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was preferred over the extended dual-process model, 
using average data, was .30. This result is quite stunning. 
It means that, when bootstrapped from the same data, 
model selection is quite inconsistent: 30% of the time, the 
one-dimensional model is chosen; 70% of the time, the 
extended dual-process model is selected. The situation is 
much clearer when using individual data: For 97% of the 
resampled data, the one-dimensional model was selected, 
and the extended dual-process model was selected for 
only 3% of the data sets. Comparisons of STREAK with 
the one-dimensional and extended dual-process models 
give similar results. Regardless of the type of data used, 
the one-dimensional model is clearly preferred over the 
standard dual-process model. Although there is a rela-
tively high degree of inconsistency when using average 
data, the results when using individual data are clear-cut: 
The one-dimensional model is preferred.

the obtained differences are due to noise in the data, espe-
cially when there is high overlap between the fits of the com-
peting models. That is, the data may not strongly suggest 
that one model is to be preferred over another, so the con-
clusions appear unstable when analyzed differently. Using 
a new bootstrapping analysis, the experimental data were 
resampled and refit with each of the models to determine the 
stability of the model selection conclusions. We applied the 
technique to data from each of the three paradigms.

Old-First Paradigm
In the old-first task, a reversal of model dominance was 

observed when using individual rather than average data: 
The one-dimensional model was selected when individual 
data were used, yet the extended dual-process model was 
preferred when average data were used. How can these 
seemingly contradictory results be reconciled? To address 
this question, the individual human subjects’ data were 
treated as a pool from which to sample. Twenty-four indi-
viduals were drawn from the pool with replacement. Note 
that the empirical data were used here, not data generated 
from a model. As in the simulations described earlier, the 
competing models were fit to both the individual and av-
erage data from these sampled subjects. The differences 
of GOF were compared with the appropriate optimal cri-
terion to select the better-fitting model. We repeated the 
process of sampling a set of subjects, fitting the models, 
and comparing the difference of GOF to the appropriate 
optimal criterion 100 times. If the data strongly supported 
one of the models, the proportion of times for which that 
model was selected out of these 100 samples would be 
high. At the other extreme, if half of the samples fell on 
one side of the optimal criterion and half on the other, the 
data would completely fail to discriminate between the 
two models.

The proportions of times in which Model 1 was se-
lected from these sampled data are given in the upper 
section of Table 11. For example, the proportion of these 
bootstrapped data in which the one-dimensional model 
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Figure 11. Difference-of-goodness-of-fit histograms comparing the one-dimensional and process-pure, one-dimensional and 
STREAK, and process-pure and STREAK models, when fit to average data (upper row) and individual data (lower row), using the 
informed parameter selection method in the trinary paradigm. Criteria are shown by dotted (log L) and dashed (optimal) lines. The 
asterisks on the x-axes show the differences in goodness of fit for the empirical data. Extreme outliers (.4 SDs from each model’s 
mean) have been excluded from the figure. Note that the axes differ in scale across the panels.

Table 9 
Proportions of Incorrect Model Selections When Using 
 the Log Likelihood (Log L) and Optimal (Opt) Criteria 

 in the Trinary Paradigm

Model Comparison

(1) 1-D vs. 
(2) PP

(1) 1-D vs. 
(2) STREAK

(1) PP vs. 
(2) STREAK

Data Type  Log L  Opt  Log L  Opt  Log L  Opt

Overall

Average .35 .25 .34 .17 .20 .12
Individual .25 .25 .07 .06 .07 .04

Generating Model: Model 1

Average .48 .22 .12 .19 .12 .17
Individual .18 .18 .12 .05 .13 .04

Generating Model: Model 2

Average .21 .28 .56 .16 .28 .08
Individual .33 .34 .02 .06 .01 .05

Note—Proportions represent the rates at which simulations selected the 
nongenerating model as having generated the data. 1-D, one-dimensional 
model; PP, process-pure model.
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be interpreted as a combination of familiarity and recol-
lective variables, coupled with a response rule.

Such models have been compared in several ways. A 
particularly popular approach is to identify what we have 
called a “signature” prediction, an aspect of the data that is 
uniquely predicted (or not predicted) by one model or an-
other. The zROC, for example, is often examined for curva-
ture, because the dual-process and one-dimensional mod-
els predict different shapes. Myung et al. (2007) argued 
that such signature predictions allow for the most powerful 
experimental designs, but the results of such comparisons 
have been inconclusive in distinguishing models of recog-
nition memory (see the recent exchange between Parks & 
Yonelinas, 2007, and Wixted, 2007). Our results suggest 
that one reason these analyses have not been incisive is 
that they have been based primarily on average data, for 
which the best-fitting model is relatively unstable (see 
Table 11). Moreover, the success of models cannot depend 
completely on signature predictions unless the data sets in 
question are fully characterized by those aspects.

A potentially better way to compare models is by fit-
ting them to complete data sets for individual subjects. 
Because recent experiments designed to test remember–
know models have usually included rating responses, these 
models must generate a conditional probability for every 
combination of stimulus type, remember–know decision, 
and rating in the data matrix. Competing models may not 
have the same number of parameters, but measures such 
as the AIC and BIC attempt to level the field.

In previous research, we compared models in exactly 
this way and, as Table 1 illustrates, generally found sup-

Remember-First Paradigm
When using either average or individual data in the 

remember-first task, the one-dimensional model is se-
lected over the others. To determine the strength of this 
conclusion, we applied the data-bootstrapping procedure to 
the models in the remember-first paradigm (see Table 11, 
middle section). The fits to average data show less con-
sistency than the fits to the individual data, although the 
effect here is not so great. When using individual data, the 
one-dimensional model is clearly preferred.

Trinary Paradigm
There was no clear preference between the one-dimensional 

and process-pure models in the trinary paradigm. For this 
reason, we expected that our data-bootstrapping procedure 
would show little preference for either model, and the results 
support this expectation (see Table 11, lower section).

Discussion

To understand the implications of the present research, 
situating it in the history of remember–know research will 
be helpful. Early experiments (and, to be sure, many later 
ones) adopted a process-pure approach that identified the 
“remember” and “know” responses directly with underly-
ing processes. This interpretation has been undercut by a 
variety of results, such as the strong effects of response 
bias on both “old” responses (Rotello et al., 2006) and 
“remember” responses (Rotello et al., 2005). Models that 
incorporate decision processes have been developed and 
are often pitted against each other. All existing models can 

Table 10 
Optimal Criteria and Observed Goodness-of-Fit Differences 

in the Trinary Paradigm

Model Comparison

   
Data Type

 (1) 1-D 
vs. (2) PP

 (1) 1-D vs. 
(2) STREAK

 (1) PP vs. 
(2) STREAK

Optimal criteria Average 7.70 210.19 221.03
Individual 20.04 9.25 20.35

Data from Rotello & Macmillan 
(2006, Experiment 2)

Average 7.51* 229.08* 236.59*

Individual 20.40* 223.27* 214.21*

Note—1-D, one-dimensional model; PP, process-pure model.  *Model 1 selected with optimal 
criterion.

Table 11 
Proportions of Samples Favoring Model 1 in Each Paradigm

Model Comparison

 
Paradigm

  
Data Type

 (1) 1-D vs. 
(2) Extended DP

 (1) 1-D vs. 
(2) STREAK

 (1) Extended DP 
vs. (2) STREAK

 (1) 1-D vs. 
(2) Standard DP

Old-first Average .30   .82 .73   .98
Individual .97 1.00 .98 1.00

 
(1) 1-D vs. (2) PP

 (1) 1-D vs. 
(2) STREAK

 (1) PP vs. 
(2) STREAK

Remember-first Average   .87   .84   .51
Individual 1.00 1.00   .00

Trinary Average   .72   .76   .56
Individual   .51 1.00 1.00

Note—1-D, one-dimensional model; DP, dual-process model; PP, process-pure model.
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model. A minority of subjects is nearly always best de-
scribed by some other model (see Table 1). Although these 
individual differences may be due to the mimicry prop-
erties of the models and/or to noise in the data, another 
possibility is that different subjects may act in accord 
with different models. The difficulty in discriminating the 
one-dimensional and process-pure models in the trinary 
paradigm may also be attributed to such individual differ-
ences.10 Thus, not only does the use of average data lower 
model discriminability, it also obscures such potential dif-
ferences across subjects. Our analyses of the individual 
subjects’ fits may also obscure individual differences, be-
cause we summarized model fits by summing across sub-
jects. A set of fit value differences preferring one model 
can be offset by one or more such differences strongly 
preferring the competing model. We find it comforting 
that a visual inspection of the fits of the most successful 
models to individual subjects’ data in each of the three 
paradigms reveals that the fit values were tightly clustered 
with no clear outliers. Additional analyses could be done 
using techniques designed to uncover groups of subjects 
utilizing similar processes (see, e.g., Lee & Webb, 2005).

4. Use either the old-first or the remember-first para-
digm; avoid the trinary task. The trinary task is much less 
able to distinguish among models than the other designs.

The remaining recommendations make more explicit 
use of our simulation approach:

5. In experiments similar to those we simulated (in-
cluding the experimental paradigm, numbers of trials and 
subjects, etc.), our results can be used to qualify GOF 
conclusions. In particular, models can be discriminated 
with an optimal criterion, rather than the conventional 
zero criterion.

6. In experiments that are too dissimilar from those pre-
sented here, new simulations could be generated follow-
ing the method reported above, and the new results could 
be used in the manner illustrated here. Although it is best 
to perform new simulations for different experimental de-
signs, our conclusions are likely to extend to experiments 
with different numbers of trials per condition and to ex-
periments with different numbers of subjects. In a set of 
comparisons like ours (but using different models), Cohen 
et al. (2008) systematically varied the numbers of trials 
and subjects in the simulated experiments. Across three 
different sets of models, their results changed very little 
when the numbers of trials and individuals were in the 
range used in most remember–know experiments.

Of course, a variety of other methods take the func-
tional form of a model into account and could also be used 
to address the issue of model mimicry. These include the 
Fisher information approximation (Rissanen, 1996) and 
normalized maximum-likelihood (Barron, Rissanen, & 
Yu, 1998; Grünwald, Myung, & Pitt, 2005; Rissanen, 
2001) implementations of minimum descriptive length, 
Bayesian model selection (Kass & Raftery, 1995), and 
Bayesian nonparametric model selection (Karabatsos, 
2006). One of our goals, however, was to explore model 
mimicry using a method that could plausibly be used by a 
large number of researchers. Because the computational 
challenges inherent in applying these very powerful tech-

port for the one-dimensional model. But the AIC and BIC 
do not necessarily equate models for complexity, which 
raises the possibility that the one-dimensional model may 
have had an advantage in being able to mimic data from 
subjects operating under an entirely different model. The 
present simulations were designed to evaluate the relative 
complexity of current remember–know models.9

The outcome of these calculations is easily summarized: 
Far from having an unfair advantage, the one-dimensional 
model is often the least complex of the models under eval-
uation. Thus, its support when evaluated by GOF measures 
is not an artifact of its complexity. In cases in which other 
models do better (or almost as well), the differences in fit 
are small and—according to our simulations—largely the 
result of empirical “noise.” Our calculations are very com-
forting for proponents of the one-dimensional model.

These results are clear when based on individual data. 
Averaging data across individuals in order to compare 
these models, however, is often counterproductive. Aside 
from the risk of averaging out the critical decision compo-
nents of the models, our simulations show that averaging 
can increase the effect of noise and lower model discrim-
inability. The use of group data to compare models, along 
with the focus on signature predictions mentioned earlier, 
has contributed to the inconclusiveness of direct compari-
sons of remember–know models.

Our simulations also support a strong, simple recom-
mendation about experimental paradigms: Do not use the 
trinary response set. We found this design to be plagued 
by noise and low discriminability. It is fortunate that the 
design is not popular (only 54 of the 400 conditions in 
Dunn’s [2004] database used it), and the present results 
should discourage any enthusiasm for a trinary revival.

Implications for Future Research
Our main recommendations are for those testing mod-

els or applying them to remember–know data.
1. Extend the data beyond hits, false alarms, and 

remember–know response rates, so that the number of data 
points exceeds the number of parameters in the model. Our 
preferred method is to use confidence ratings and ROC 
curves, both because a number of models of remember–
know judgments have been extended to consider ratings 
(Rotello & Macmillan, 2006; Rotello et al., 2006) and 
because the availability of ROC data allows appropriate 
performance measures to be determined (Macmillan & 
Creelman, 2005; Rotello, Masson, & Verde, 2008)

2. Deal with all data simultaneously. Testing only par-
ticular parts of the data in an experiment—the signature 
predictions—has led to successes and failures for all 
remember–know models, and therefore to no strong con-
clusions. A complementary approach is to test the predic-
tions of entire classes of models (i.e., one- or two-process) 
against large numbers of data sets simultaneously. Dunn 
(2008) has adopted this elegant method with good suc-
cess; his results are in agreement with ours, in suggesting 
that one-dimensional models provide a better description 
of the literature than two-process models.

3. Fit individual data. Our analyses assume that one of 
the models under consideration is the correct generating 
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niques put them out of the reach of many researchers, 
we leave their application to models of remember–know 
judgments for future research.

The simulation approach reported here has been shown 
to produce excellent results in other domains (Cohen 
et al., 2008) and, at the same time, is easy to implement. 
Beyond their quantitative results, this and other simula-
tion methods (e.g., Navarro, Pitt, & Myung, 2004) have 
the advantage of producing an informative visual descrip-
tion of the relative generality and distinguishability of the 
models under consideration, an important advantage over 
methods such as cross-validation (e.g., Berger & Pericchi, 
1996; Browne, 2000) and generalization (Busemeyer & 
Wang, 2000).
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ratings to the binary choices. Our previous work compared different as-
sumptions about ratings in cases of ambiguity within a model (Dougal 
& Rotello, 2007; Rotello & Macmillan, 2006; Rotello et al., 2006); only 
the most successful versions are considered here.

4. In this and all other models, cells predicted to have a response pro-
portion of 0 were replaced with predicted values of .01. The other cell 
proportions were then adjusted so the sum of all response proportions 
was 1.

5. Wixted and Stretch (2004) suggested that the location of the re-
member criterion might vary across trials. This extended version of the 
model was tested by Rotello et al. (2006), but because it was for the most 
part not successful, we consider only the fixed version here.

6. Because the one-dimensional model and STREAK have 8 param-
eters and the extended dual-process model has 10, the AIC and BIC will 
produce results different from those with the log L criterion. Applying 
the AIC to the one-dimensional and extended dual-process comparison 
produces overall average and individual error rates of 42% and 41%, 
respectively. When applied to the extended dual-process and STREAK 
comparison, the overall average and individual error rates are 10% and 
3%, respectively. Because the one-dimensional, standard dual-process, 
and STREAK models (and all further models discussed below) have 
the same number of parameters in this paradigm, errors for these com-
parisons cannot be reduced from those based on the log L criterion by 
using the AIC.

7. Following Yonelinas (2001), we call models dual-process if the 
recollection process has a threshold character. Similar models in which 
recollection is continuous are referred to as process-pure. Process-pure 
models are to be distinguished from the (model-free) process-pure ap-
proach criticized in the introduction.

8. Knowing was defined as a feeling of familiarity in the absence of 
any recollected details. If a subject responded “know,” he or she was told 
to “rate your feeling of knowing about reading this word” using a 3-point 
scale: (1) weak feeling of knowing, (2) moderate feeling of knowing, or 
(3) strong feeling of knowing.

9. Although other researchers have actively compared remember–know 
models, we are not aware of any direct comparisons of complete, rating-
based remember–know models aside from our own efforts. For recent ex-
amples of this approach in studies without a remember–know component, 
see Heathcote, Raymond, and Dunn (2006) and Macho (2004).

10. Although individual differences almost certainly do play a role 
in this inconsistency found for the one-dimensional and process-pure 
comparison of Table 9, it is likely that a more subtle force is also at work: 
The empirical data for the one-dimensional and process-pure models 
are in a location of data space in which the two models can well mimic 
each other. Regardless, the conclusion remains the same: It is difficult to 
declare that either of these models is the “correct” one.
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NOTES

1. For all simulations, the standard deviation of the normal was 5% of 
the range. A parameter value was resampled if it fell outside the range.

2. The uninformed and informed simulations led to only three substan-
tively different conclusions. According to the uninformed simulations, 
in the remember-first paradigm, the one-dimensional model was less 
complex than the process-pure model, and the process-pure model and 
STREAK were better distinguished using average data. In the trinary 
paradigm, the relative complexities of the models reversed for the indi-
vidual data. Because the model preference remained unchanged for the 
remember-first task and the trinary task yielded poor discriminability 
overall, we are not overly concerned by these fluctuations.

3. Confidence ratings have been used to expand binary responses in a 
wide range of domains. Systematic comparisons of rating and nonrating 
data have shown the results to be consistent (see, e.g., Egan, Schulman, 
& Greenberg, 1959). For each of the remember–know models fit in this 
article, we used the most straightforward assumptions possible to add 

(Continued on next page)
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Appendix

Fitting the Data
All simulations were run in MATLAB using the simplex search method (Lagarias, Reeds, Wright, & Wright, 

1998) to find the maximum-likelihood parameters. The simulated numbers of trials and subjects matched those 
in the real experiments (22 subjects for the remember-first paradigm and 24 subjects for the other paradigms, 
and 60 trials per condition for all three paradigms). To reduce potential problems with local minima, each fit 
was repeated three times using different starting parameters.

Optimal Criterion
The optimal criterion was found using a simple step-search (using 1,000 steps between the minimum and 

maximum difference of GOF). Occasionally (in 4 of the 54 cases in the text) the grid search did not include 
the log L criterion and yielded a higher error rate than the zero criterion. In those cases, we adopted the log L 
criterion as optimal. The deviations between the step-search and log L criterion error rates were typically very 
small (mean of 1.75% and a maximum of 3%) and did not affect the results in any significant way. If the two 
distributions are widely separated, a range of “optimal” criterion locations will all yield the same, minimal error 
rate. In that case, we defined the optimal criterion to be the mean of that range.

To estimate the variability of the optimal criterion, 900 of the 1,000 points in each histogram were used to 
estimate the criterion location; the remaining 100 points (0–100, 100–200, etc.) were used to determine the error 
rate. This estimation procedure was repeated 10 times for each model comparison. The standard deviation of the 
criterion location was generally well below 0.05.
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