085) t(5) = -8.54 0.013 
3:0-New vs. 2:0-New 0.207 (0.091) 0.174 (0.105) t(5) = 3.33 0.079 
3:1-New vs. 2:2-New 0.463 (0.091) 0.522 (0.085) t(5) = -2.79 0.108 

 

With respect to old test items, a 3 (diagnosticity level: 3:1, 2:2, 3:2) by 2 (dynamic vs. static) 

repeated measures analysis of variance (ANOVA) revealed a marginally significant main effect 

of diagnosticity for ERs (F(2,4) = 9.69, p = 0.051). Main effects of diagnosticity (F(2,4) = 1.31, 

p = 0.371) and dynamic vs. static presentation (F(1,2) = 7.23, p = 0.115) were nonsignificant for 

RT, as was the interaction between diagnositicity and dynamic vs. static presentation (F(2,4) = 

2.19, p = 0.277). In addition, the main effect of dynamic vs. static presentation (F(1,2) = 0.52, p 

= 0.547) and interaction effect (F(2,4) = 0.04, p = 0.869) were also nonsignificant for ERs. Post 

hoc t-tests were conducted on the average ER for each diagnosticity condition to explore the 

marginally significant main effect noted above. Participants were significantly less accurate in 
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the 3:1 (M = 0.434, SD = 0.105) condition, as compared with the 3:2 condition (M = 0.244, SD = 

0.060) for old test items (t(2) = 6.73, p = 0.021). However, comparisons of these conditions 

against 2:2 (M = 0.352, SD = 0.103) were nonsignificant (t(2) = 1.74, p = 0.224 and t(2) = -2.12, 

p = 0.169, for 3:1 and 3:2, respectively). 

As in Experiment 1, a 4 by 3 factor repeated measures ANOVA was conducted to explore 

the three diagnosticity levels in which more or less diagnostic information could be presented 

early or late (i.e. 2:0-New, 3:0-New, 3:1-New, and 3:1-Old) and the three dynamic vs. static 

presentation conditions (i.e. Dynamic-Early, Dynamic-Late, and Static). Main effects of 

diagnosticity (F(3,6) = 3.44, p = 0.194) and presentation conditions (F(1,2) = 2.30, p = 0.268), as 

well as the interaction between factors, were nonsignificant for RT (F(3,6) = 4.24, p = 0.118). 

The main effect of diagnosticity approached significance for ER (F(3,6) = 10.71, p = 0.074). 

However, the main effect of presentation condition (F(1,2) = 5.64, p = 0.141) and interaction 

effect (F(3,6) = 0.89, p = 0.463) were nonsignificant. In contrast with results of Experiment 1, an 

interaction between dynamic presentation condition and old vs. new test items was not evident 

for the 3:1 condition. Rather, a performance benefit was noted with respect to ER for the 

Dynamic-Last condition (M = 0.460, SD = 0.083 and M = 0.397, SD = 0.136, for 3:1-New and 

3:1-Old, respectively), relative to the Dynamic-First condition (M = 0.516, SD = 0.083 and M = 

0.460, SD = 0.109, for 3:1-New and 3:1-Old, respectively) for both 3:1-New and 3:1 Old 

Stimuli. However, the difference in ER between these conditions failed to reach significance for 

both new (t(2) = 2.26, p = 0.152) and old (t(2) = 0.85, p = 0.483) test item presentations. 

Next, the effect of diagnosticity and dynamic presentation conditions was examined with 

respect to discrete component judgments. Presentation of base and shade components was 

considered with respect to three possible scenarios: (1) an ‘old’ or previously studied component  
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Figure 10. Observed mean accuracy and mean correct RT for component recognition in experiment 2.  
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was presented in the context of a ‘new’ lamp stimulus (‘New Item-Old Component’), (2) an ‘old’ 

component was presented in the context of an ‘old’ lamp stimulus (‘Old Item-Old Component’), 

or (3) a ‘new’ component was presented in the context of a ‘new’ whole lamp stimulus (‘New 

Item-New Component’). A one-factor ANOVA revealed a significant effect of presentation 

context with respect to RT (F(2,4) = 41.21, p = 0.023), wherein ‘New Item-New Component’ 

responses (M = 1,282, SD = 291) were slowed relative to ‘New Item-Old Component’ (M = 

1,039, SD = 229, t(2) = 5.98, p = 0.027) and ‘Old Item-Old Component’ (M = 1,049, SD = 241, 

t(2) = 7.29, p = 0.018). Presentation context did not have a significant impact on observed ERs. 

A 2 (New Item-Old Component vs. Old Item-Old Component) by 3 (diagnosticity condition: 1:3, 

2:2, 3:1) by 3 (Dynamic-First, Dynamic-Last, Static) repeated measures ANOVA was 

subsequently conducted to explore the effect of new vs. old holistic presentation context on trials 

that were otherwise matched with respect to diagnosticity and dynamic presentation condition. 

Here, the 3:1 presentation condition was broken into two conditions with respect to the 

component designated for recognition judgment (based on first number of condition). In the 1:3 

condition, the component was the element of the whole lamp stimulus that was less represented 

in the study list and in the 3:1 condition, the component was the element that was more presented 

in the study list. The main effect of New Item-Old Component vs. Old Item-Old Component was 

significant for RT (F(1,2) = 63.50, p = 0.015), but not for ER (F(1,2) = 0.18, p = 0.712). The 

main effect of diagnosticity was, however, significant for both RT (F(2,4) = 105.23, p = 0.005) 

and ER (F(2,4) = 49.10, p = 0.006). Dynamic-First, Dynamic-Last, and Static conditions did not 

significantly differ with respect to either measure (F(2,4) = 2.85, p = 0.227, and (F(2,4) = 0.08, p 

= 0.919 for RT and ER, respectively). With respect to interaction effects, only the interaction 

between New Item-Old Component vs. Old Item-Old Component and diagnosticity condition for 
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ER approached significance (F(2,4) = 8.90, p = 0.091). Post hoc t-tests were conducted to further 

explore this effect. For both the 2:2 condition and the 3:1 condition, accuracy was significantly 

improved for Old Item-Old Component contexts (M = 0.184, SD = 0.094 and M = 0.062, SD = 

0.007, for 2:2 and 3:1, respectively), relative to New Item-Old Component (M = 0.245, SD = 

0.074 and M = 0.086, SD = 0.013, for 2:2 and 3:1, respectively), with a p-value of 0.035 (t(2) = 

5.17) for 2:2 and a p-value of 0.024 (t(2) = 6.41) for 3:1. The difference between the Old Item-

Old Component context (M = 0.504, SD = 0.061) and the New Item – Old Component context 

(M = 0.387, SD = 0.150) did not differ for the 1:3 condition (t(2) = -2.28. p = 0.150). 

 

Figure 11. Observed mean accuracy comparing trials of old items versus new items matched by diagnosticity for 

recognition judgments of old components. .  
 

Discussion 

Whole Item Recognition 

Similar to Experiment 1 we found significant differences between diagnosticity 

conditions when collapsing over dynamic presentation, with respect to accuracy on both new and 



 
 

37 
 

old items. New items that were completely diagnostic (i.e. 2:0 and 3:0) had higher overall 

accuracy compared to the 2:2 and 3:1 conditions, as would be expected if the novel diagnostic 

component strongly drives recognition judgments toward a “new” response. With respect to the 

Dynamic-Early condition, the starting point of accumulation may begin near a decision threshold 

when a novel component is presented early in processing. In addition, large changes in 

familiarity due to late presentation of a novel component may drive recognition of “new” items 

in the Dynamic-Late condition. Interestingly, when a test item included conflicting cues, such 

that one letter provides a strong match and the other provides a weak match to study items (i.e. 

3:1) we find that participants perform at near chance levels for both old and new items. It was in 

this condition in experiment 1 that we found the strongest increase in performance for diagnostic 

late presentation. Similarly in the current experiment the strongest sign of an improvement of 

diagnostic late appears in the 3:1 condition for both old and new items, though the effect did not 

reach significance. It appears that when components are not completely diagnostic, yet provide 

reasonable evidence for both old and new responses, the order of dynamic presentation is most 

likely to impact performance. In the case where neither component is more diagnostic than the 

other (2:2), the overall match for both components appears to drive decisions towards an old 

response for both old and new items, with new item accuracy slightly below chance performance 

and old item accuracy slightly above chance performance. Similar to experiment 1, the 2:2 

condition for new items showed an increase in accuracy for the 2:2 dynamic over static 

condition. It was suggested that this was due to a single component driving the decision 

compared to both components in the static condition. On the other hand, we did not find the 

opposite decrease in accuracy for old items in the 2:2 condition as in experiment 1. Reaction 

times did not significantly differ across dynamic presentation conditions but significant 
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differences were found between diagnosticity conditions when collapsing across presentation 

time courses. Overall, reaction times mirrored accuracy, such that improved accuracy was 

observed in conjunction with faster responding. This was observed with respect to differences in 

performance observed across diagnosticity conditions, as well as differences in performance 

between old and new item presentations. Patterns observed for reaction time and accuracy are 

consistent with stronger diagnostic information driving larger changes in familiarity over time, 

thus improving accuracy and speeding responses. In addition, the observed pattern suggests that 

differences observed between conditions are not due to a simple speed-accuracy tradeoff effect. 

Component Recognition 

Exploratory analysis of component recognition allowed us to examine the effects of 

dynamic presentation on recognition of discrete test item components. In addition, component 

recognition was specifically investigated for evidence of holistic vs. non-holistic storage of items 

in recognition memory. When breaking up the conditions and looking closely at dynamic 

presentation there are no clear effects of whole item storage on component recognition (Figure 

10). In fact, there were very little differences between accuracies and reaction times for 

conditions that shared the same number of target component matches but varied on the number 

of non-target component matches. For example conditions of the type 0:X, where the first 

number (0) refers to the number of target component matches, and X can be any other number of 

matches in the test list for non-target components, accuracy and reaction times were similar in all 

conditions (e.g. 0:X, 1:X, 2:X, 3:X). One might expect to see some influence of non-target items 

on processing, particularly when the non-target appears later in processing, but this was not the 

case. Overall, the more strongly an old target component matched the corresponding component 

in the test list, the more likely an old response would be given, and conversely, the stronger the 
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mismatch of a target component, the more likely a new response would be given. The lack of 

influence from non-target items may be due in part to the guided direction of attention towards 

particular component pieces that may then largely drive the decision process while non-targets 

are ignored. It is further possible that given the different instructions in this experiment versus 

experiment 1, participants may be ready to accumulate information on partial information 

because component recognition judgments do not require the presence of the entire stimulus.  

At first glance it may appear that component recognition is not significantly affected by 

non-target components or holistic memory storage. The critical comparison for evidence of the 

influence of holistically stored test items comes from comparing conditions matched for 

diagnosticity of target and non-target components, where the only difference between the 

conditions is whether the whole test item was present in the study list (old item – old component, 

or o-o) or not present in the study list (new item – old component, n-o). The New item – New 

Component (n-n) condition was left out of this analysis because it did not have any comparable 

conditions because an Old Item – New Component condition could not be specified. When we 

collapsed over dynamic presentation and compared n-o to o-o for matched diagnostic conditions 

1:3, 2:2, and 3:1 we did see some significant effects. In both o-o 3:1 and o-o 2:2 participants 

were significantly more likely to endorse a target component as old compared to the equivalent 

n-o conditions. This suggests that the familiarity of the entire test item had an influence on the 

endorsement of a component part. In the 1:3 condition the result was not statistically significant 

but demonstrated an interesting trend. In the 1:3 o-o condition, a reduction in accuracy was noted 

relative to the 1:3 n-o condition. This observation suggests against an account whereby the 

familiarity of the entire item drives participants to report old item recognition when asked about 

a specific component. One possible explanation is that the strong overall match experienced with 
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respect to the holistic 1:3 item presentation may lead participants to discount evidence that the 

single match target component was in the list. Taken together, results for o-o versus n-o 

conditions suggest that judgments of component pieces are being influenced by the whole item 

traces. Overall, for both whole item and component recognition, results derived from Experiment 

2 were not as strong as previous findings. Importantly, Experiment 2 only had 3 participants due 

to the length and tediousness of the task. In effect, the results reported may be subject to change 

and the interpretations provided herein are merely speculative. Nonetheless, the current results 

suggest that the approach utilized in Experiment 2 warrants further investigation with a larger 

sample size.  

General Discussion 

The objective of these experiments was to examine new findings based on the theoretical 

assumptions of a dynamic model of recognition (Cox & Shiffrin, 2012). This model posits a 

feature sampling process that is independent of the start time of accumulation – rather suggesting 

that decisions are based on changes in familiarity over time. Previous findings support 

predictions of our dynamic model of recognition with respect to standard findings, as well as 

disparate results from priming studies (Jacoby & Whitehouse, 1989). In addition, the model can 

account for findings related to the dynamic presentation of partial features that are presumably 

sampled before accumulation begins (Cox, Lewis, & Shiffrin, 2013). Taken together, numerous 

empirical observations follow naturally from theoretical assumptions articulated in the current 

model. When compared against the performance of competing models of recognition memory, 

our model specifically highlights the importance of addressing the time course of early 

perceptual processing and the availability of information during accumulation. Moreover, models 

that do account for perceptual feature processing (Brockdorff & Lamberts, 2000) have also 



 
 

41 
 

struggled to account for observations that are easily modeled by an accumulation process that 

indexes changes in familiarity over time. In Experiments 1 and 2 of the current manuscript we 

sought to expand upon the strong empirical foundation for our dynamic model of recognition 

(Cox & Shiffrin, 2012) by testing several novel predictions. Importantly, as described in 

preceding sections, the current studies provide some evidence in support of our theoretical claims 

with respect to recognition performance, following presentation of diagnostic information at 

different latencies. In particular, features sampled before the onset of an entire stimulus provide a 

starting point for accumulation that is then driven more strongly by the features presented later, 

upon onset of the entire stimulus item. In both experiments we found that completely diagnostic 

information for new items (2:0 and 3:0), as well as strong evidence for old items (3:2), lead 

participants to near ceiling performance. It is possible to interpret this observation in the context 

of our model framework. For example, in the 3:0 Dynamic-Early condition the starting point of 

accumulation represents a very low match due to inclusion of features that are completely 

diagnostic of a new test item. While subsequent changes in familiarity are driven by onset of the 

stimulus component that matches 3 study list items, the initial poor match may still benefit the 

accuracy of recognition judgments. In the Dynamic-Late condition, the starting match is strong 

but the accumulation process may be differentially driven by later presentation of the completely 

diagnostic, novel stimulus component – again leading to similar near ceiling performance. This 

account is further supported by more modest gains in accuracy for poorer overall matches in the 

2:0 diagnosticity condition, as compared to the 3:0 condition for new items which, in turn, 

outperform the partial but excellent match of the 3:2 diagnosticity condition for old items. It is 

worth noting that we did not identify a similar effect of diagnosticity for completely diagnostic 

items in our previous study with consonant triads (Cox, Lewis, & Shiffrin, 2013). This may be 
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due to the consonant triads being more difficult test stimuli – each being based on a small pool of 

prototype letters, thus making the strength of completely diagnostic information less evident and 

reducing the likelihood of ceiling level performance. Evidence for the effects of early versus late 

dynamic presentation is more readily observed when the match between components and study 

list items is less diagnostic of new or old items, as was the case in the 3:1 and 2:2 conditions. 

These conditions yielded the strongest dynamic presentation effects in Experiment 1 and more 

modest trends were also noted in Experiment 2. When neither component provided fully 

diagnostic information, performance changed in the direction of diagnostic information 

presented at the later latency for 3:1. A similar effect may have increased the probability of 

responding ‘new’ for 2:2 test items in the dynamic condition, wherein simultaneous presentation 

of both matching components in the static condition may have biased recognitions decisions 

toward ‘old’ judgments. While these effects were not found clearly throughout all conditions and 

experiments, the current study was likely under-powered due to the low sample sizes included in 

Experiments 1 and 2. In effect, while current interpretations lean on the side of speculation, this 

does not diminish the importance of future work exploring fine-grained temporal aspects of the 

mechanisms underlying recognition memory. Stronger results from new studies, paradigms, and 

improved designs will help us further tease apart the dynamic processes underlying recognition. 

The current study adds to accumulating empirical evidence that an understanding of recognition 

dynamics will be integral to elucidate the inner workings of recognition-based memory. The 

current work provides a foundation for replication of our findings, as well as subsequent 

experimentation that may further test and refine the theoretical assumptions of our model. 
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