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CHAPTERR 8 

Summaryy and Discussion 

InIn this closing chapter, I wil l first give an overview of the main findings from 
thiss thesis. Subsequently 1 wil l discuss some general theoretical issues that 
mostlvv relate to the work presented here as a whole. 

Thee first part of this thesis, Chapter 1-4, is concerned with implicit memory as 
reflectedd bv a change in performance in a two-alternative forced-choice 
perceptuall  identification task. Implicit memory can be operationally defined as a 
changee in behavior brought about by an earlier experience of which the subject 
hass no conscious (i.e., explicit) recollection immediately before or during the time 
thee behavior is displayed. I believe that the strong interest in the implicit 
memoryy phenomenon is mainlv due to the fact that it shows dissociations from 
measuress of explicit memory. For instance, amnesiacs often show intact implicit 
memory,, yet their explicit/episodic memory is (by definition) very poor. Some 
amnesiacss are unable to consciously recall events even after only a small period 
off  time (sometimes in the order of minutes). Suppose such an amnesiac plays 
pianoo and starts to learn a new musical piece. After having practiced it on a 
numberr of davs, he or she wil l still claim to be unfamiliar with it, since the 
amnesiacc cannot access the episodic memory that corresponds to having 
practicedd it (i.e., deficient explicit memory). Yet when seated behind the 
instrument,, the amnesiac might nevertheless show considerable improvement 
(i.e.,, intact implicit memory).' The finding that amnesiacs can show intact 
implicitt memory whereas their performance on tasks that tap explicit memory is 
extremelyy poor has been taken to support the notion of multiple memory 
systems.. The claim that multiple memory systems exist has led to a heated 
discussionn over the past 15 years. At present, the debate between the advocates 
off  the multiple memory approach vs. the unitary memory supporters is still 
unresolved.. For reasons of brevity, I wil l not discuss the ins and outs of the 
multiplee memory controversy, except to note that the controversy is difficult to 
resolve,, since (1) these researchers often try to explain different sets of data, (2) it 
iss not clear what exactly constitutes a separate system, (3) a system using only a 
singlee 'memory' can sometimes mimic behavior that is superficially indicative of 
aa dual memory system, and (4) implicit memory tasks often require access to a 
differentt kind of information then what is required for an explicit memory task 
(e.g.,, Wagenmakers, 2001). 

Thee task used throughout part I of this thesis is the two-alternative 
forced-choicee perceptual identification task (henceforth 2-AFC). In this task, 
subjectss have to identify a briefly flashed word-, as being one of two choice 
alternatives.. For example, the briefly flashed word TANCO is followed after, say, 

LLUnn intermediate case — memory that is partly explicit, ami partly implicit — a bo 
comescomes to moid. For example, I am aivare that I probably read about the piano-playing 
amnesicamnesic in some journal, but I am unable to recall the specific episode. Such a lack of 
sourcesource memory is ïoell-knoion, and is especially prevalent in the scientific community 
(e.g.,(e.g., Marsh, Landau. & Hicks, 1997). 

II  2 \}JI Chapter 4, ive also used pictures, icord fragments, and auditorily presented stimuli. f tT ] 
TheThe exact nature of the presented stimulus is of little interest for the argument presented 
here. here. 



SUMMARYY AND DISCUSSION 

200 ms. by a pattern mask, which is then followed by the presentation of two 
choicee words: the 'correct' target alternative (i.e., TANGO) and another, foil 
alternativee (e.g., MANGO). It is important to realize that most of the earlier work 
onn implicit memory used a free response identification task, in which subjects 
simplyy have to identify a flashed word without any restriction (i.e., subjects may 
comee up with any word). As wil l be apparent soon, the 2-AFC task has definite 
advantagess over a free response paradigm. The vital manipulation in the 
experimentss reported in this thesis is that we let subjects studv the choice 
alternativess in a prior study phase-: continuing the example mentioned above, 
subjectss could have studied (1) the target alternative TANGO, (2) the foil 
alternativee MANGO, (3) both TANGO and MANGO, or (4) neither of the two 
choicee alternatives. 

Previouss research by Ratcliff and McKoon (e.g., Ratcliff & McKoon, 1995, 
1996)) had shown that performance in a 2-AFC task was indeed influenced by 
priorr study of the choice alternatives4: prior study of the target alternative 
increasedd identification performance, just as it does in a free response paradigm, 
butt prior study of the foil alternative decreased identification performance. On 
thee basis of this result, Ratcliff and McKoon (1997) argued that the effects of prior 
study,, that is, the implicit memory effect, could be characterized as 'bias'. What 
thiss means is that subjects supposedly preferred the studied alternative over the 
nonstudiedd alternative, irrespective of which alternative corresponds to the 
flashedd word. 
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FiguurFiguur 1. Hypothetical data showing the staircase relation between study condition and 
identificationidentification performance in a two-choice task. See text for details. 
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Inn order to quantitatively capture the pattern of results across a number of 
paradigms,, Ratcliff and McKoon (1997) introduced the counter model. The 
counterr model explained the effects of implicit memory not by introducing a 
differentt memory system, but rather by a bias-mechanism that may be viewed as 
aa natural by-product of the word recognition process. The counter model was the 
firstt mathematical model for implicit priming phenomena and it generated much 
interest.. A second model, REMI -- discussed in Chapter 1 -- was soon introduced 
too account for some of the implicit memory effects in another way than the 
counterr model did (see Chapter 1 for details). However, both the counter model 
andd REMI shared the assumption that prior study acted solely to bias the 
identificationn process. In part I of this thesis we argue that this bias hypothesis of 
implicitt priming must be tested by comparing the situation in which neither of 
thee choice words is studied prior to the perceptual identification test to the 
situationn in which both alternatives have been studied. Figure 1 shows the 
patternn of results that is typically obtained when subjects study either the target, 
thee foil, both the target and the foil, or neither target nor foil. This staircase 
patternn indicates that prior study results in (1) a bias to prefer the studied 
alternativee and (2) more effective processing. The bias effect is quantified by 
addingg the differences between the conditions that only vary with respect to the 
studyy status of the foil alternative. The study status of the foil alternative does 
nott affect the efficiency with which the flashed word is encoded, and hence 'bias' 
cann be calculated as follows: bias = [P(study target) - P(study both)] + [P(study 
neither)) - P(study foil)] , where P stands for performance, that is, the probability 
off  correctly identifying the flashed word. The 'more effective processing' effect is 
quantifiedd by the difference between the condition in wTiich both choice 
alternativess have been studied vs. the condition in which neither of the 
choicee alternatives has been studied. For these conditions, the study status of the 
choicee words per se does not provide any discriminatory information (i.e., target 
andd foil are matched on the study variable) and any effect of prior study must be 
duee to some form of enhanced processing (ED), ED = P(study both) - P(study 
neither).. We have found this staircase pattern of results across a number of 
experiments,, mainlv for low-frequency items, and these are reported in Chapter 
22 and 4. These results, and those of Bowers (1999), were later replicated by 
McKoonn and Ratcliff (in press). 

Becausee of these results, both the counter model and REMI had to be 
adjusted:: instead of characterizing the effect of prior study as a mere bias effect, 
thee models were revised to incorporate some form of 'enhanced processing'. 
Chapterss 1 and 3 provide a detailed description of the revisions of both models. 
Inn short, the counter model was adjusted by adding the assumption that prior 

LAJT7/I'' instructions for the study phase were to "study these words for a later 
memorymemory task". 

hihi addition, these authors showed that the effects were not due to explicit strategies. 
TheThe most convincing argument is that the ortliographical/phonological similarity between 
thethe alternatives interacts with the priming effect. For more details Chapter 1. 
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studyy accelerates the rate of feature extraction from the flash, but only for 
low-frequencyy items. In contrast REMI and the criterion-shift model that was 
inspiredd by it, tried to retain the notion of bias. Generally speaking, both REMI 
andd the criterion-shift model assume that (1) studied items have a lower 
identificationn threshold than nonstudied items, and (2) if the total amount of 
accumulatedd evidence does not exceed some criterion value, subjects guess 
randomlyy between the two choice words. These models illustrate that it is not 
necessarilyy the case that a 'both primed benefit' or an 'enhanced processing effect' 
indicatess an improvement in low-level perception. Instead, the decisional system 
mightt be able to tune itself to likely events, essentially mimicking the effect an 
enhancedd rate of feature extraction would have. 

Ass a final note on the implicit memory research reported here, we would like 
too point out that the 2-AFC methodology can be used quite effectively to resolve 
aa number of other issues related to 'bias' versus 'enhanced discriminabilitv'. 
Usingg a 2-AFC paradigm, we might investigate whether variables such as word 
frequencyy or emotional valence (e.g., see Chapter 7) reflect a simple bias or 
enhancedd discriminabilitv. 

Partt II of this thesis also centers around the theme of priming'. That is, what 
effectt does prior study of a stimulus have on its subsequent processing? The task 
usedd in part II is the lexical decision task, in which the subject is presented with 
aa letter string for which he or she has to decide whether it is a word such as 
HEROO or a nonword such as DRAPA. The speed and accuracy with which 
subjectss accomplish the lexical decision task is supposedly related to the 
efficiencyy with which subjects can retrieve lexical information from memory. 

Chapterr 5 reports a number of lexical decision experiments that manipulated 
thee number of times a letter string has been encountered before. For word 
stimuli,, the studies show the regular pattern of results, also observed in 
perceptuall  identification (cf. Chapter 2): performance for both !ow-frequency 
wordss and high-frequency words is increased by prior presentations in lexical 
decision,, but this increase in performance is more pronounced for 
low-frequencyy words than for high-frequency words. For nonword stimuli such 
ass DRAPA, however, the results are more complex. In a normal, subject-paced 
lexicall  decision task we find that repeated nonwords are responded to faster than 
novell  nonwords. With increased speed-stress this facilitatorv nonword repetition 
primingg effect disappears, whereas the repetition priming effect for word stimuli 
remainss intact. When speed-stress is implemented bv means of a variable 
deadlinee procedure, we find that performance for repeated nonwords is worse 
thann for novel nonwords. Together with other findings from the lexical decision 
literaturee these findings strongly suggest that performance in lexical decision can 
dependd on two processes: (1) a facilitatorv episodic recollection process, and (2) 
aa familiarity process that biases subjects toward a 'word' response (see Chapter 5 
forr details). 

Itt has been argued (e.g., Balota & Chumblev,1984) that apart from lexical 
activation,, decisional factors plav an important role in determining lexical 
decisionn performance. The role of the decisional process in lexical decision has 
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beenn somewhat neglected bv most models (but see Stone & Van Ordon, 1993). In 
Chapterr 6, we applied the global memory model REM to lexical decision 
(REM-LD).. One of the main contributions of REM-LD is that it provides a 
principledd account of how subjects decide a letter string is not a word. This is not 
trivia]]  considering that nonwords have no representation in lexical semantic 
memory,, at least not on the first presentation. REM-LD assumes words are 
composedd of sub-units called features, containing orthographic and 
phonologicall  information. When a letter string is presented to the subject for 
lexicall  decision, the input letter string (i.e., the probe) is compared in parallel to 
alll  lexical word traces in memory. For simplicity we assumed that the majority of 
lexicall  word traces, being orthographicallv and phonologically very dissimilar to 
thee probe, play a negligible role in the comparison process (cf. Ratcliff, 1978). 
Thus,, the comparison process is effectively restricted to a small neighborhood of 
orthographicallvv and phonologically similar word traces in memory. Based on 
thee results of this comparison process, the system makes a Bayesian decision: it 
calculatess likelihoods for each word trace, and averages these likelihoods to 
arrivee at the odds that the probe is a word. The system does so by considering 
bothh the probability that the probe is a word, given the results of the comparison 
process,, and the probability that the probe is a nonword given the same results. 
Inn REM-LD, the 'word' and 'nonword' responses are intimately related through 
thee Bayesian decision mechanism mentioned above. This leads to a number of 
parameter-independentt predictions that were verified in Chapter 6 (i.e., 
nonwordd lexicality and its reduction of the word frequency effect, and the word 
frequencyy effect on performance for nonwords). We wil l discuss REM-LD in 
moree detail in the next sections. 

Thee remainder of this chapter wil l focus on the various REM models 
discussedd throughout this thesis: REM (Shiffrin & Steyvers,1997; Maimberg & 
Shiffrin,, 2000), REMI (Schooler, Shiffrin, & Raaijmakers, 2001), ROUSE (Huber, 
Shiffrin,, Lyle, & Ruys, 2001), and REM-LD (see Chapter 6). More specifically, I 
wil ll  first discuss the general philosophy that underlies these four REM models. 
Onee of the core assumptions of the REM models is that the memory system has 
adaptedd to the statistical regularities in the environment (see also Anderson & 
Schooler,, 2000). Hence, human memory operates in a way that can best be 
describedd as (semi)optimal in the sense that the memory system strives toward 
maximumm efficiency in decision-making. Finally, the closing section of this 
chapterr deals with an evaluation of the differences that exist between the various 
REMM models. 

Whyy REM? 
II  wil l not attempt to place the REM model in a broad historical context, 

describingg in detail how REM relates to both older memory models (e.g., Estes, 
1950)) and current competitors. Such an exercise would be outside the focus of 
thiss work and take up too much space. The interested reader is referred to Bower 
(2000),, and Raaijmakers and Shiffrin (in press) for excellent historical overviews. 
Chapterr 6 features a discussion about the basic assumptions of the REM models 
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concerningg storage, retrieval, and decision-making. To recapitulate, REM 
assumess words are stored in memory as a series of separate elements or features 
(cf.. Estes, 1950). The value of these features can reflect information about the item 
itselff  (i.e., item-information), or information about the context in which the item 
wass experienced (i.e., context information). When a probe or test item is 
presented,, it is compared in parallel to a set of memory traces. The comparison 
processs wil l generally yield a number of matching and mismatching features for 
eachh separate probe-to-trace comparison. Based on these data, the system makes 
ann optimal Bayesian decision on whether the probe does or does not correspond 
too one of the memory traces that were involved in the comparison process. REM 
wass developed to provide a principled account of two phenomena that were 
difficul tt to handle elegantly in the then prominent global memory model, SAM 
(Searchh of Associative Memory, e.g., Raaijmakers & Shiffrin, 1981; Gillund & 
Shiffrin,, 1984). These phenomena are: (1) the list-strength effect (Ratcliff, Clark, & 
Shiffrin,, 1990) -- additional study time for some list items does not harm 
recognitionn memory for other items on the same list, and (2) the mirror effect 
(e.g.,, Glanzer & Adams, 1985) - for many variables, such as word frequency, an 
increasee in hit rate (correctly classifying a probe stimulus as OLD) is 
accompaniedd by a decrease in false alarm rate (incorrectly classifying a probe 
stimuluss as OLD). Both the list-strength effect and the mirror effect can be 
explainedd in the same way: When subjects are able to retrieve more information 
forr certain list items (e.g., items that were given additional study time), this wil l 
makee these items more discriminate from a noncorresponding test probe. In 
otherr words, as subjects have more information about studied items, the 
differencess between the studied items and a mismatching probe wil l become 
moree salient (e.g., Murnane & Shiffrin, 1991). This intuitive explanation can be 
formalizedd using a Bayesian analysis. 

Inn a Bayesian model such as REM, both the evidence for and against the probe 
correspondingg to a particular memory trace is taken into account. In REM, the 
likelihoodd that the probe corresponds to memory trace j increases with the 
numberr of matching features between the probe and the trace, but decreases with 
thee number ot mismatching features. When items are studied well, a relatively 
largee amount of information for these items is stored in memory. Consequently, 
thee probe-to-trace feature comparison process wil l result in relatively many 
matchess and a high likelihood when the probe corresponds to a memory trace 
(i.e.,, leading to a high hit rate) and in relatively many mismatches and a low 
likelihoodd when the probe does not correspond to the memory trace (i.e., leading 
too a low false alarm rate). Shiffrin and Steyvers (1997; see also McClelland & 
Chappell,, 1998) demonstrated that REM could adequately handle both the 
list-strengthh effect and the mirror effect. 

Ourr discussion of the REM models wil l be facilitated by considering the 
Bayesiann formula upon which the REM decision mechanism is based. Bayes' rule 
entailss that the posterior odds (9) is given by multiplying the likelihood ratio 
withh the prior odds: 
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CHAPTERR 8 

<PP = 
P(s\D)P(s\D) _ P(D\s) P{s) 

P{d\D)P{d\D) ~ P{D\d) P(d) 
(1) ) 

,, where s (for similar) and d (for dissimilar) denote memory traces that do and 
doo not correspond to the probe, respectively. D is the observed the data, that is, 
thee observed number of matches and mismatches between the probe features 
andd the features of the memory traces. This Bayesian formula is also used in the 
'rational'' ACT-R analysis that has been advocated by John Anderson and 
co-workerss (e.g., Anderson & Lebiere, 1998). The prior odds reflect the a priori 
likelihoodd that the probe corresponds to one of the memory traces. One can think 
off  the prior odds as a bias component: When the system uses a prior odds of 
(.6/.4)) this means that when no information is available to the system, the 
systemm wil l not guess, but rather prefer one response over the other on 60 
percentt of the trials. As more data become available, the impact of the prior odds 
onn the decision process decreases accordingly. In most psychological 
experiments,, the number of targets and foils is equal, and the prior odds would 
bee 1. At this point, one may well wonder how the brain computes these 
posteriorr odds, or why it would even bother to do so. As illustrated by the work 
off  Anderson and Schooler (1991, 2000) a Bayesian analysis is able to capture 
variouss statistical regularities in real-life situations. For instance, words that have 
recentlyy been encountered are likely to be encountered again in the next period 
off  time. A system that has developed in an adaptive fashion might take this into 
account,, for instance by raising the prior odds of encountering a word that has 
beenn recently seen. The argument is not that the brain calculates the posterior 
oddss directly. Rather, we assume that over developmental time, the system has 
adaptedd to take certain environmental regularities into account. Bayes' rule can 
bee cast in log odds: 

ln(<p)~ln n 
(Pis)) (Pis)) 

PUD) PUD) 
+ + (P(D\s)) (P(D\s)) 

P{D\d)) P{D\d)) 
(2) ) 

Thee advantage of this transformation is that, instead of multiplying the separate 
likelihoodss provided by each probe-to-trace feature comparison, the log 
likelihoodss are additive. First, as pointed out by Anderson and Schooler (2000; 
seee also McClelland & Chappell, 1998), equation 2 is similar to a standard 
equationn used in neural networks, where the activation of node i is determined 
bothh by its base level activation Bi and the additive effects of n neighboring 
nodess connected to node i: 

AiAi = Bi + !LWuL j'j-j j'j-j (3) ) 
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,, where Ij is the activation level of the neighboring node j and VVji reflects the 
strengthh of association between nodes i and j . The prior odds in the Bavesian 
formulaa correspond to the resting level Bi, whereas the addition of likelihoods of 
individuall  feature comparisons corresponds to the addition of weighted 
activationn values from neighboring nodes. 

AA further interesting comparison between models can be made using the 
logg transformation. Consider a random walk model for a two choice task. The 
processs starts at a starting point in between two boundaries, an upper boundary 
aa and a lower boundary -b. Incoming information that supports the choice 
alternativee 'X' wil l lead the system to take a step toward the a boundary, 
whereass information consistent with the other choice alternative, 'Y', wil l lead 
thee system to take a step toward the -b boundary.. Random walk models are part 
off  the class of sequential sampling models, and these models have been very 
successfull  in explaining a wide variety of results: response time distributions for 
correctt and error responses, as well as error rates across a range of tasks (e.g., 
Ratcliff,, 1978; Ratcliff & Rouder, 2000). The counter model (Ratcliff & McKoon, 
1997),, discussed in detail in Chapters 1-4, is also a random walk model. Using log 
likelihoods,, we can see that each matching feature increases the log likelihood by 
addingg a certain value, whereas each mismatching feature decreases the log 
likelihoodd by subtracting a certain value. The starting point of the process is 
givingg by the log prior odds, and the probability of a matching feature 
correspondss to the drift rate. An obvious application of, say, the REM-LD model 
too response times in a subject-paced lexical decision task would therefore require 
thee setting of two boundaries for log odds, one corresponding to the WORD 
response,, and one corresponding to the NONWORD response (e.g., Steyvers, 
Wagenmakers,, Shiffrin, Zeelenberg, & Raaijmakers, in press; see also McClelland 
&&  Chappell, 1998). Note that for the applications discussed in Chapter 6, the 
modell  uses a single criterion (i.e., odds = 1, or log odds = 0) to predict accuracy 
att a given time since stimulus onset. The biggest hurdle that prevents a simple 
randomm walk implementation of the REM-LD model is the fact that REM-LD 
calculatess the odds by averaging the likelihoods for the separate memory traces. 
Thee log odds, on which a random walk implementation should be based, are 
howeverr not obtained by averaging the log likelihoods. Another way to apply 
thee REM-LD model to response times in a subject-paced lexical decision task 
wouldd be to calculate the log odds after a criterion amount of features have been 
matchedd and use a transformed value of these log odds to drive a random walk. 

Too summarize, the REM model uses a Bayesian differentiation mechanism to 
explainn findings that were problematical for models that assumed performance 
acrosss a range of memory tasks to be based on some global strength value. 

Differentt REM models for different tasks 
Inn recent years, REM has been applied to a number of different tasks, ranging 

fromm perceptual identification and lexical decision to recall and recognition. One 
off  the goals of the REM approach is to demonstrate how a single memory svstem 
thatt makes (semi) optimal decisions given noisy information can account for 
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performancee across a variety of tasks: recognition and recall (i.e., episodic 
memoryy tasks), short-term priming and long-term priming in perceptual 
identificationn (i.e., implicit memory), and lexical decision (i.e., semantic 
memory). . 

Off  course, the tasks mentioned above vary considerably with respect to the 
processess required for successful performance. In both recognition and lexical 
decision,, a binary classification of the presented test stimulus is needed (i.e., 
OLD/NEWW and'WORD/NONYVORD, respectively). The REM models for 
recognitionn and for lexical decision both assume that the presented probe is 
comparedd to a set of similar items in memory. In both recall and free response 
perceptuall  identification, however, the subject needs to recover specific 
informationn related to only one memory trace. Another important difference 
betweenn the various tasks REM has been applied to is whether a search of all 
tracess in memory is necessary {i.e., lexical decision and free response perceptual 
identification),, or whether the probe-to-trace comparison is restricted by a 
specificc context (i.e., recognition and recall). This topic, that is, the difference 
betweenn episodic memory and semantic memory, brings us to the 
representationall  assumptions REM makes about what we have thus far in a very 
generall  way referred to as 'memory traces'. 

REMM assumes that every event is stored in memory as a separate, 
context-dependentt episodic trace. These episodic traces are relatively incomplete 
andd noisy. When an episodic trace is very similar to another, older episodic trace, 
thee new trace wil l add information to the old one. It is assumed that the various 
episodicc traces add both item-information as well as specific context information 
too the older episodic trace. After many similar events have occurred, the older 
episodicc traces have been filled with item-information, as well as information 
aboutt various different contexts. These traces that are relatively complete and not 
relatedd to a specific context are called lexical/semantic traces. In sum, REM 
positss the existence of both episodic and lexical/semantic traces. 

Inn both REMI (i.e., the REM model for long-term priming in perceptual 
identification)) and REM-LD (i.e., the REM model for lexical decision) prior 
presentationn of a stimulus adds information to the corresponding lexical/ 
semanticc trace. This added information wil l tend to match stimulus information 
onn a second presentation, increasing the likelihood ratio. ROUSE (i.e., the REM 
modell  for short-term priming in perceptual identification) differs from REMI in 
aa number of ways. For instance, ROUSE assumes that in certain situations, 
featuress turned 'ON' either by the prime or by the target that immediately 
followss the prime might be discounted. This particular difference between 
ROUSEE and REMI reflects the task-specific assumption that perceptual confusion 
playss an important role in short-term priming and is negligible in long-term 
priming.. The mechanism of priming is however not the only difference between 
ROUSEE and REMI. In REMI, the task of perceptual identification involves the 
activationn of lexical/semantic memory traces. In a 2-AFC paradigm, REMI 
assumess that the two choice alternatives activate their lexical/semantic 
representationss and that these representations are compared to the probe. Next, 
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thee subject chooses the lexical/semantic trace that has the most features in 
commonn with the probe. In ROUSE, the probe probabilistically turns features 
'ON'' in both choice alternatives directly, without any recourse to the 
correspondingg lexical/semantic representations (Rich Shiffrin, personal 
communication,, April 2001). One can argue for both the REMI and the ROUSE 
accountt of perceptual identification. The ROUSE account in which the probe 
actiyatess features in both choice alternatives directly without the need of 
activatingg the lexical/semantic memory traces of the choice alternatives makes 
moree sense if one considers the fact that subjects are able to perform the 
perceptuall  identification task with only pseudovvord or nonword stimuli that 
havee no representation in lexical/semantic memory. REMI, however, can account 
forr many lexical effects that evidently do play a role in perceptual identification 
(e.g.,, the word frequency effects, neighborhood effects, etc.) but that are 
presentlyy not addressed by the ROUSE model. A complete model of priming in 
perceptuall  identification might incorporate both a direct orthographic route a la 
ROUSEE and an indirect lexical route a la REMI. This is somewhat analogous to 
thee architecture of the Dual Route Cascade model (Coltheart, Rastle, Perry, 
Langdon,, & Ziegler, 2001). 

Throughoutt this thesis, we have focused on the effects of word frequency and 
repetitionn priming in visual word recognition. In the current REM models, word 
frequencyy effects are predicted because the representations for high frequency 
wordss supposedly consist of features that are more common than those for low 
frequencyy words. This explanation is one of the most explicit claims on the 
originn of the word frequency effect. Other models assert that word frequency 
effectss come about through a difference in (1) resonance (Gordon, 1983), (2) drift 
ratee in a diffusion model (Gomez, Ratcliff, & McKoon, 2001), (3) resting level of 
activationn (e.g., McClelland & Rumelhart, 1981), (4) threshold settings (e.gv 

Morton,, 1969), or (5) variability in feature values (McClelland & Chappell, 1998). 
Thee drawback of these explanations is that the word frequency effect is not 
reallyy explained, but rather described within the context of a specific model. The 
drawbackk of the REM explanation, however, is that it is probably not a complete 
accountt of word frequency. It is very plausible that word frequency effects can 
stilll  be found experimentally even when the high and low frequency words are 
equatedd for the frequency of their constituent orthographic features (e.g., letter 
frequencies).. Casting the REM explanation of word frequency in more general 
termss by attributing the effect to common context features rather than 
orthographicc features, as is done in REM-LD (for another context account of 
wrordd frequency see Dennis and Humphreys, 2001), loses some of its 
explanatoryy appeal. The major problem in accounting for the word frequency 
effectt is that word frequency is correlated with numerous other variables such as 
neighborhoodd characteristics, age of acquisition, concreteness, word length, etc. 
Att present, I believe two classes of models could provide a coherent account of 
wordd frequency across a range of tasks: (1) the context explanation mentioned 
abovee (e.g., Dennis & Humphreys, 2001; Landauer & Dumais, 1997), asserting 
thatt high frequency words occur in more contexts than low frequency words, 



andd (2) pure episodic models such as Logan's instance theory (e.g., Logan, 1988, 
1990),, asserting that high frequency words simply have more episodic traces 
thann low frequency words and are thus more readily retrieved. Both accounts can 
explainn why (1) performance for high frequency words is better than for low 
frequencyy words in tasks where the specific context in which the word was 
experiencedd is irrelevant for task performance (e.g., lexical decision), and (2) 
performancee for high frequency words is worse than for low frequency words 
whenn a context-filter is crucial for task performance, such as in recognition 
memory. . 

Anotherr important theoretical debate concerns the relation between word 
frequencyy and repetition priming. Effects of word frequency (i.e., frequency of 
occurrencee in natural language) are usually seen as cumulative repetition 
primingg effects {i.e., presentations in the context of an experiment). Such a 
commonn origin of word frequency and repetition priming is not only 
theoreticallyy parsimonious, but also follows naturally from models such as 
Logan'ss instance theory (e.g., Logan, 1990), connectionist models of visual word 
recognitionn (e.g., Monsell, 1991), and the REM account of how semantic memory 
tracess evolve from episodic traces. 

Severall  researchers (Jacoby & Witherspoon, 1982; Ratcliff & McKoon, 1997), 
however,, have argued against the view that word frequency and repetition 
primingg have the same origin. The argument is that the effects of repetition 
primingg are much more pronounced and long-lasting than is to be expected 
whenn the presentation of a word in the experimental context would be 
equivalentt to the earlier presentation of a word outside the experimental context. 
Theree are several reasons why this argument is not compelling. First, the fact that 
thee study context and the test context in psychological experiments are very 
similarr might enhance the repetition priming effect to an unknown extent. 
Second,, words in psychological experiments are usually presented in isolation, 
ratherr than in sentences. Since people might encode words presented in isolation 
moree distinctively than words embedded in sentences (e.g., Masson & MacLeod, 
2000),, a strong effect of repetition priming compared to the effect of presentations 
outsidee the experimental context might not come as a surprise. 
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