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Abstract Dual process models postulate familiarity and

recollection as the basis of the recognition process. We

investigated the time-course of integration of the two

information sources to one recognition judgment in a

working memory task. We tested 24 subjects with a re-

sponse signal variant of the modified Sternberg recognition

task (Oberauer, 2001) to isolate the time course of three

different probe types indicating different combinations of

familiarity and source information. We compared two

mathematical models implementing different ways of

integrating familiarity and recollection. Within each model,

we tested three assumptions about the nature of the

familiarity signal, with familiarity having (a) only positive

values, indicating similarity of the probe with the memory

list, (b) only negative values, indicating novelty, or (c) both

positive and negative values. Both models provided good

fits to the data. A model combining the outputs of both

processes additively (Integration Model) gave an overall

better fit to the data than a model based on a continuous

familiarity signal and a probabilistic all-or-none recollec-

tion process (Dominance Model).

Introduction

Many theories of recognition memory assume that the

recognition process can be dissociated into two sub-pro-

cesses, often referred to as familiarity and recollection.

This distinction of two sources of recognition memory, also

related to differences in subjective experience, has been

supported in a multitude of cognitive, neuropsychological

and neuroimaging studies (for a review see Yonelinas,

2002), and has been incorporated in various dual-process

models of recognition (Atkinson, Herrmann, & Wescourt,

1974; Jacoby, 1991; Mandler, 1980; Yonelinas, 1994).

Familiarity is described as a fast assessment of item

strength on a continuous dimension. Recollection is

thought of as a slower process recalling source information

about a prior study event. Whereas item strength is a single

parameter of the memory trace representing an individual

item from a memorized event, source information consists

of relations between the item and its context, including the

spatio-temporal context of its appearance, thus forming a

distinct episode.

Dual process models typically assume a parallel initia-

tion of both processes, but call for a faster progress on the

accumulation of the familiarity signal than the attainment

of recollection. Another common assumption is that rec-

ollection and familiarity function independently at the time

of retrieval. That means, whether an item’s familiarity is

high or low does not influence its likelihood of recollection

and vice versa. This assumption is necessary to apply the

process dissociation procedure (Jacoby, 1991) by which the

contributions of the two processes can be separated and

identified. Much work has been done to dissociate famil-

iarity and recollection processes by examining how they

are independently affected by different variables (for a

review see Yonelinas, 2002). Our work concerns the
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complementary question of how these two sources of

information, once obtained independently, are combined

into a single judgment.

One obvious possibility is that both familiarity assess-

ment and recollection provide evidence for or against a

decision, which is fed into a common accumulator, where it

is integrated into a weighted average. The decision is based

on this average evidence. In this case the two processes

have symmetrical roles, each being able to compensate or

even override the other. This assumption is part of the sum-

difference model of Rotello, Macmillan, & Reeder (2004),

in which recognition decisions depend on the sum of two

continuous dimensions of evidence, global strength (i.e.,

the source of familiarity) and specific strength (i.e., the

source of recollection of specific details of an item).

Alternatively, familiarity and recollection can be argued

to play qualitatively different roles for the recognition

decision process. Yonelinas (1999) assumes different re-

trieval processes as underlying familiarity and recollection.

Familiarity assessment is described as a signal detection

process operating on a continuous variable of global

strength, as first proposed by Atkinson et al. (1974). Values

of strength are normally distributed across a continuum

from high to low such that studied items fall on the high

end and new items fall on the low end of the continuum,

overlapping each other. Participants respond according to

whether the strength value of a test item is above or below

a response criterion.

In contrast to familiarity assessment, recollection is as-

sumed to reflect a threshold retrieval process whereby

qualitative (i.e., temporal, spatial, associative) information

about the previous event is retrieved. Below the threshold

no recollective information is available to the participant,

who must therefore rely on the assessment of familiarity

alone. If enough source information is retrieved to exceed

the threshold, recollection occurs and dominates the rec-

ognition decision. This decision can then be made with

relatively high confidence, compared to one based on

familiarity, which is associated with a wide range of con-

fidence responses.

In our work, we tested two kinds of formal models for

the integration of evidence from familiarity and recollec-

tion, an Integration Model capturing the idea of a common

accumulator, and a Dominance Model capturing the idea

that recollection evidence, once it surpasses a threshold and

elicits a recollection event, dominates familiarity.

Dual-process models of recognition have mostly been

investigated in the context of experimental paradigms that

emphasize long-term memory and minimize the contribution

of working memory (i.e., by using long memory and test lists

and buffer items at the end of the memory list). Here we are

concerned with familiarity and recollection in working

memory. We assume that the same processes—assessment of

familiarity, recollection of study episodes, and the combi-

nation of evidence from these sources for a decision—are

used for recognition from long-term and from working

memory, but the sources of evidence for familiarity and

recollection are different. In working memory paradigms,

probing for recognition follows within seconds after pre-

sentation of the memory lists. Representations of the memory

lists are therefore likely to be still activated, and we therefore

assume that familiarity arises from the degree of activation of

a representation matching the probe (Oberauer, 2001). In

long-term memory paradigms, initial presentation of an item

precedes recognition probing by several minutes, hours, or

even days. It is very unlikely that activation of representa-

tions lasts that long, and therefore we assume that familiarity

in long-term memory paradigms arises from the degree of

intra-item associations (i.e., associations between the features

of the probed items) in long-term memory (Mandler, 1980),

which make it easier to reactivate the item’s representation.

Likewise, in working memory paradigms we can assume that

recollection is retrieval from working memory, whereas in

long-term memory paradigms, recollection relies on retrieval

from long-term memory. One important consequence of this

distinction is that in working memory paradigms lists are so

short that they can be retrieved exhaustively (either serially

or in parallel), and therefore negative probes can be rejected

by finding that they do not match any item on the list.

Exhaustive search, however, is unlikely in long-term mem-

ory paradigms with long lists that far exceed what can be

recalled perfectly. For these reasons, the models presented

here are tailored to recognition in working memory and

might not be easily applicable to long-term memory para-

digms.

The Modified Sternberg task and dual process models

of recognition

We used a modification of the traditional Sternberg (1969)

recognition task, first introduced by Oberauer (2001), for

an investigation of the dynamics of familiarity and recol-

lection processes. Two short memory lists distinguished by

their color were presented simultaneously. After the

encoding phase a color cue indicated the relevant list for

the recognition decision. Thus there were three types of

probes: positives (i.e., items of the cued list), negatives

(i.e., new words), and intrusion probes (i.e., items of the

irrelevant list).

This experimental design allowed us to disentangle the

contribution of the familiarity and the recollection pro-

cesses. For the positive probes the two processes converge,

both accumulating positive evidence for the presence of the

word in the relevant list. For negative probes we expected a

low-familiarity signal and no recollection of a recent event
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involving the probe word, such that both processes con-

verge toward a negative decision. A conflict between the

familiarity and the recollection process arises for deci-

sions on intrusion probes, which elicit high familiarity but

can be rejected upon evidence from recollection. This

conflict is manifest in intrusion costs, that is, higher

reaction times and error rates on intrusion probes com-

pared to negative probes (Oberauer, 2001, 2005). Differ-

ent from previous experiments demonstrating intrusion

effects from recently encoded memory items (e.g.,

Jonides, Smith, Marshuetz, Koeppe, & Reuter-Lorenz,

1998; McElree & Dosher, 1989; Monsell, 1978), our

paradigm allows to equate the contribution of the two

processes on intrusion probes to corresponding processes

on other probe types: as words in both lists were studied

at the same time and to the same degree, they should have

equal strength in memory. Therefore, the familiarity

signal for an intrusion probe should be as strong as for a

positive probe. Only recollection of which item has been

in which list can discriminate between positive and

intrusion probes.

There are two ways in which recollection can be used

for rejecting intrusion probes. One way is by recalling the

list context in which the probe has been experienced be-

fore, that is, retrieving a representation of the irrelevant list,

using the probe as a cue. The other option is to retrieve all

items in the relevant list and compare them to the probe,

thereby deciding that the probe is not an element of the

relevant list. The latter process can also be used to reject

negative probes, so if recollection operates by retrieving

the items of the relevant list, we can equate the recollection

process on intrusion probes and that on negative probes.

Intuitively, successful rejection of intrusion probes is

challenging for the Integration Model, which additively

combines the two conflicting sources of evidence, famil-

iarity and recollection. To anticipate, our modeling analy-

ses show that the Integration Model stands this test very

well.

Speed-accuracy trade-off functions

To investigate the dynamics of familiarity and recollection

and their interaction over the time course of evidence

accumulation, we measured speed-accuracy trade-off

(SAT) functions with the response-deadline method (e.g.,

McElree & Dosher, 1989; Reed, 1973). The retrieval pro-

cess is interrupted at various times after the onset of the

recognition probe with a tone, forcing participants to re-

spond immediately with YES or NO. From these data one

can estimate individual SAT functions for the time course

of recognition. An idealized three-parameter SAT function

is shown in Fig. 1.

Three parameters fit the empirical SAT functions with

an exponential approach to a limit:

PðtÞ ¼ d þ c� dð Þ � 1� e�½ðt�aÞ=b�
� �

for t[a ð1Þ

In this equation, P(t) reflects the probability of a given

response (YES or NO) at processing time t and d is the

chance performance parameter. The intercept a represents

the discrete point at which the curve departs from chance

responding, the time constant b is the slope, such that the

reciprocal value of b (1/b) represents the speed with which

the curve approaches the asymptote, c. Therefore a small

value of b reflects a faster change of P(t) towards the

asymptote and a high value of b reflects a slower approach

to the asymptote. Various studies found that Eq. 1 provides

an appropriate approach of summarizing the shape of a full

time-course SAT function with the signal-detection

parameter d¢ as the measure of recognition performance

(Dosher, 1981; Hintzman & Curran, 1994; McElree &

Dosher, 1989, 1993; Reed, 1973). The d¢ index integrates

the probabilities to respond YES to different probe types

(i.e., hits and false alarms), thereby correcting for potential

biases. Here we opted for modeling the probabilities of

YES responses for each probe type separately, capturing

potential biases directly in the models. This provides more

information about processes affecting each probe type and

therefore stronger constraints for the models (see also

Hintzman & Curran, 1994). In addition, it allows us to link

our models to the process dissociation procedure (Jacoby,

1991), which uses the probabilities to accept different

probe types as empirical basis to disentangle familiarity

and recollection. In the context of our Dominance Model,

we offer a dynamical version of the process dissociation

model for recognition tasks. When modeling the proba-

bility of a YES response, the chance parameter d for an

unbiased response process is 0.5, and the asymptote c is

expected to be larger than 0.5 for positive probes, but

smaller than 0.5 for negative and intrusion probes. The

SAT curves for negative and intrusion probes therefore fall

Fig. 1 Idealized speed-accuracy trade-off function
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from an intermediate P(t) level to a lower asymptote (see

Fig. 3).

Method

Participants

Twenty-four students (mean age 22.9 years, SD = 2.6, 17

women, 7 men) were recruited from the University of

Potsdam. They completed six 45 min sessions and received

10,- DM (about 4 US$) for each session or course credits.

Design and stimuli

The verbal material consisted of 400 one- and two-syllable

German nouns. We tried to build a homogeneous pool of

common words excluding low frequent words and stimuli

with high emotional valence. For each trial within a block,

six words were selected at random without replacement

from the pool. The words were assigned to one of two lists,

each consisting of three words. Each block consisted of 64

trials, within which no word was repeated as part of a

memory list. There were three probe types; half of the

probes were positive, 25% were real negative, and 25%

were intrusion probes. Each probe type was tested at

each of eight interruption lags ranging from 0 to 3 s (see

following section).

Procedure

Stimulus presentation and response collection were con-

trolled by a 486 Personal Computer with a 17-inches

monitor.

Each trial started with the simultaneous presentation of

the two word lists. The lists were displayed for 6 s in

separate rows on a black screen. The upper words were
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displayed in red, the bottom list in blue. The screen

cleared and in the middle a white fixation cross appeared

for 1,000 ms. After that interval the probe word was

shown in a small rectangular frame in the middle of the

screen in either red or blue, the color indicating which list

was relevant. The probe remained on the screen until the

subject pressed one of the shift keys on the computer

keyboard. At 0, 150, 300, 450, 650, 1,000, 1,500 or

3,000 ms after the onset of the probe item, the subject

was cued by a tone to respond. The tone remained until

execution of the answer.

Participants were instructed to respond immediately

after the onset of the signal tone, regardless of whether they

felt confident about their answer or not. In case they had

decided about an answer before the tone, they were in-

structed to wait until the tone nonetheless.

The participant responded with the right and the left

shift keys. For half of the participants the right shift key

represented the answer YES and the left key represented

the answer NO; for the other half the answer keys were

mirrored. Latency feedback was given in the case of

responding before the signal or responding not within a

time window of 300 ms after the signal to enable the

participants to monitor their performance. Accuracy feed-

back was not given.

The study consisted of six 45 min sessions on different

days. During the first session participants practiced the

cued response SAT method. There were no additional

practice trials in the following sessions. The practice data

were excluded from the analysis. Each of the 6 sessions

consisted of a total of 192 trials, divided into 3 blocks.

Across the remaining five test sessions this yielded a total

of 60 trials per lag for the positive probes and 30 trials for

the negative and the intrusion probes each. The participants

were tested individually and were free to rest between

blocks. Each session was initiated by displaying the

instruction on the computer screen, emphasizing the task of

responding immediately after the tone.

Results

Response Latencies

We excluded responses given before the onset of the signal

(2% of all trials). The criterion of answering within 300 ms

after the response signal was met in 71.5% of all trials.

Times of reacting after the response signal were analyzed

by an ANOVA with lag of the signal (8) and probe type (3)

as factors. Latency to respond depended on lag,

F(7, 161) = 40.18, P < .001. As shown in Fig. 2a, early

interruption points were associated with larger reaction

times.

Latency was faster for both positive and negative probes

compared to intrusion probes, F(1, 23) = 10.25, P = 0.004;

Differences between positive and negative probes were not

significant, F(1, 23) = 2.60, P = 0.121. The probe type

effect interacted with interruption lag, F(14, 322) = 3.02,

P < 0.001, reflecting larger effects of probe type at earlier

lags. The effect of lag on latencies indicated that partici-

pants did not learn to comply with the response deadline

instruction perfectly. For the shortest lag (0 ms), the mean

reaction time for all probe types was 493 ms. Given the

small number of data points for model fitting, we kept all

trials for the SAT analyses. To take the unequal reaction

times following different lags into account, we computed a

new variable processing time by adding the mean reaction

time of each participant to the lag for each lag category. In

all models presented subsequently, the time variable al-

ways refers to the processing time computed in this way.

We identified a subset of six participants who complied

with the response deadline reasonably well in all lag con-

ditions (i.e., their mean latencies never surpassed 300 ms).

The mean latencies of this subset are shown in Fig. 2b. In

this subset the latencies were not affected by condition,

confirming that these participants did not use post-deadline

time for any significant amount of recognition decision

processes.

Accuracy

Accuracy increased with increasing time lag, F(7, 161) =

136.61, P < 0.001, and was lower for intrusion compared

to positive and negative probes, F(1, 23) = 56.64,

P < 0.001. Accuracy in responses to negative probes was

higher compared to positive probes, F(1, 23) = 32.42,

P < 0.001. The interaction of probe type and interruption

lag was significant, F(14, 322) = 11.90, P < 0.001, show-

ing unequal time courses of accuracy for the three probe

types.

Figure 3a shows the probability to respond YES to the

three probe types as a function of processing time for the

total sample. With increasing processing time, the curves

for both positive and negative probes quickly moved

toward their respective correct responses. In the full sam-

ple, they deviated from chance level (P = 0.5) even at the

shortest lag for the positive, t(23) = 2.178, P = 0.04, and

for the negative probes, t(23) = –4.36, P = 0.01. Since the

shortest lag was 0 ms, this must be attributed to some

processing of the probe during the relatively long reaction

times in this category. The responses to intrusion probes, in

contrast, although associated with even longer reaction

times, did not deviate significantly from chance at the

four shortest lags (lag 1: t(23) = –0.134, P = 0.895; lag 2:

t(23) = –0.739, P = 0.467; lag 3: t(23) = –0.337, P = 0.739;

lag 4: t(23) = –2.069, P = 0.05).

Psychological Research (2008) 72:289–303 293

123



Figure 3b shows the same data for the subset of par-

ticipants who met all the deadlines. In this subset, no

deviation from chance performance was observed at the

shortest lag, all t(5) < 1 (see Fig. 3b). The probability of

accepting an intrusion probe rose slightly above its initial

value over the first two lags and then sharply declined. The

initial increase could be expected from a fast familiarity

process that is not yet counteracted by recollection; this

effect, however, was not present for each of the six par-

ticipants individually, and therefore could not be secured

statistically.

Model-based analysis

Three models were fit to the probabilities of a YES re-

sponse to each probe; one descriptive model and two

theoretically motivated models incorporating different

assumptions about the integration of familiarity and

recollection processes. The models were fit to individual

participants’ data. The SPSS nonlinear regression

algorithm was used to fit predicted SAT functions to the

data. The quality of the fit was assessed by the adjusted

R2 statistic (McElree & Dosher, 1989). It reflects the

proportion of the observed variance predicted by the

model adjusted by the number of free parameters, and is

given by:

R2
adj ¼ 1�

Pn
i¼1 di � d̂i

� �2
.

n� kð Þ
P

di � �dð Þ2
.

n� 1ð Þ
ð2Þ

where di represents the observed values, d̂i are the pre-

dicted values, �d is the mean, n is the number of data points,

and k indicates the number of free parameters.

For comparing the fit of the different models and the

resulting parameter estimations we used the Wilcoxon

Signed Rank Test, a non-parametrical test that does not

require normal distributions of the variables in question.

Therefore, in the following we will refer to the median

instead of the mean as a measure of the central tendency

Table 1 Individual and median parameter estimations and fit statistics of the descriptive model 1

Participant Parameter

apos aneg aintr bpos bneg bintr cpos cneg cintr Radj
2

1a 0.47 0.42 0.53 0.15 0.05 0.40 0.95 1.00 1.00 0.910

2 0.53 0.21 1.34 0.11 0.10 0.43 0.88 0.99 0.77 0.760

3 0.36 0.31 0.66 0.48 0.11 0.25 0.98 0.99 0.96 0.910

4 0.44 0.06 0.52 0.20 0.02 0.31 0.98 0.99 1.00 0.930

5 0.47 0.49 0.45 0.20 0.01 0.37 0.96 0.98 1.00 0.950

6 0.00 0.01 0.01 0.49 0.00 0.59 0.97 1.00 0.97 0.370

7a 0.55 0.26 0.88 0.31 0.19 0.19 0.98 1.00 0.96 0.860

8a 0.04 0.52 0.88 0.02 0.11 0.11 0.77 0.99 0.83 0.610

9 0.35 0.57 0.72 0.31 0.02 0.24 0.94 0.96 1.00 0.860

10 0.24 0.30 0.60 0.69 0.59 0.56 0.96 0.97 0.97 0.490

11 0.68 0.00 0.97 0.01 0.19 0.08 0.95 0.98 0.88 0.960

12 0.55 0.00 0.83 0.18 0.41 0.37 0.95 0.99 1.00 0.900

13 0.29 0.44 0.61 0.32 0.04 0.14 0.98 0.99 0.96 0.940

14 0.42 0.48 0.70 0.28 0.25 0.35 0.98 0.98 0.95 0.900

15a 0.50 0.28 0.28 0.37 0.17 0.93 0.94 1.00 1.00 0.910

16a 0.44 0.28 1.23 0.15 0.15 0.01 0.90 1.00 0.90 0.760

17 0.00 0.59 0.94 0.41 0.00 0.00 0.98 0.94 0.92 0.940

18 0.61 0.02 0.52 0.14 0.03 0.00 0.90 0.73 0.88 0.810

19 0.27 0.39 0.56 0.28 0.10 0.08 1.00 0.99 0.96 0.930

20 0.50 0.19 0.00 0.46 0.22 1.05 0.84 1.00 0.99 0.740

21 0.52 0.41 0.69 0.41 0.04 0.82 0.99 0.97 1.00 0.850

22 0.40 0.29 0.88 0.23 0.31 0.35 0.92 1.00 0.92 0.820

23a 0.31 0.23 0.67 0.41 0.21 0.17 0.97 0.98 0.98 0.950

24 0.54 0.50 0.78 0.03 0.02 0.39 0.88 0.99 0.99 0.890

Median 0.438 0.293 0.677 0.282 0.105 0.328 0.954 0.987 0.966 0.894

a The subset of participants complying with the deadlines at all lags
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for reporting the averaged fit statistic and parameter esti-

mations over all participants.

Descriptive model

To quantify the differences in time course and asymptotic

accuracy between the three probe type conditions we first

fitted a descriptive model to the data, using an exponential

function given by Eq. 1, where P(t) reflects the probability

to respond YES.

The descriptive model was evaluated with nine param-

eters (3a, 3b, 3c), such that each condition (positive, neg-

ative, and intrusion) had a free intercept, rate, and

asymptote parameter; the chance-performance parameter d

was fixed to 0.5. The median Radj
2 over all participants was

0.894. Table 1 summarizes median and individual fit sta-

tistics and parameter estimates for the model.

A comparison of the parameters with the Wilcoxon test

statistic showed no significant difference between the inter-

cepts of the positive (apos = 0.438) and the negative condi-

tion (aneg = 0.293) Z = –1.57, P = 0.116. The intercept of

the intrusion condition (aintr = 0.677), however, differed

from that of the positive condition, Z = –3.31, P = 0.001,

and from the intercept of the negative condition, Z = –3.88,

P < 0.001. This reflects the observation that responses to

intrusion probes took longer to deviate from chance.

Analyzing the rate parameter b, the model showed no

significantly slower rise (1/b) for the intrusion condition

(bintr = 0.328) in comparison to the positive condition

(bpos = 0.282), Z = –.829, P = 0.407, but compared to the

negative condition (bneg = 0.105), Z = –2.60, P = 0.009.

The curves for positive probes increased slower than those

for negative probes, Z = –3.14, P = 0.002. This could mean

that the evidence for a decision to a negative probe was

accumulated faster than for both a positive and an intrusion

probe. Alternatively, it could reflect a bias toward a NO

answer during the early time interval after probe onset.

The maximum accuracies represented by the asymptote

parameters were smaller in response to positive probes

(cpos = 0.954) than to negative probes (cneg = 0.988), Z =

–2.83, P = 0.005, but not in comparison to intrusion probes

(cintr = 0.966), Z = –0.83, P = 0.407. The asymptotes of

negative and intrusion probes only slightly differed, Z =

–1.95, P = 0.052. This pattern is again suggestive of a bias

toward a NO answer.

Model 1 (Integration Model)

In Model 1 the independent outputs of the familiarity and

recollection processes were given equal status. Familiarity

and recollection processes are gradually accumulating

evidence that is translated into an increase (in case of

positive evidence) or a decrease (in case of negative

evidence) of the probability to accept the probe. The

dynamics of the evidence from familiarity and from rec-

ollection is modeled by exponential functions

f tð Þ ¼ cf � 1� e�½ðt�af Þ=bf �
� �

for t[af ; else 0; ð3Þ

and

r tð Þ ¼ cr � 1� e�½ðt�arÞ=br �
� �

for t[ar; else 0; ð4Þ

where the indices f and r reflect the familiarity and the

recollection process, respectively. The processes are

assumed to run in parallel, with familiarity initiated before

the recollection process as reflected by the separate inter-

cepts, and with familiarity accumulating evidence faster

than recollection as reflected by the separate b parameters.

The accumulated evidence of the two processes is

simply added at every point in time. The relative influence

of familiarity and recollection depends on the relative

asymptotes of each process. The asymptotes, cf and cr, have

positive values for positive evidence or negative values for

negative evidence. Thus, positive f(t) and r(t) values reflect

evidence for accepting a probe, whereas negative values

reflect evidence for rejecting it, and values of 0 represent a

neutral state. The neutral state of the familiarity signal

would be one where the memory strength underlying

familiarity just equals a neutral decision criterion. The

neutral state of recollection would be one where the com-

parison of the probe to the list items has not returned any

result yet. The probability to accept a probe is calculated as

a logistic function of the evidence, together with a constant

bias. The integrative function is given by

P YESð Þ ¼ 1

1þ exp � f þ r þ biasð Þ � sð Þ ð5Þ

with f and r as the time-dependent evidences from famil-

iarity and recollection and bias as an additional parameter.

The parameter s reflects the Gaussian noise in the evidence

accumulator. The logistic function is a good approximation

to the cumulative normal distribution. As such, it repre-

sents the probability that a value of evidence with a mean

of (f + r + bias) and a standard deviation given by spffiffi
3
p

surpasses a threshold of 0 (Anderson, Lebiere, & Lovett,

1998).1 A logistic function with s = 5 is illustrated in

Fig. 4.

1 This probability is equivalent to the probability that evidence with a

mean of (f + r) surpasses a threshold—bias. Hence, Model 1 is a

signal detection model in which the zero point on the evidence

dimension is set to the neutral criterion; the actual criterion is bias.

The evidence is the sum of two continuous dimensions, f and r. The

model therefore is closely related to the two-dimensional signal-

detection model of Rotello et al. (2004).
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Test of Model 1

Within Model 1 (as also later within Model 2) we tested

three versions, differing in their assumptions about the

familiarity signal. Version A assumes that a match of a

probe with an activated representation elicits a positive

familiarity signal, whereas a mismatch elicits no familiarity

signal. Version B assumes that a mismatch elicits a nega-

tive familiarity signal, whereas a match produces no signal.

Version C combines positive familiarity signals for mat-

ches with negative familiarity signals for mismatches. We

first introduce each version and test it, starting with the full

set of free parameters and then trying to reduce it by

introducing constraints where they are theoretically justi-

fied. In this way we attempt to obtain the best fit with the

smallest number of free parameters, as indicated by the

adjusted R2. After that we compare the best fitting models

of the versions with each other.

Version A A common assumption of most activation

models (e.g. Atkinson et al., 1974) is that the familiarity

levels are a function of the degree of match between the

probe and memory items and the degree of activation of

these memory items. In this view, the evidence accumu-

lated over time can only be positive evidence (i.e., gradual

detection of a degree of match surpassing the neutral

decision criterion) or no evidence at all (i.e., absence of

evidence for a match above criterion). Therefore, on

average, positive probes will lead to an increase of the

familiarity signal f(t) over time, whereas with new probes

f(t) will stay constant at zero, its neutral starting value. The

mean (and the standard deviation) of the familiarity of

intrusion probes distribution should be equivalent to that of

the positive probes because words from the relevant and

the irrelevant list were encoded with equal strength.

We tested this idea by modeling the familiarity and rec-

ollection outputs of the three probe types separately. For

simulating familiarity we applied the exponential function as

given in Eq. 3 for positive and intrusion probes. For the

negative probes the familiarity output equaled zero. We

simulated the recollection process with Eq. 4 using the same

ar and br parameters for all probe types, cr as the asymptote

for positive probes, and –cr as the asymptote for negative and

intrusion probes. By doing so we made sure that the recol-

lection process of the positive probes accumulated positive

evidence for being in the relevant list, and the recollection

process for negative and intrusion probes accumulated neg-

ative evidence for not being in the relevant list. The absolute

value of the asymptote of the recollection process, cr, was

constrained to be smaller than or equal to 1.2 The outcomes

of the two processes are integrated by Eq. 5.

Within each version of Models 1 and 2 we successively

reduced the number of free parameters by fixing theoreti-

cally less relevant parameters to plausible values (i.e.,

s = 5, bias = 0), and by equating corresponding parameters

of the two processes (e.g., af and ar were replaced by a

single parameter a for both processes). We evaluated the

differences in the explained variances through Wilcoxon

tests. A significant decrease in the Radj
2 statistic led to the

termination of parameter reduction. The obtained model

fits were all very close to each other, so models that did not

differ significantly in fit were regarded as equivalent within

each version. We chose the model showing the highest

median in the Radj
2 statistic as the best fitting model in each

of the three versions.

For each version of Model 1 we started with a model

with eight free parameters (2a, 2b, 2c, 1bias, 1s; i.e. three

parameters for each process plus one bias parameter and

one noise parameter). Applying the strategy described

above we identified a six-parameter model (1a, 2b, 2c,

1bias) of version A (median Radj
2 = 0.954) as the numeri-

cally best fitting model.

Version B In version B we implemented a familiarity

process that captures the notion of the extralist-feature

effect introduced by Mewhort and Johns (2000). Mewhort

and Johns showed that the response time on a probe is a

function of the number of the probe’s features not occur-

ring in the study set (i.e., extralist features). They suggest

that there is a feature-assessment process that does not

search for feature-matches of the probe with the items of

the memory set but searches for mismatching features. The

‘‘familiarity’’ process could therefore be re-interpreted as

an ‘‘unfamiliarity’’ process accumulating negative evi-

dence by detecting features that have not been part of the

stimulus set (i.e., extralist features).

Fig. 4 Logistic function with s = 5

2 Without this constraint, the perfect trade-off between the asymptotes

of the two processes and the noise parameter would prevent a stable

solution of the fit algorithm.
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In analogy to version A we modeled the familiarity

signal for the probe types according to Eq. 3. Only for the

negative probes the familiarity process could accumulate a

signal, which should be negative (i.e., cf < 0). For both

positive and intrusion probes there were no extralist fea-

tures, so the familiarity process could not accumulate any

‘‘unfamiliarity’’ signal and therefore f(t) was set to zero.

The recollection process for the three probe types was

computed as in version A by using Eq. 4. The fit of the 2a,

2b, 1c, 1bias, parameter model, with the noise parameter s

fixed to 5 and a common asymptote of the familiarity and

the recollection process, was the best compromise between

parsimony and reproduction of the data, yielding a median

Radj
2 of 0.966.

Version C In version C we implemented a hybrid of the

previous approaches. The familiarity process can accu-

mulate both positive and negative evidence, that is, both

information about matching features and information about

mismatching features of the probe accrue over time. Old

probes and intrusion probes reach on average positive

familiarity values and new probes obtain negative famil-

iarity values. The familiarity process for all probe types

was modeled according to Eq. 3, with negative asymptotes

for negative probes and positive asymptotes for positive

and intrusion probes. Recollection was modeled as in

versions A and B. The numerically best fit within the set of

1C models (median Radj
2 = 0.968) was reached with seven

parameters (2a, 2b, 2c, 1bias).

Summary of Model 1 Within the framework of Model

1 we tested three versions implementing different

assumptions about the nature of the familiarity signal. The

comparison of the best fitting models of the three versions

yielded a non-significant difference between versions 1A

(median Radj
2 = 0.954) and 1B (median Radj

2 = 0.966), Z =

–0.057, P = 0.954. The difference between versions 1B

and 1C (median Radj
2 = 0.968) failed the level of signifi-

cance Z = –1.457, P = 0.145. The difference between

versions 1A and 1C was significant, Z = –3.254,

Table 2 Individual and median

parameter estimations and fit

statistics of model 1

a The subset of participants

complying with the deadlines at

all lags

Participant Parameter

af ar bf br cf cr bias Radj
2

1a 0.42 0.51 0.02 0.39 0.22 0.86 –0.01 0.950

2 0.49 0.45 0.05 0.61 0.50 0.35 –0.36 0.950

3 0.12 0.51 0.00 0.91 0.30 0.82 –0.23 0.980

4 0.26 0.46 0.08 0.77 0.41 1.00 –0.33 0.980

5 0.44 0.45 0.05 0.84 0.16 1.00 –0.11 0.990

6 0.35 0.00 0.03 1.08 0.32 0.72 –0.30 0.990

7a 0.39 0.61 0.17 1.18 0.31 1.00 –0.17 0.970

8a 0.51 0.49 0.01 0.43 0.26 0.84 0.21 0.840

9 0.07 0.54 0.02 0.80 0.17 1.00 –0.03 0.970

10 0.00 0.78 0.04 0.13 0.11 0.48 –0.03 0.830

11 0.62 0.57 0.07 0.47 1.20 1.00 –0.66 0.980

12 0.08 0.66 0.05 0.89 0.28 1.00 –0.11 0.980

13 0.30 0.44 0.15 0.66 0.21 1.00 –0.03 0.960

14 0.38 0.53 0.11 0.77 0.12 0.78 0.02 0.980

15a 0.19 0.41 0.38 1.75 0.19 1.00 –0.12 0.940

16a 0.41 0.79 0.08 0.35 0.41 0.68 –0.16 0.970

17 0.59 0.48 0.00 1.01 0.29 1.00 –0.05 0.980

18 0.04 0.46 0.75 0.22 0.00 0.34 –0.05 0.790

19 0.32 0.41 0.09 0.51 0.13 1.00 0.04 0.970

20 0.45 0.36 0.00 1.08 0.18 0.48 –0.22 0.960

21 0.40 0.59 0.14 1.69 0.36 1.00 –0.25 0.940

22 0.31 0.76 0.32 0.41 0.37 0.80 –0.05 0.960

23a 0.29 0.51 0.07 0.85 0.19 1.00 –0.10 0.980

24 0.54 0.51 0.02 1.16 0.43 1.00 –0.23 0.970

Median 0.367 0.509 0.063 0.789 0.265 1.000 –0.110 0.968
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P = 0.001. We prefer model 1C over 1B because it pro-

vided numerically better fits.3

Consequently, we opt for version 1C as the best account

of the data within the framework of an integration model as

defined by Model 1. Individual and mean fit statistics and

parameter estimates of version 1C with seven parameters

are given in Table 2.

The parameter estimates of version 1C were consistent

with the assumptions of dual process models of recogni-

tion. The intercept of the recollection process (ar = 0.509)

started significantly later than the intercept of the famil-

iarity process (af = 0.367), Z = –2.943, P = 0.003. The

familiarity process was characterized by a faster rate than

the recollection process (bf = 0.063; br = 0.789; Z =

–4.029, P < 0.001), but familiarity had a much lower

asymptote (cf = 0.265; cr = 1; Z = –4.20, P < 0.001). The

negative value of the bias parameter (–0.110) reflects a

general tendency to respond with NO.

Figure 5a shows the observed probability to say YES as

a function of processing time for the three probe types

together with predictions of Model 1C with seven para-

meters, averaged over all participants; Fig. 5b plots only

the subset of participants complying with the deadline. The

model reproduced the main characteristics of the data.

Accuracy on negative probes quickly reached a high

asymptotic value; accuracy on positive probes increased

slower over time. The model also reproduced the chance

performance on intrusion probes for early interruption lags,

followed by a strong increase in accuracy for the latest

lags.

The good fit notwithstanding, there were significant

deviations between data and predictions that indicate that

there is room for improvement. An ANOVA with the

factors data source (observed vs. predicted) and interval

(lag 1 to 8) showed a significant effect of data source on the

response probability of the positive condition,

F(1, 23) = 10.19, P = 0.004. The interaction of data and

interval was also significant, F(7, 161) = 3.13, P = 0.004.

This effect could be attributed to consistent overestimation

of hit rate at longer lags. For the intrusion condition the

analysis showed a significant effect of the factor data

source, F(1, 23) = 6.69, P = 0.016. The interaction of data

and interval reached significance for the intrusion probes,

F(7, 161) = 2.34, P = 0.027. Correct rejection of intrusion

probes was slightly underestimated at longer lags.

To summarize, the assumptions of Model 1 have proved

viable. It is particularly remarkable that the additive inte-

gration of evidence, which entitles familiarity and recol-

lection to the same rights at every point in time, could

generate nearly equal asymptotic performance for intrusion

probes and for negative probes, thereby effectively neu-

tralizing the (misleading) effect of familiarity on the re-

sponses to intrusion probes.

Model 2 (Dominance Model)

We developed a second class of model to capture the

intuition that familiarity and recollection provide qualita-

tively different forms of evidence for the recognition

decision (Atkinson et al., 1974; Jacoby, 1991; Mandler,

1980; Yonelinas, 2002). In Model 2, familiarity is regarded

as a continuous process accumulating evidence, as in

Model 1, whereas recollection is seen as an all-or-none

process occurring probabilistically at some point in time.

As long as the recollection event did not occur in a given

trial, the recognition judgment is completely based on the

information of the familiarity process accumulated up to

that point. As soon as recollection occurs, it provides

decisive information as to whether the probe was or was

not in the relevant list. In this case the recognition process

no longer uses familiarity as a source of information and

instead completely relies on recollection.

The time courses of the familiarity signal, f(t), and the

accumulation of recollection evidence, r(t), were again

modeled separately by Eqs. 3 and 4, respectively. In any

given trial, the decision is determined either by recol-

lection or by familiarity. If a recollection event occurs, it

determines the decision according to its outcome.

Otherwise, the probability to say YES depends on

familiarity alone, as given by the logistic equation 6

below. Again we simulated the general tendency to re-

spond negatively by introducing a bias parameter. In

keeping with the assumption that the familiarity process

is a signal detection process we linked the bias param-

eter to the familiarity process.

PðYESjfamÞ ¼ 1

1þ exp � fam þ biasð Þ � sð Þð Þ ð6Þ

The probability that a recollection occurs depends on the

amount of evidence accumulated for recollection. Thus, we

regard the recollection event itself as all-or-none, but the

process leading to it as a continuous growth of information

accumulation. In contrast to the gradually increasing

familiarity signal, which is available to the decision pro-

cess at any time, the continually accumulated evidence for

recollection is not available for a decision. Only if the

evidence surpasses a threshold, the recollection event oc-

curs and from that moment on dominates the decision

process.

3 One might argue that the comparison of model versions is unfair

because versions 1A and 1B have only six parameters whereas 1C has

seven parameters. The within-version analyses, however, have shown

that 1A and 1B could not be improved by adding free parameters.

Moreover, the adjusted R2 statistic takes penalizes 1C for its larger

number of parameters.
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The accumulation of recollection evidence is modeled

by Eq. 4. Here, however, r(t) has a different meaning than

in the context of Model 1: it represents the amount of

evidence accumulated, regardless of whether it is evidence

for a YES or a NO response. Therefore, r(t) values can only

be positive (i.e., the asymptote cr is necessarily positive).

By applying the logistic function in Eq. 7 to r(t) we cal-

culate the cumulative probability that the accumulated

evidence surpasses the threshold tau at any point in time

P rð Þ ¼ 1

1þ exp � r � tauð Þ � sð Þð Þ ð7Þ

with r as the time-dependent evidence of recollection, tau

as the threshold parameter and s as the parameter reflecting

Gaussian noise in the evidence accumulation.

We integrated the familiarity and the recollection

information using the process dissociation logic (Jacoby,

1991; Jacoby, Toth, & Yonelinas, 1993). The overall

probability of a positive recognition decision (responding

YES) to an item depends on the probability that an item is

recognized on the basis of the recollection process plus the

probability to say YES on the basis of its familiarity value,

given that no recollection occurred. This calculation as-

sumes that familiarity and recollection are independent

processes. Based on this notion we formulated the proba-

bility to respond YES to positive probes as

PðYESjposÞ ¼ PðrÞ þ ð1� PðrÞÞ � PðYESjfamÞ ð8Þ

For negative and intrusion probes, recollection would lead

to a NO response. So the probability to respond YES to

negative and intrusion probes is a function of the

familiarity signal under the condition that the recollection

process does not provide a result. It is given by

PðYESjneg; inÞ ¼ ð1� PðrÞÞ � PðYESjfamÞ ð9Þ

The weight for the familiarity process, 1 – P(r), is

responsible for the familiarity-based decisions at early lags

in which the cumulative probability for a recollection result

is low. Increasing probability for a result of the recollection

process leads to an increasingly smaller weighting of the

familiarity outcome until it loses impact completely and

the decision is solely based on recollection (assuming that

it will eventually occur). This approach ascribes continual

access of the decision system to the output of the famil-

iarity process, whereas the processes leading to a recol-

lection event are assumed to be hidden from the decision

system as long as the event did not occur. The assumption

that the familiarity signal is a continuous quantity, whereas

recollection is an all-or-nothing event, is compatible with

most dual-process models. It is most explicitly endorsed by

Yonelinas (1999).

Test of Model 2

Within Model 2 we also tested the three types of the

familiarity signal operation modes. Again we first intro-

duce the best fitting models within each version and sub-

sequently compare them with each other. Search for the

best fitting model started with a nine-parameter 2a, 2b, 2c,

1bias, 1s, 1 tau model and proceeded to more parsimonious

models until a significant loss in Radj
2 was obtained.

Version A Allowing only a positive familiarity signal, the

2a, 2b, 2c, 1bias model with a fixed noise (s = 5) and tau

(tau = 0.5) parameter yielded the numerically best fit

(median Radj
2 = 0.953).

Version B Simulating Model 2 with a novelty-detecting

familiarity process, the six-parameter 2a, 1b, 2c, 1bias

model attained the highest median Radj
2 of 0.963.
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Fig. 5 Observed probability to respond YES for the three probe types

and predictions of Model 1. a Data for the full sample; b data for the

subset of participants who complied with the deadlines at all lags
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Version C With a familiarity signal accumulating both

positive and negative evidence the seven-parameter version

of Model 2 (2a, 2b, 2c, 1bias) resulted in the best fitting

model with a median Radj
2 of 0.965.

Summary of Model 2 The Wilcoxon test yielded no

significant difference between the best fitting model of

versions 2A (median Radj
2 = 0.953) and 2B (median

Radj
2 = 0.963), Z = –0.541, P = 0.607, but a significantly

better fit for 2C (median Radj
2 = 0.965) with positive and

negative familiarity values compared to version 2A, Z =

–3.254, P = 0.001. As for Model 1, the difference in the fit

statistics between versions 2B and 2C was not significant,

Z = –1.029, P = 0.304. Again we prefer version 2C over

2B because it provided the numerically better fit. In

Table 3 individual fit statistics and parameter estimates of

the 2a, 2b, 2c, 1bias model (Model 2C) are presented.

The intercepts of the familiarity and the recollection

process differed significantly (af = 0.402, ar = 0.485),

Z = –3.000, P = 0.003. The parameter estimates imply a

later intercept for the recollection process. The b parameter

for the recollection process was significantly higher than

for the familiarity process, Z = –4.086, P < 0.001. This

reflects a slower rate for the recollection process

(br = 0.436) than for the familiarity process (bf = 0.097).

Thus, consistent with dual-process theories, the familiarity

process was estimated to start earlier and proceed faster

than the recollection process. The estimated asymptotes

were much higher for the recollection (cr = 1) than for the

familiarity process (cf = 0.345), Z = –4.286, P < 0.001. As

illustrated by Fig. 4, an asymptote close to 1, together with

s = 5, implies that with long time intervals recollection will

occur with near certainty. The asymptotic level of famil-

iarity, in contrast, would generate only a relatively modest

response tendency. The bias parameter was estimated on

average to a negative value, indicating a tendency to reject

probes in the absence of evidence (bias = –0.119).

Figure 6a illustrates the predictions for the best fitting

version of Model 2 (2C) for the full sample, and Fig. 6b for

the subset complying with the deadline. The model showed

good adjustment to the characteristics of the data. The

analysis of the positive probe condition with data source

(observed vs. predicted) and interval (lag 1 to 8) as factors

revealed an effect of data source, F(1, 23) = 10.49,

Table 3 Individual and median

parameter estimations and fit

statistics of model 2

a The subset of participants

complying with the deadlines at

all lags

Participant Parameter

af ar bf br cf cr bias Radj
2

1a 0.42 0.51 0.07 0.22 0.31 1.00 –0.01 0.930

2 0.49 0.40 0.07 0.45 0.60 0.62 –0.40 0.950

3 0.50 0.50 0.02 0.45 0.34 1.00 –0.24 0.990

4 0.22 0.46 0.14 0.30 0.46 1.00 –0.33 0.970

5 0.44 0.46 0.07 0.30 0.21 1.00 –0.13 0.980

6 0.07 0.00 0.00 0.68 0.39 1.00 –0.35 0.990

7a 0.40 0.63 0.24 0.47 0.39 1.00 –0.17 0.970

8a 0.51 0.47 0.02 0.43 0.51 0.88 0.24 0.830

9 0.06 0.54 0.03 0.35 0.20 1.00 –0.04 0.960

10 0.00 0.50 0.02 0.57 0.10 0.95 0.00 0.820

11 0.00 0.43 0.19 0.76 0.48 1.00 –0.12 0.970

12 0.50 0.63 0.10 0.44 0.35 1.00 –0.13 0.970

13 0.32 0.43 0.24 0.29 0.34 1.00 –0.03 0.960

14 0.45 0.52 0.19 0.42 0.22 0.98 0.02 0.980

15a 0.38 0.41 0.24 0.65 0.24 1.00 –0.12 0.940

16a 0.41 0.75 0.09 0.32 0.45 0.87 –0.15 0.970

17 0.59 0.46 0.00 0.57 0.38 1.00 –0.05 0.980

18 0.17 0.42 0.38 0.28 0.00 0.69 –0.07 0.780

19 0.34 0.42 0.19 0.22 0.28 1.00 0.05 0.970

20 0.44 0.42 0.01 0.52 0.19 0.75 –0.24 0.960

21 0.41 0.50 0.17 0.79 0.40 1.00 –0.24 0.950

22 0.33 0.69 0.47 0.40 0.52 0.95 –0.04 0.960

23a 0.29 0.57 0.11 0.26 0.23 1.00 –0.09 0.980

24 0.54 0.53 0.02 0.54 0.47 1.00 –0.22 0.980

Median 0.402 0.485 0.097 0.436 0.345 1.000 –0.119 0.965
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P = 0.004, but no interaction of data source and interval,

F(7, 161) = 0.84, P = 0.554. The accuracies of the positive

probes were slightly overestimated by the model. For the

negative condition the main effect of data source was not

significant, F(1, 23) = 0.17, P = 0.680. The interaction of

data source and interval reached significance,

F(7, 161) = 6.27, P < 0.001. For the negative probe types

the model could not reproduce the accuracy for early lags.

The main effect of data source for the intrusion condition

was not significant, F(1, 23) = 0.45, P = 0.507 but the

interaction of data source and interval reached significance,

F(1, 161) = 5.64, P < 0.001. Model 2, like Model 1,

slightly underestimated the asymptotic accuracy of the

intrusion probes.

Comparison of the Models

With seven parameters and a median Radj
2 of 0.968, Model

1C yielded a significantly better fit than the descriptive

model (nine parameters, median Radj
2 = 0.894), Z = –4.229,

P < .001. Model 2C (median Radj
2 = 0.965) also explained

a higher proportion of variance with seven parameters

compared to the descriptive model with nine parameters,

Z = –4.114, P < .001. This result is remarkable given the

fact that for the descriptive model we equipped each probe

type with its own intercept, rate, and asymptote parameter.

This fact strengthens the dual-process account where we

did not model different probe types independently, but

the theoretically postulated outcomes of familiarity and

recollection.

For both the Integration Model (Model 1) and the

Dominance Model (Model 2), versions B and C explained

about equal amounts of variance, and version A slightly

less. Within each version fixing theoretically irrelevant

parameters (i.e. s and tau) to plausible values did not yield

a significant decrement in the fit, or implausible parameter

estimates. Fixing the bias parameter to zero yielded a

significant decrement in fit in both models.

A comparison of the best fitting models of the Integra-

tion model with the Dominance model yielded a small but

significant advantage of the Integration model (Model 1)

with median Radj
2 = 0.968, over the Dominance model

(Model 2) with median Radj
2 = 0.965, Z = –2.771,

P = 0.006. For the subset of participants who complied

with the deadline, the same advantage was observed, Z =

–2.201, P = 0.028. The Integration model (median

Radj
2 = 0.959) fit better than the Dominance model (median

Radj
2 = 0.950) for all six participants in this subset.

Discussion

In this article, we modeled SAT-functions of short-term

recognition on the basis of dual-process theories, formal-

izing two alternative ways of integrating the outcomes of

familiarity and of recollection over the time course of

recognition. The Integration model (Model 1) postulated an

evidence accumulation process in which familiarity and

recollection were merged additively. The Dominance

model (Model 2) adopted the process dissociation proce-

dure (Jacoby, 1991) with familiarity as a fast but unreliable

continuous accumulator of evidence which can be accessed

continuously, and recollection as a slower but dominant all-

or-none process. Within the frameworks of the two models

we tested three variants differing in the nature of the

familiarity signal. Both model frameworks provided better

fits than a descriptive model, providing strong evidence

that the dynamics of recognition can be described by a

mixture of an assessment of familiarity and the recovery of

source information. For differentiating between the two

models the fit statistic suggested a slight preference for

Model 1. The small difference in fit, however, does not
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Fig. 6 Observed probability to respond YES for the three probe types

and predictions of Model 2. a Data for the full sample; b data for the

subset of participants who complied with the deadlines at all lags
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justify a conclusive rejection of the theoretical assumptions

underlying Model 2. Further research needs to evaluate

data that allow a sharper differentiation between the two

accounts.

The models as outlined here are designed for recognition

in working memory. Most research on dual-process models

of recognition has been conducted in the context of theories

of long-term memory and with experimental paradigms

targeting long-term memory. It is not clear that our models

can be applied without changes to data from those para-

digms. In previous studies using the SAT technique to

disentangle familiarity and recollection processes (e.g.,

Hintzman & Curran, 1994), much longer lists and longer

study-test delays have been used. One consequence of this

is that the rate of false alarms to intrusion probes remained

high even at long lags. As Rotello and Heit (1999) dem-

onstrated, these data provide little evidence for recall-to-

reject, that is, recollection processes that serve to overcome

an initial high level of familiarity. Evidence for recall-to-

reject would consist in a reduction of false alarms over lags

that is larger than the corresponding reduction of false

alarms to new probes over lags.4 In our data this evidence

is clearly present (see Fig. 5), demonstrating that recol-

lection contributes substantially to correct rejection of

intrusion probes at longer lags.

The different SAT functions for intrusion probes point to

an important difference between recognition from working

memory and recognition from long-term memory. In

working memory paradigms it is possible to compare a

probe to each item of the (relevant) list, providing a recol-

lection source of evidence to reject items that were not in

the list. In long-term memory paradigms participants are

unlikely to use this strategy, because they have no chance of

exhaustively searching the memory list and thereby deter-

mine with any confidence that an item was not in the list.

The only chance of using recollection to reject an item is to

recall the most similar item on the list and determine that it

was not identical. This is a feasible strategy in the paradigm

of Hintzman and Curran (1994), where intrusion probes

differed from original list words only in one feature, whe-

ther they were singular or plural, and therefore provided a

strong and unique cue to the one highly similar word on the

list. New items with no strong relationship to a list item,

however, do not afford any recall-to-reject strategy in long-

term memory paradigms. For our models this means that the

recollection process on negative probes would have to be

set to zero, and the recollection process on intrusion probes

would at best be considerably weaker than the recollection

process on positive probes. Unfortunately, we cannot apply

variants of our models to existing SAT data from long-term

recognition paradigms, because none of these experiments

fulfils the condition that the familiarity of intrusion probes

is equal to the familiarity of positive probes, which is an

important constraint for our models.

To conclude, our work demonstrated the viability of two

formal models developed within the dual-process frame-

work to capture the dynamics of short-term recognition.

This adds two advancements to the literature. First, we

applied formal models of dual-process theories, which

were developed for long-term recognition, to recognition in

working memory. Second, we extended dual-process

models of recognition to describe how the two processes

evolve over time in a trial, offering two viable formaliza-

tions of how the two sources of evidence are dynamically

integrated. Further work can start from these models and

apply them to other short-term recognition paradigms (e.g.,

the n-back task, McElree, 2001) and link them to other

formal models of retrieval dynamics in working memory

(Oberauer & Kliegl, 2001).
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