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The ties that bind what is known
to the recall of what is new

DOUGLAS L. NELSONand NANZHANG
University ofSouth Florida, Tampa, Florida

Cued recall success varies with what people know and with what they do during an episode. This
paper focuses on prior knowledge and disentangles the relative effects of 10 features of words and
their relationships on cued recall. Results are reported for correlational and multiple regression analy
ses of data obtained from free association norms and from 29 experiments. The 10 features were only
weakly correlated with each other in the norms and, with notable exceptions, in the experiments. The
regression analysis indicated that forward cue-to-target strength explained the most variance, followed
by backward target-to-cue strength. Target connectivity and set size explained the next most variance,
along with mediated cue-to-target strength. Finally, frequency, concreteness, shared associate strength,
and cue set size also contributed significantly to recall. Taken together, indices of prior word knowl
edge explain 49OJ6 of the recall variance. Theoretically driven equations that use free association to pre
dict cued recall were also evaluated. Each equation was designed to condense multiple indices of word
interconnectivity into a single predictor.

Few memory researchers would argue with the propo
sition that recall involves an interaction between what is
known and what is new. Early work on free recall (Deese,
1965; Jenkins & Russell, 1952) and cued recall (Bahrick,
1970) showed that memory is facilitated in each of these
tasks by preexisting connections among the words. More
recent work indicates that such connections can facilitate
implicit as well as explicit recall (e.g., Nelson, Schreiber,
& Holley, 1992), can inhibit as well as facilitate perfor
mance (M. C. Anderson & Spellman, 1995), and can pro
duce false memories (McEvoy, Nelson, & Komatsu, 1999;
Roediger & McDermott, 1993). Studies concerning the
interaction between known and new information often
involve a two-step research process. Free association data
are used as a yardstick for assessing what is known, and
recent study in an experimentally defined episode is used
to determine what is new. When preexisting knowledge
exerts an influence during a current episode, researchers
draw conclusions about the role of prior experience in
memory. Of course, known information comes in many
forms, and one purpose of this paper is to separate the rel
ative effects ofa number ofdifferent word features known
to affect cued recall. The second purpose is to develop
and evaluate measurement algorithms designed to reduce
multiple word-to-word connections to single-value pre
dictors of cued recall.
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In one exemplar of the two-step approach, subjects
study individually presented words or targets and are then
presented with other words as retrieval cues for prompting
target recall (see Nelson, McKinney, Gee, & Janczura,
1998, and Nelson, Schreiber, & McEvoy, 1992, for re
views). The test cues are called extralist cues because
they are unavailable during the study trial and cannot be
directly encoded along with their to-be-recalled targets.
This feature is important because subjects are forced to
rely on preexisting connections during retrieval, making
it an ideal task for investigating the interaction between
known and new information. The mutable nature of this
task represents another useful feature. In addition to ma
nipulating the features ofthe studied targets and cues, the
encoding and retrieval conditions can be varied indepen
dently. During either or both phases, subjects can be im
plicitly or explicitly oriented, they can be focused on dif
ferent levels ofstimulus information, context can be varied,
and in short, a host of experimental variations known to
affect cued recall can be varied. Given that the study trial
normally takes about 1 min and the test trial another 2
4 min, the extralist cuing task is akin to a semantic priming
task with longer delays and a stronger episodic component.

Results obtained in the extralist cuing paradigm indi
cate that preexisting features contribute substantially to
cued recall by influencing what is activated about to-be
remembered target words during study and by influencing
the effectiveness ofcues presented as retrieval aids during
testing (Nelson et al., 1998; Nelson & Schreiber, 1992;
Nelson, Schreiber, & McEvoy, 1992; Nelson & Xu, 1995).
Recall is more likely when targets have fewer preexisting
associates, when more of these associates are connected
to each other and back to their targets, and when they are
high in concreteness and low in printed frequency. Test
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cues are more effective when they are connected to fewer
associates, one of which is the target. Recall is also more
likely when test cues are more strongly related to their tar
gets (the forward connection), when targets are more
strongly related to their cues (the backward connection),
when cues and targets share mediated connections (e.g.,
apple-tree-orange), and even when they share associates
(e.g., both apple and orange produce fruit as an associate).
Such results are robust and occur under a variety of en
coding and retrieval conditions, but what is more impor
tant, they indicate that what subjects have learned about
words outside the episode contributes substantially to re
call within the episode.

This work is similar to other work on the role of pre
existing information in that it relies on assessing prior
knowledge-in this case, lexical knowledge-and then
attempts to manipulate that knowledge in the context of
a controlled episodic experience. The fact that word at
tributes, such as number ofassociates (set size), influence
recall validates the free association yardstick as a useful
index ofwhat people know when they have been exposed
to similar cultures. If the yardstick was invalid or unreli
able, there would be no reason to expect that the features
indexed by this method would have systematic effects
(Nelson, McEvoy, & Dennis, 2000). For example, iffree
association could not be used to estimate reliably how
many strong associates are linked to a given word and if
such associative information was not generally shared,
this attribute should fail to have consistent effects on re
call. The number ofassociates linked to a given word and
other word features indexed by free association could be
regarded as just another collection of random variables
that contribute to error.

Despite the apparent success of this work on prior
knowledge, there is an important drawback. Such work
relies on indexing features in free association in order to
predict memory performance in recall and recognition. Al
though the features are manipulated under carefully con
trolled conditions, they may not be independent. As far
as conclusions about preexisting representations are con
cerned, the research is as correlational as it is manipula
tional, and it is legitimate to ask whether the ostensible
effects produced by any given feature are direct or are pro
duced through an association with a correlated attribute.
This problem represents the classic dilemma of working
with materials variables, and researchers can solve the
problem in one of three ways. First, the potential role of
prior knowledge can be treated as random noise and then
ignored in research on the effects ofvariables that can be
directly manipulated during the experimental episode.
One problem with this approach is that evolving experi
mental paradigms and theories essentially treat subjects
as blank tablets and ignore the potential influence ofprior
information altogether. Second, prior knowledge can be
instilled under carefully controlled conditions, and its in
fluence on performance can be directly studied. This ap
proach represents the strongest tradition in experimental
science, but it raises legitimate questions about ecological
validity. Finally, in the measure-then-manipulate tradition,
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prior knowledge can be assessed in one task, and this in
formation can be used to predict and constrain perfor
mance in another. All ofour work on cued recall has been
of this type, but as was noted, such work suffers from the
possibility ofcorrelated attributes that eventually must be
disentangled.

This paper has two specific aims. The first and main
aim is to address the problem of correlated features di
rectly (see Rubin & Friendly, 1986). We examined cor
relations between features indexed by free association in
a normative database involving 58,000+ word pairs (Nel
son, McEvoy, & Schreiber, 1999) and applied both cor
relation and multiple regression procedures to an experi
mental database for extralist cued recall involving 2,000+
pairs and approximately 1,000 subjects. The rationale dri
ving these analyses assumed that low correlations among
word features in each database would indicate that they
can be regarded as functionally independent. Alterna
tively, the presence of natural correlations in the norma
tive database would suggest dependence among the fea
tures and would forecast a potential for confoundings in
the experimental database.

Natural relationships among the features ofwords can
be reduced or eliminated during the list-building process
by holding these features constant across conditions. For
example, when interest is focused on investigating the in
fluence of forward strength between the test cue and the
target, pairs are not selected at random, but with a view
toward representing this information as a variable. Other
features known to affect recall are controlled (e.g., word
frequency). Attempts to manipulate some features while
controlling others is a complex process in which many
constraints are applied, and although such constraints may
eliminate some confoundings, they may introduce others
as a result of the questionable assumption that what is
not controlled cancels out as random noise. The use of
multiple lists in any single experiment should al1eviate
such confoundings, but this procedure provides no guar
antees, particularly against natural relationships. What is
more, in long-term research projects, features left to vary
randomly early in the research only come to be controlled
later in the research (e.g., Nelson, Schreiber, & Xu, 1999).
Hence, we thought it would be important to apply multi
ple regression procedures to the results of experiments
on extralist cued recall conducted under similar condi
tions in the last 10years in our laboratory. Such procedures
can be used to determine whether a particular feature had
an effect on probability of cued recall that is above and
beyond any effects produced by its correlation with other
features.

The second aim of this paper was to evaluate measure
ment algorithms designed to reduce multiple indices of
word-to-word connection strength to single predictors.
Research on cued recall indicates that many different
types of preexisting connections bind words together to
influence success. Some of these connections concern the
associative organization of related words activated by a
studied target word, and others concern the various types
ofconnections that link this target with its test cue. Rather
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Table 1
Definitions of Features

Feature

Set size

Frequency
Concreteness
Connectivity
Resonance
Forward strength
Backward strength
Shared associate

strength

Mediated strength

Definition

Number of associates of a word produced by two or more subjects in a
discrete free association task.
Printed frequency of occurrence from Kucera and Francis (1967).
Ratings of word concreteness on a 1-7 scale.
Mean number of connections among the associates of a target.
Probability that an associate of the target produces it in free association.
Probability that a test cue produces its target in free association.
Probability that a target produces its test cue in free association.
Strength of a test cue and target when connected to a third word.
Calculated by multiplying the probability that the test cue produces Word
X by the probability that the target produces Word X and summing the
results when more than a single shared associate is involved.
Strength of a test cue and target when connected through a third word.
Calculated by multiplying the probability that the test cue produces Word
X by the probability that Word X produces the target and summing the
results when more than a single mediator is involved.

than simply being a function of activating a single link
between cue and target, recall is best described as the
meshing of the associative networks activated by each of
these entities (Nelson et aI., 1998). In the extralist cuing
task, recall appears to be the result of an intersection of
the test cue and its activated associates with the target
and its activated associates. However, when attempting
to control or to manipulate a preexisting relationship be
tween related words, investigators traditionally resort to
free association norms and use only a single indicator for
predicting connection strength. Typically, forward cue
to-target strength is used as the only metric (e.g., Bahrick,
1970; Nelson & McEvoy, 1979), but backward target-to
cue strength has also been used (Humphreys & Galbraith,
1975; Nelson et aI., 1998) because it carries implications
for the encoding specificity principle (Tulving & Thom
son, 1973). These metrics have proven their usefulness
in predicting memory performance, but their unidimen
sional nature places limits on their effectiveness, given
that we know that the connections relating any two words
are likely to be much more complicated. An index that in
corporates multiple sources of word-to-word connection
strength will ease list construction and reduce confound
ing in any task in which word-to-word relationships are
critical. Twosummary indices were developed, and their
effectiveness was evaluated in multiple regression analy
ses by determining how well they predicted the proba
bility of correct extralist cued recall.

METHOD

Procedure
In what we will call the standard procedure for the extralist cuing

task, a single study trial on a list of individually exposed target
words was followed by a single self-paced test trial. During study,
targets were presented visually at 3 sec per word under intentional
learning instructions indicating that memory for the words would
be tested. No advance information about the nature of the test was
provided. During the test trial, a single cue for each target was pre
sented to prompt the recall of its target, and testing followed im-

mediately after a short instructional period. All the subjects were
given explicit test instructions indicating that they should use each
test cue to help them recall one of the studied target words. Fifty
eight percent of the items were studied and tested under this stan
dard condition; 23% were given intentional learning instructions,
but the items were presented at faster or at slower rates; and 19%
were studied or tested under different instructions (concreteness
rating and vowel-naming study instructions, or must-guess and
must-not-guess test instructions).

Materials
The 2,272 cue-target pairs were taken from 29 different experi

ments run in our laboratory from 1989-1999. These pairs were se
lected from a large free association database that was started in the
1970s that now includes free association responses to 5,000+ words
and their responses for a total of more than 72,000 pairs. These
norms and the procedures for collecting them can be obtained on
the Web (Nelson, McEvoy, & Schreiber, 1999). Table I provides the
definitions for the features ofcues, targets, and cue-target pairs that
were defined by using the norms and that were evaluated in these
experiments, including set size, forward strength, and so forth.
Table 2 presents the sources of the data, as well as an indication of
what variables were manipulated in each experiment. The published
studies are indicated by the last names of the authors, the dates of
publication, and the specific experiments involved so that these ref
erences can be examined for additional details-for example, the
specific pairs used in each experiment, the number of subjects, and
so on. The unpublished studies are being prepared for publication
and do not differ in procedures or in item selection procedures. Al
though target set size was manipulated more than any other vari
able, no single variable was manipulated in all the experiments. All
the experiments had 24 pairs in each list, and at least two different
lists were used in each one. An average of 10.61 subjects (SD = 3.19,
range = 8-24) studied and were tested on each pair, with probabil
ity of correct recall computed by dividing the number of subjects
who correctly recalled the target, relative to the total tested on that
target.

Table 3 summarizes the experimental database in a way that
closely parallels work with the individual experiments. The purpose
ofthis table is to convey the main descriptive statistics for each fea
ture analyzed in the multiple regression analyses to follow and to
show that, when comparable criteria are used for defining features,
they have similar effects in the database and the individual experi
ments. The first column indicates the selected features that were
chosen because they had been manipulated in prior experiments and
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Table 2
Source of Materials

Source of Materials and Data
------------

What Feature Was Varied

Nelson, McEvoy,& Schreiber (1990), Experiment 2 TSS
Nelson & Schreiber (1992), Experiments I & 2 TSS, TCON
Nelson, Schreiber, & McEvoy (1992), Experiments I & 3 FS, QSS, TSS
Nelson, Schreiber, & McEvoy(1992), Experiment 4 QSS, ISS
Nelson, Bennett, Gee, Schreiber, & McKinney (1993), Experiments 1, lA, 3-5 TSS, TC
Nelson, Bennett, Gee, Schreiber, & McKinney (1993), Experiment 2 TSS, TC, SAS
Nelson, McEvoy, Janczura, & Xu (1993), Experiments 1-3,5 TSS
Nelson & Xu (1995), Experiments I & 2 TSS, TFREQ
Nelson, Bennett, & Leibert (1997), Experiment I FS,SAS-MS, TSS
Nelson, Bennett, & Leibert (1997), Experiment 2 MS-SAS
Nelson, McKinney, Gee, & Janczura (1998), Experiment I TC, TR
Nelson, McKinney, Gee, & Janczura (1998), Experiment 2 TSS, TC, SAS
Nelson, McKinney,Gee, & Janczura (1998), Experiment 3 FS, BS
Unpublished TSS, TR, TC
Unpublished FS-BS-SAS-MS, TSS, TC
Unpublished FS, TC
Unpublished TC, TFREQ
Unpublished TSS, Remote TSS

Note--QSS, cue set size; TSS, target set size; TC, target connectivity; TR, target resonance; FS, forward strength;
BS, backward strength; SAS, shared associate strength; MS, mediated strength; TCON, target concreteness;TFREQ,
target frequency; Remote TSS, set size of the associates of the target.

had been shown to affect cued recall. The second column reports
the average value of the specified feature for the 2,272 items used
in the 29 experiments (actually, because of missing concreteness
ratings, the sample sizes range from 2,171 to 2,272). Standard de
viations are reported next to the means throughout the table. Hence,
for cue set size, the data indicate that the 2,272 test cues had an av
erage of 13.68 associates (SD = 5.20).

The next four columns report the standard criteria used for defin
ing the variables in the individual experiments and the effects of
these variables on the probability ofcorrect cued recall. These cri
teria were always defined as less than, greater than, or equal to some
fixed value determined by examining the frequency distribution for
the feature and then selecting criteria at the extremes. For example,
test cues and targets with small and large sets have been defined as
those with 8 or fewer associates at the low end and those with 18 or
more associates at the high end, respectively, as determined by free

association norms. The third column reports the criteria used for
each feature. The fourth column indicates the mean and standard
deviation achieved for the feature at each criterion, and the fifth
column indicates the item sample size that meets this criterion. Fi
nally, the sixth column reports the probability of cued recall
achieved at each criterion. To continue the cue set size example,
cues with smaller sets tended to produce higher levels ofrecall (.63)
than did those with larger sets (.49).

That all contrasts were significant was indicated by t tests on the
recall probabilities. Variables that affect cued recall in subject
based analyses for data collected in individual experiments have the
same effects in item analyses based on data pooled over subjects.
Rather than describing each effect in detail, in order to conserve
space, readers are advised to scan across the rows describing each
feature to gain a sense of the nature ofeach manipulation, the num
ber of items in the database that meet the criteria, and the effect of

Table 3
Features, Their Descriptive Characteristics, and Their Influence on Probability of Correct Recall

Value Manipulation Recall

Feature Average SD Criterion M SD Sample Size P SD

Cue set size 13.68 5.20 :s8 6.83 1.39 444 .63 .25
2':18 20.97 2.43 526 .49 .25

Target set size 13.80 7.12 :s8 6.60 1.42 990 .61 .25
2':18 21.37 2.44 937 .47 .26

Target frequency 99 \77 :s \5 7 5 694 .60 .25
2':100 288 260 601 .50 .26

Target concreteness 4.90 1.29 :s3 2.61 0.37 243 .47 .25
2':5 5.89 0.45 1,243 .57 .26

Target connectivity 1.54 .79 :S.85 .56 .20 534 .53 .27
2':2.20 2.68 .38 473 .60 .24

Target resonance .53 .24 :s.36 .23 .08 580 .48 .27
2':.66 .82 .11 649 .60 .25

Forward strength .17 .12 :S.08 .06 .02 880 .46 .26
2':.24 .35 .09 505 .69 .22

Backward strength .12 .20 :S.08 .02 .02 1,465 .50 .26
2':.24 .51 .20 361 .65 .23

Shared associate strength .04 .08 :S.005 .00\ .002 897 .48 .27
2':.05 ,15 .10 481 .65 .25

Mediated strength .03 .05 :S.005 .00\ .001 1,018 .50 .27
2':.05 .12 .07 372 .67 .23
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Table 4
Correlations Among the Attributes of Associative Networks

in the Normative Database and in the Experimental Database

Attributes

QSS TSS TFREQ TCON TC TR FS BS SAS MS

QSS .06 .02 -.09 .01 -.07 -.26 -.08 -.23 -.20
TSS .13 .06 .10 .25 -.21 .00 -.13 -.20 -.07
TFREQ -.02 .25 -.23 -.14 .39 .01 -.19 -.17 .09
TCON -.07 -.06 -.28 .02 .08 .07 .02 .04 .03
TC .05 .32 .01 -.01 .01 -.01 -.01 .07 .00
TR -.13 -.26 .29 .12 .01 .11 -.12 -.06 .24
FS -.23 .01 .17 .03 -.03 .29 .29 .03 .17
BS .04 -.38 -.30 .04 -.12 -.08 -.01 .04 -.05
SAS -.30 -.33 -.16 .02 -.04 .04 -.08 -.09 .40
MS -.23 -.16 .16 .05 -.06 .34 .17 -.19 .43

Note-Values above and below the diagonal are from the normative and the experimental databases, respectively.
QSS, cue set size; TSS, target set size; TFREQ, [log(.5 + target frequency)];TCON, target concreteness; TC, target
connectivity; TR, target resonance; FS, forward strength; BS, backward strength; SAS, shared associate strength;
MS, mediated strength.

the feature on recall. We draw attention to two separate trends. First,
as indexed by concreteness ratings for test cues and targets, the
word sample is biased toward concrete words, as opposed to more
abstract ones. Concreteness was investigated early on in the pro
ject, and as a result of this work, this variable was routinely com
puted and was not allowed to be confounded with any of the vari
ables that were being manipulated. Second, although the same
criteria were used to define low and high levels offorward and back
ward strength, the latter varied over a wider range, particularly be
cause high back strength items tended to have stronger connections
than did high forward strength items. Back strength, as will be dis
cussed below, was not investigated until later in the project, and un
fortunately, it was not always carefully controlled, despite evidence
(Humphreys & Galbraith, 1975) and theory (Tulving & Thomson,
1973) indicating that it could be important.

RESULTS

Correlations Among the Features
Table 4 presents the correlations between the features

in the normative database (above the diagonal) and those
in the experimental database (below the diagonal) that will
be evaluated in the main regression analysis. Except for
concreteness, which was based on a sample of51,753, the
normative values shown in Table 4 were based on 58,143
pairs of words consisting ofthe 5,019 normed words (cues)
and their responses (targets). For this analysis, only tar
gets having their critical associates normed were included,
so this sample represents 81% of the pairs in the free as
sociation norms (Nelson, McEvoy, & Schreiber, 1999).

Generally speaking, the correlations among the fea
tures in the normative database were low, suggesting that
they were largely independent, but because of the large
sample size, any correlation greater than .01 was signif
icant after Fisher's r-to-z transformation. Despite the low
correlations, several patterns emerged, and they were
similar for cues and for targets normed independently as
cues. For example, test cues with larger associative sets
tended to be more weakly related to their responses than
were those with smaller sets. The correlations of cue set
size with forward, backward, shared associate, and medi
ated strength were small and negative. Similarly, with the

exception of forward strength, the correlations of target
set size with strength measures tended to be small and
negative.

Although words with smaller sets tend to have more
connections from their associates back to the target (res
onance) and fewer connections among their associates
(connectivity), the correlations are relatively small (r =
- .21 and .25, respectively). Table 4 also shows that weak
natural relationships emerged among some ofthe indices
of strength. Positive correlations were obtained for
forward-backward strength (r = .29), for forward
mediated strength (r = .17), and for mediated-shared as
sociate strength (r = .40). The magnitude of the forward
backward relationship indicates that, although associative
symmetry is relatively common in natural language,
asymmetry is the more typical pattern when strength is
indexed through free association. In addition, the corre
lation among the two indirect indices of strength suggests
that many pairs are related both because the two words
produce the same associate and also because they share a
two-step mediator.

The lower half of Table 4 presents the correlations
among the attributes for the pairs used in various experi
ments for which all 10 indices were available. In general,
these values appear to be relatively low and ofmagnitudes
approximately similar to those in the normative database.
The correlation between the 45 correlations associated
with the two databases was r = .84, which was significant
(z = 7.94). Ideally, ifperfect control had been attained in
the experimental database, the 45 correlations among the
attributes would have been zero in every case, and the
overall correlation between the two databases would have
been lower. This was unfortunately not the case, and sev
eral troublesome discrepancies emerged. The one raising
the most problems indicated that target set size had been
unintentionally and partially confounded with backward
target-to-cue strength and, to a lesser extent, with shared
associate and mediated strength. Targets with smaller sets
tended to be more strongly connected to their test cues.
In addition, their resonance tended to be higher, and the
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TableS
Results of the Multiple Regression Analysis Evaluating Probability

of Correct Cued Recall as a Function of Each Attribute

Attribute Standard Error Standard Coefficient t Value

Intercept .035 .313 8.86
Cue set size .001 -.039 -2.00
Target frequency .008 -.110 -6.22
Target concreteness .004 .086 4.49
Target set size .001 -.151 -4.97
Target connectivity .006 .189 9.92
Target resonance .025 .031 1.38
Forward strength .041 .370 18.99
Backward strength .028 .206 9.82
Shared associate strength .076 .081 3.59
Mediated strength .106 .147 6.77

connectivity oftheir associates tended to be slightly lower.
These partial confoundings emerged because the earlier
experiments ignored backward strength and indirect
strength, as well as connectivity and resonance strength,
in constructing the lists. By way ofcontrast, the effects of
forward strength were known early on in the research (e.g.,
Bahrick, 1970; Nelson & McEvoy, 1979), and this factor
was always controlled or manipulated so it was never
confounded with target set size. Eventually, the influence
ofthe other features in the associative cuing task were rec
ognized or discovered, and as they were, tighter control
was achieved. In what follows, we present the results of
multiple regression analyses in an effort to disentangle the
separate effects of these variables.

Main Regression Analysis
Table 5 presents the results of the multiple regression

analysis of the 10 attributes used for predicting probabil
ity of correct cued recall. The assumptions underlying
this regression were evaluated by examining the residuals
(Myers & Well, 1995, pp. 406-410). Residual probabili
ties of correct recall were plotted against fitted probabili
ties of recall for each attribute, and each plot showed the
residuals to be evenly and linearly related to fitted prob
ability. Frequency distributions of the residuals closely
approximated normal distributions, and the results ofthe
Durbin-Watson (D) statistic, as well as the serial autocor
relations, provided no evidence for lack of independence.
The D statistics for the 10 attributes averaged 1.49, with
the largest deviation from this value being 1.52, and the
serial autocorrelations averaged .26, with the largest de
viation being .24. Hence, the analysis ofthe residuals sug
gested that assumptions oflinearity, homogeniety ofvari
ance, normality, and independence were reasonable for
each attribute entered into the equation.

The results of the main multiple regression analysis in
dicated that the 10 features were significantly related to
recall [R = .58; F(lO,2120) = 107.23, MSres = .045].
Table 5 presents the standard errors, the standardized co
efficients, and the t values for the intercept and each fea
ture. The standardized regression coefficients shown in
the middle column ofTable 5 are calculated as if all ofthe
independent variables had means of zero and standard
deviations ofone. Such coefficients can be compared re-

gardless ofthe differences in the scales of the variables in
volved, and they can be used to determine which attributes
in the regression equation contributed most to predicting
cued recall. In the present database, forward strength (.37)
contributed the most, followed by backward strength (.21)
and target connectivity (.19) and then by target set size
( - .15) and mediated strength (.15). Frequency ( - .11),
shared associate strength (.08), and concreteness (.09) con
tributed about equally to recall, and cue set size (- .04)
also produced a small but significant effect. Target reso
nance (.03) had a small positive effect that was not reliable.

Other than reducing the overall correlation (R = .56)
and reducing the differences between the two measures
of indirect strength, deleting concreteness and frequency
had little influence on the results of the main regression.
The main results were also unaffected by restricting the
analysis to nouns (1,285 cue-target pairs), nor were they
influenced in any significant way when additional cue
characteristics were added to the 10 characteristics used
in the main analysis (i.e., cue frequency, resonance, and
connectivity). Neither cue frequency nor cue resonance
had significant effects. Although cue connectivity had a
significant positive effect, this variable has never been in
vestigated in a manipulational design, so the specific find
ings were omitted in order to conserve space.

Furthermore, deleting data obtained under vowel
naming instructions had little effect on the main regression
analysis, but we note that these instructions produced in
teresting contrasts in effect sizes when separate regres
sion analyses were conducted for each instructional con
dition. Concreteness rating instructions (n = 186 targets)
produced results that were nearly identical to those of
standard intentional learning instructions (n = 1,872 tar
gets). In contrast to both ofthese instructional sets, vowel
naming instructions (n = 138 targets) produced smaller
beta coefficients for target set size, connectivity, back
ward strength, and shared associate strength and larger
betas for forward strength and mediated strength. In short,
the poor encoding associated with vowel naming ap
peared to decrease reliance on information encoded about
the target and to increase reliance on information pro
vided directly by the test cue. Finally, we note that an un
forced stepwise regression (F-to-enter = 2.41 and F-to
remove = 2.39) of the same data produced results that
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were similar to those of the multiple regression analysis
in that only resonance was left out ofthe model. Each fea
ture added significantly to explained variance after prior
features were accounted for. They emerged in steps in
the following order: forward strength, target set size, tar
get connectivity, backward strength, target frequency,
mediated strength, target concreteness, shared associate
strength, and cue set size. Thus, target set size contributed
significantly to recall probability after the effects of for
ward strength were accounted for, and so forth.

The regression results confirmed what previous indi
vidual experiments had shown when these variables were
manipulated in the extralist cued recall task (e.g., Nelson
& McEvoy, 2000; Nelson & Schreiber, 1992; Nelson &
Xu, 1995). More important, they show that each feature
affects recall in the expected direction when the influence
of the remaining features has been controlled statistically
by multiple regression. Cue and target set size have signif
icant negative effects on cued recall (Nelson, Schreiber, &
McEvoy, 1992). Targets are more likely to be recalled
when they are concrete (Nelson & Schreiber, 1992) and
when they occur less frequently (Nelson & McEvoy,2000;
Nelson & Xu, 1995). The results also indicate that some
features contribute more to correct recall than do others.
Direct forward connections between the test cue and the
target have the largest effect on cued recall, followed by
backward connections and then by indirect connections
(Nelson, Bennett, & Leibert, 1997). Inaddition, connec
tions among the associates ofthe target (Nelson, Bennett,
Gee, Schreiber, & McKinney, 1993) contribute more
than resonant connections (Nelson et al., 1998) and have
about the same influence as target set size effects (Nelson,
Schreiber, & McEvoy, 1992).

PROPORTION OF VARIANCE EXPLAINED

The purpose of this section is to determine how much
of the variance in extralist cued recall can be explained
by indices of word knowledge taken from free associa
tion. The results of a regression analysis that included
eight free association indices indicated that a linear com
bination ofthese measures was correlated .56 with prob
ability of cued recall, producing an adjusted R2 of .32
(target concreteness and frequency were omitted in this
analysis). Thirty-two percent of the total variance in the
extralist cued recall task can be predicted from free as
sociation measures taken before an experiment. This es
timate, however, is also affected by the variance associ
ated with each task, so it is specific to this data set (Myers
& Well, 1995, pp. 394-395,472-473). A more accurate
estimate takes the reliability of each task into account,
which then sets the ceiling for the correlation. The reli
ability ofeach task was assessed by using test-retest pro
cedures.

In the discrete free association task, two separate reli
ability studies have been conducted by renorming the
same words on different samples of subjects. Nelson and
Schreiber (1992) renormed 155 items, and Nelson et al.
(2000) renormed 120; each investigation produced the

same average reliability of .89. To estimate the reliability
of the extralist cued recall task, identical cue-target pairs
learned under similar encoding conditions in different
experiments were culled from the present study. The prob
ability of correct cued recall was calculated for the first
and second occurrences of the pair, with individual pairs
randomly assigned to first and second positions having
averages of 10.91 and 11.07 subjects per pair. This pro
cedure amassed 225/2,272 pairs and was possible because
some of the pairs were used in more than one experiment.
Small differences in encoding conditions were allowed
for example, the same words presented at 3- or 4-sec pre
sentation rates could be paired, as could concreteness
rating and intentional learning instructions, and in most
cases, the same pair was drawn from a different list con
text. If anything, allowing slight differences was expected
to make the estimate of reliability more conservative,
and given these constraints, reliability was estimated to
be .73. Given the observed correlation between free as
sociation and cued recall of .56 in the multiple regression
analysis and respective estimates ofreliability of .89 and
.73, the true correlation between free association and ex
tralist cued recall is .70.1 Measures taken from free associ
ation predict approximately 49% of the variance of extra
list cued recall when the reliabilities of the two tasks
have been taken into account. Hence, nearly one halfof the
variance in cued recall can be attributed to prior knowl
edge, as indexed by free association.

MEASUREMENT ALGORITHMS

The results of the main regression analysis indicated
that, although they produced different effect sizes, 10
variables related to preexisting lexical features influ
enced the likelihood of extralist cued recall. Knowledge
of this information will be useful to anyone working on
cuing or priming tasks involving related words, but such
knowledge also means that manipulating one of these
variables requires controlling the others. Given the avail
ability of a large normative database (Nelson, McEvoy,
& Schreiber, 1999), this task is as possible as it is dread
ful to implement. A means for reducing some of these
variables to single predictors would be useful, and it also
would be helpful to have key indices expressed in the
same form. For example, in the individual experiments,
the indices of resonance and connectivity were based on
counting links among the items making up the targets'
associative sets. Counting the links proved to be an effi
cient way to capture these variables, but such counts effec
tively assign a connection strength of unity to each link,
when in fact the links vary in strength, just as with any
word-to-word association. Expressing these variables in
terms of a strength index would take such variation into
account and would put the indices ofresonance and con
nectivity more on a par with indices ofdirect and indirect
strength. However, unlike single-connection measures
such as forward strength, resonance and connectivity are
likely to involve many connections, and some theoreti
cally driven means ofcombining them into a single index



is required. In this paper, we used an equation associated
with PIER 2 to begin this process.?

PIER 2 purports to explain how preexisting knowl
edge about word relationships affects cued recall and of
fers a principled means for data reduction (Nelson et al.,
1998). Generally speaking, the process aspects of the
model attribute cued recall to the computation of the in
tersection of the test cue and its associates with the tar
get and its associates. The formal aspects ofthe model rely
on a set of three equations that estimate net cue-target
strength. The first equation was designed to capture the
influence of resonance and connectivity, the second in
corporates the effects of direct and indirect connection
strengths, and the third addresses the negative effects that
set size has on cued recall. These equations constitute a
theory about implicitly activated associates and their role
in incrementing the activation level of a studied word in
long-term working memory (LTWM). With the addition
of other processing assumptions and parameters, these
equations can be implemented as a process model that is
evaluated through simulation procedures (e.g., Raaij
makers & Shiffrin, 1981). In addition and more germane
to the present aims, these equations can be implemented
as measurement algorithms designed to reduce multiple
sources of strength to single values that can be used to
predict performance in cued recall and other tasks. Such
an implementation represents a next step in the tradition
of controlling or manipulating forward and backward
strength in order to predict cued recall (Bahrick, 1970;
Nelson et aI., 1998; Tulving & Thomson, 1973) and prim
ing (e.g., Kahan, Neely, & Forsythe, 1999). It is a next
step because, instead of using only a single source of
strength, the model can be used to incorporate the com
bined effects of two or more variables in a single index.
In this paper, we focus on Equation I and only briefly de
scribe the results of incorporating the results of this
equation into Equation 2.

Equation 1
The rationale underlying Equation I assumes that

comprehension processes associated with reading the
target during study automatically activate an implicit
representation of the target and its associates in LTWM.
The strength of this representation increases with acti
vation returning to the target from its associates (reso
nance), as augmented by connections among the associ
ates (connectivity). The equation can be most easily
understood as attributing resonance and connectivity ef
fects to activation that spreads back to the target from its
associates (1. R. Anderson & Pirolli, 1984). More for
mally and in its most elementary form, the strength of
the target as an implicit representation, SeT;), is

n

S(0)=ai+~:.a}ri}' (1)
}

where ai is the activation ofthe implicit representation of
the target i as a result of its presentation, and a} is the ac-
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tivation of associate j occurring as a result of presenting
the target. Furthermore,

n

'I} = Wi} +2,ak '}k ,
k

and it represents the resonance coming back to target i
from associate j as modified by associate-to-associate
connections within the set for all Wi} > 0, and for j ::1= k,
k ::1= i. wi} is the preexisting link coming back to target i
from associatej. Note that the wi} > 0 restriction indicates
that the influence of connectivity on a given associate is
zero unless that associate is linked back to the target.

Equation 1 can be implemented as a measurement al
gorithm because it depends on word-to-word connections
among the target's associates, and the mean preexisting
strength ofeach of these links can be estimated by using
free association norms (see Nelson et aI., 2000, for the
theory underlying these estimates). A complete example
calculation of this use of Equation I is provided in Ap
pendix A. The first task in evaluating the usefulness of
such calculations was to determine how strongly they
were related to the connection count indices that they
would be replacing. For example, if Equation I effec
tively captures the indices ofresonance and connectivity,
it should be positively correlated with each index. Un
fortunately, this was not the case. Although it was posi
tively correlated with resonance (r = .62, n = 2,131), it
was negatively related to connectivity (r = - .21). Words
with more connections among their associates tended to
have weaker resonant connections (r = - .19). What is
more, dropping the Wi} > 0 restriction had virtually no
effect on the outcome. Hence, even when the resonance
connection assumption has been relaxed, Equation 1pre
dicts that connectivity will have a negative effect on re
call, a prediction that stands in contrast to the results of
the main regression analysis.

Equation lA
Given the goal ofdeveloping a strength index that ef

fectively incorporated both resonance and connectivity,
we sought an alternative.formulation that could serve the
same purpose as Equation 1 in PIER 2 but that was more
strongly related to connectivity. In one variation that was
far more simple to calculate than Equation 1, the com
putation of preexisting target strength was implemented
by adding its nominal strength to the strengths of its as
sociates and its resonant and associate-to-associate con
nections. More formally, the strength of the target is in
dexed as

S(0)=[S(T,T)+ ~S(Ai,T)] (lA)

+! [S(T,A})+ ~S(Ai,A})).
where S(T, 1') represents the strength of the target's rep
resentation as a result of its presentation (nominally set
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to 1.00), S(A i , T) is associate-to-target or resonance
strength, S(T, A) is the strength ofthe target-to-associate
links, and S(Ai' A) is the strength collected from associate
to-associate connections, or what we call connectivity. In
the second part of the equation, the summed strength ac
quired by each associate in the set is determined by the
sum ofthe inputs from the target and from other associates
in the set. A computational example is shown in Appen
dix B, using estimates of connection strengths based on
the free association norms, as was done for Equation I in
Appendix A. What is interesting about Equation IA is that
connectivity among the associates adds directly to target
strength and exerts an influence independent of reso
nance.

Equation IA was positively correlated (n = 2,131)
with the connection count indices it was meant to replace
(resonance, r = .21, and connectivity, r = .58). It was also
more strongly related to connectivity than to resonance,
a result that was in accord with the main regression analy
sis. These correlations indicated that Equation 1A cap
tured the indices of resonance and connectivity better
than did Equation I. When Equation lA was substituted
for the two connection count indices in the main regres
sion analysis while leaving all ofthe other features in the
regression (e.g., frequency, set size, and so on), the over
all predictability was little changed (R = .56; F = 108.40,
MSe = .05). The beta coefficient for Equation lA was .16
which was significantly related to cued recall, and the beta
coefficients for the other features were not appreciably al
tered, as compared with the main regression analysis.
Finally, adding the square of this equation to this regres
sion analysis increased R by only .006, which suggests
that the relationship between Equation 1A and probability
of recall is adequately represented by a linear function.

Equation 2
The results of Equation IA were folded into the com

putation of PIER 2's Equation 2 for each word pairing in
the experimental database. Equation 2 computes net
cue-target strength and is defined as

n n

S(Qj,T;) = 'LSjkSik + 'LSjkSki' (2)
k k

where Qj is the test cue, T, is the target, and k are the as
sociates that join the cue and the target through convergent
and mediated links (Nelson et aI., 1998). When imple
mented as a measurement algorithm, Equation 2 computes
the intersection between the test cue and its associates and
the target and its associates by cross-multiplying word-to
word connection strengths involving the target, the test
cue, and the associates that indirectly link them together.
An example calculation is shown in the lower part ofAp
pendix B. The results were then entered into a regression
analysis in place of the indices for target resonance and
connectivity and the four separate indices of cue-target
strength. Set size, concreteness, and frequency were in
cluded, as in the main analysis. This regression was sig
nificant [R = .55; F(5,2125) = 183.76, MSres = .05], with
Equation 2 accounting for the majority of the variance

(standardized beta = .46, SE = .006). The standardized
betas were similar in magnitude to those obtained in the
main regression analysis of the 10 variables and were the
following: cue set size, - .02 (SE = .00 I), target set size,
-.27 (SE= .001), concreteness, .09 (SE = .004), and fre
quency, - .09 (SE = .007). Each beta was significant, ex
cept for cue set size.

Adding the square ofEquation 2 to this regression sig
nificantly increased R to .54. Although this .02 increase
in R was statistically significant, it was numerically smaiL
suggesting that the linearity assumption remains reason
able for the ranges ofEquation 2 found in the present data
base. Nevertheless, a caution is in order. Forward cue-to
target strength was the best predictor of recall for this
database, but 80% of the pairs had strengths of less than
.26. Higher values were purposely avoided in order to
avoid ceiling effects on probability of recall; had we al
lowed the full range of strength for each type of connec
tion, we have no doubt that Equation 2 would have shown
a stronger curvilinear relationship with recall. Under such
conditions, adding two or more high-value connection
strengths would no longer be equivalent to adding two or
more low-value connection strengths, because of differ
ences in scale. Under such conditions, Equation 2 would
begin to fail as a predictor. Hence, Equation 2 represents
an effective summary index of six separate features, be
cause it successfully explains a substantial portion of the
variance ofextralist cued recall, but its usefulness as a pre
dictor is limited to relatively weaker pairings. Only under
such conditions is the linearity assumption likely to hold.

DISCUSSION

The extralist cuing task involves a mix of episodic
learning and cuing based on preexisting information.
Unlike paired-associate tasks, the test cues are unavail
able during the study episode, and subjects must rely on
what they know about the relationship between cues and
their targets to achieve specified retrieval goals. In many
ways, the task mimics everyday cue-dependent memory
performance and provides an ideal method for studying
the intersection between known and new information.
However, although the conditions under which the new
information is acquired can be manipulated and otherwise
carefully controlled, what is supposedly known about the
cue-target relationship can only be inferred from mea
surements taken from other sources. Examples of these
sources include concreteness ratings (Paivio, Yuille, &
Madigan, 1968), frequency counts (Kucera & Francis,
1967), and free association (Bahrick, 1970; Nelson et aI.,
1998). In these and other examples, measurements are
taken from some individuals in order to infer what other
individuals are likely to know.

The success of this enterprise is normally determined
by whether a particular feature identified through the
measurement procedure has an effect on task perfor
mance. In the extralist cuing task, many features oflex
ical knowledge have been identified and measured
through the use of free association and have been shown



to affect recall in this task (e.g., Nelson et al., 1998; Nel
son, Schreiber, & McEvoy, 1992). In this sense, this ap
proach to the investigation of the intersection of known
and new information has been successful. Nevertheless,
a higher criterion for success requires that the individual
features so identified exert their influence above and be
yond their relationships with other features (Rubin &
Friendly, 1986). For example, the effect of the size of a
word's associative set on recall has been known for many
years (e.g., Nelson & McEvoy, 1979). Extensive empir
ical work has shown that this effect is independent ofcon
creteness (Nelson & Schreiber, 1992), frequency (Nelson
& Xu, 1995), connectivity (Nelson et aI., 1993), and
word ambiguity (Gee, 1997). Despite all of this work, set
size has not been investigated with respect to other word
features (e.g., backward strength), but what is more im
portant, it has not been investigated in the context of si
multaneous variations in all ofthe lexical features known
to affect cued recall.

An experiment that crossed 10 or more features simul
taneously would be as impractical to do as it would be
impossible to understand. There are clear limits to indi
vidual experiments when it comes to investigating the si
multaneous effects of a constellation of variables known
to affect performance. In the present article, this dilemma
was circumvented through the use of correlational and
multiple regression analyses on a database comprising
thousands ofcue-target pairings taken from a large num
ber of individual experiments. The correlational analyses
for the 10 features representing the main focus of the arti
cle indicated that, for the most part, the correlations among
the features were low and reflected the magnitude of the
relationships observed in the much larger normative
database. General1y speaking, the results ofcorrelational
analyses using the normative database suggest that the
10 features are mostly independent. In the experimental
database, forward strength was never confounded with
target set size as a result ofdirect attempts to control this
relationship. Mostly by accident, forward strength was
never confounded with back strength, even though a mod
est correlation exists in the normative database (r = .29).
The one important exception to this pattern of low corre
lations involved target set size and back strength. These
variables are weakly correlated in the normative database
(r = - .15) but more strongly correlated in the experi
mental database (r = - .39), because back strength was
left uncontrol1ed in most ofthese experiments. Target set
size and back strength were partially confounded in the
database, and although hardly a new idea, it is useful to
be reminded, at least occasionally, that manipulating one
feature while letting another vary randomly provides no
guarantee against confounding them, even when they are
poorly related in natural language.

Despite the partial confounding of target set size and
back strength and other weak relationships, the results of
the multiple regression analyses indicate that each of the
features manipulated in these experiments contribute to
the probability of extralist cued recall. Multiple regres
sion adjusts for correlations among variables, so it is
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possible to estimate the relative contributions of each
feature to recall by using standard beta coefficients.
These coefficients indicated that forward strength has
the largest effect on extralist cued recall, followed by
backward strength, connectivity, set size, indirect mea
sures of strength, concreteness and frequency, and lastly,
by target resonance. As was expected, each feature has
positive effects on recall, except cue and target set size and
target frequency, which have negative effects on recall.
These results were largely unaffected by various restric
tions placed on the database, such as limiting the items
to nouns. What is most important, these results confirm
what individual experiments have shown. Features that
affect recall in individual experiments manipulating two
or three features at a time have the same effects on recall
in multiple regression involving simultaneous variation in
all ofthe features. The findings are robust in that they gen
eralize over different subjects with similar cultural back
grounds and over different items with similar associative
characteristics. Finally, when task reliabilities are taken
into account, 49% of the variance in extralist cued recall
appears to be determined by preexisting knowledge about
the test cue and target and about the associative links that
connect them.

Both the individual experiments and the multiple re
gression analyses identify a collection of word features
that influence extralist cued recall, and it would be prac
tically and theoretically useful to capture this influence
in an algorithm that combines at least some of these fea
tures into single predictors. Early theoretical work with this
task suggested that both forward cue-to-target strength and
backward target-to-cue strength would be important.
The present findings recapitulate a portion ofthe devel
opmental history of research on extralist cued recall, in
which proponents of generation-recognition models
stressed the importance of forward strength (Bahrick,
1970), whereas proponents ofencoding specificity stressed
the importance of back strength (Tulving & Thomson,
1973). The encoding specificity principle stated that the
test cue had to be encoded while the target was being en
coded in order for it to.be a successful cue. Each group
was correct, as the present findings indicate that these
features represent the best overall individual predictors of
recall success. Ofcourse, neither approach can explain as
much variance as PIER 2's Equation 2 implemented as a
measurement tool, because it incorporates six different
sources of strength. Two ofthese sources, resonance and
connectivity, concern target activation strength, and four
of these sources concern direct and indirect connections
linking the cue and the target. This implementation de
pends on using free association norms to estimate word-to
word connection strengths and on the theory underlying
the model for determining how to combine these strengths
into a single index.

PIER 2's Equation I was used as a means for expressing
the connection count indices for resonance and connectiv
ity as an index of target strength. However, this equation
failed to capture connectivity in a way that reflected the in
fluence of this variable on recall. The equation assumes
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that the activation level of the target increases with the
strength of the resonant connections coming to it from its
associates, as augmented by connectivity among the asso
ciates themselves. Connectivity comes into play indirectly
by boosting resonance returning to the target. The feasi
bility ofEquation 1as a measurement index was evaluated
by calculating it for each target in the database, using in
dices of word-to-word connection strengths provided by
free association. Our expectation was that this equation
would have to be positively correlated with connection
count indices of resonance and connectivity in order for it
to be useful for predicting the effects of these variables on
recall. However, although Equation 1 was positively corre
lated with resonance, it was negativelycorrelated with con
nectivity and predicted that this variable would have a neg
ative rather than a positive effect on recall.

In light of this problem, Equation 1 was redesigned to
avoid the dependent relationship between connectivity
and resonance. In Equation lA, the sum of the target-to
associate strengths was added to the sum ofthe resonant
strengths and the sum of the strengths stemming from
associate-to-associate links. The result was used as an
index of the activation strength of the target and its asso
ciates. Theoretically, this equation can be conceptualized
as a parallel activation process, with all the connections
in an associative network contributing additively to
strengthening the target and its associates. In comparing
the two equations, one key difference is that Equation lA
allows associate-to-associate connectivity to contribute
directly to target activation strength, whereas Equation 1
permits only an indirect contribution through resonant
connections. This difference turned out to be critical, be
cause Equation lA was positively correlated with reso
nance and with connectivity and was more strongly related
to connectivity. When this equation was substituted for the
separate connection count indices of resonance and con
nectivity in the regression analysis, the results indicated
that it significantly predicted probability of recall.

When the results ofEquation 1A were fed into PIER 2's
Equation 2, a single predictor was derived from six sep
arate indices involving pairwise connections (resonance,
connectivity, forward strength, backward strength, me
diated strength, and shared associate strength). This new
index of cue-target strength predicted probability of
cued recall about as effectively as when the indices were
separately entered into the regression equation. At least
for the extralist cued recall task, a single value produced
by a theoretically based algorithm can take the place of
six separate measures. In selecting word pairs for exper
iments, this rule is likely to ease list construction, as well
as to reduce confounding.

However, two caveats apply to using this equation for
predicting word relatedness. First, its use should be con
fined to weak cue-target pairs in order to maintain lin
earity of scale. Second, the rule mayor may not work for
other tasks involving pairs ofrelated words. The value of
the equation has been derived solely from data on extral
ist cued recall, and its generalization can be determined

only when we know whether performance in other tasks
depends on computing the same sources of connection
strength. For instance, this implementation ofEquation 2
should not effectively predict target recovery under im
plicit conditions of learning and testing. Under implicit
conditions, subjects are encouraged to produce the first
word that comes to mind that is related to the test cue, and
it is unlikely that they will be searching for a specific word
recently seen in the testing context. Under this relaxed re
trieval criterion, target recovery is more prone to be the
result ofpriming the target as an associate ofthe test cue,
as opposed to computing a cue-target intersection, and
therefore, it is more likely to be influenced by forward
and mediated links than by backward and shared associ
ate links. Similarly, it is clear that lexical decision is a
function of the forward and backward strengths of the
prime-target pairs (e.g., Kahan et al., 1999), but we do
not know whether indirect connections and connectivity
will affect decision time, nor whether forward and back
ward connections will have additive effects. In these
cases, a less complex rule or the indices of the individ
ual features may function better than an algorithm that
includes all the sources of connection strength. For the
present, one main advantage ofEquation 2 is that it alerts
researchers to the different types ofconnections that link
words together, while providing a structured algorithm for
exploring their influence in a variety of different cogni
tive tasks involving related words.

By way of final comment, we note that implementing
PIER 2 as a measurement model follows in a long tradi
tion ofusing free association data to estimate the strength
ofpreexisting connections among word pairs in order to
forecast the effectiveness of various types of priming
cues. PIER 2 implemented as a measurement tool fol
lows in this tradition and is different only in that it has
been designed to express multiple sources ofconnection
strength as a single value, as opposed to using only a sin
gle source of strength while ignoring others. One diffi
culty inherent in this approach is that there is more than
one way to incorporate the influence of multiple sources
of information, and as the contrast between Equations 1
and lA makes clear, theories are required in order to
make reasoned decisions about how to combine these
sources. The present findings indicate that an equation
that indexes connectivity independent of resonance will
be more likely to capture the effects of this word feature
than will one that assumes that it must be expressed
through resonant connections. This conclusion, in turn,
indicates that implementing PIER 2 as a measurement
algorithm carries implications for developing it further
as a process model designed to explain the effects of the
same variables. We are now more wary ofthe assumption
that activation must spread back to the target in order to
heighten its activation and lean more toward one that al
lows connectivity among the target's associates to con
tribute independently. At the least, the present results
suggest that each conceptualization of target activation
strength needs to be modeled and evaluated on its merits.
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NOTES

I. The true correlation between free association and cued recall was
computed as

2. For people interested in checking the present models or in creating
new models, the cued recall database used for this paper is availableon
disk on request and can be found on the Web: (http://www.usf.edu/
-nelson/CuedRecallDatabase).
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APPENDIX A
An Example Calculation of Equation 1 for the Word DINNER

I. n X n association matrix for the word DINNER, showing its associates and their inter
connection strengths as indexed by free association norms. These values are used to cal
culate Equation I.

DINNER Dinner Supper Eat Lunch Food Meal
Dinner 1.00 .54 .11 .10 .09 .09
Supper ,55 .02 .03 .17 .01
Eat .40 .02
Lunch .27 .02 .08 .21 .06
Food .41 .01 .02
Meal .21 .06 .06 .06 .49

2. Calculation ofthe net activation strength ofthe target word DINNER, using Equation I,
as defined by
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S(I;}=a;+ fa)r;),
)

n

where Ii) = wj) + L,akrjk'
k

with a j = I, and the connection strengths of Section 1. In this example, S(T;) is affected
by three resonant loops to the target involving supper, lunch, and meal. The associates eat
and food have been excluded because they show no connection to DINNER in the norms.
Also note that calculations reflecting the influence of other associates on any given asso
ciate ak are shown below in Section 3. For example, connections from other associates in
the set to the associate lunch sum to.0225.

Loop

Supper
Dinner-to-lunch (.10) x lunch-to-supper (.02 + .0225) .0043
Dinner-to-meal (.09) x meal-to-supper (.06 + .0154) .0068

.0111 .55 .5611 .54 .3030
Lunch

Dinner-to-supper (.54) x supper-to-lunch (.03 + .0074)
Dinner-to-meal (.09) X meal-to-lunch (.06 + .0154)
Dinner-to-food (.09) X food-to-lunch (.01 + .2009)

Meal
Dinner-to-supper (.54) X supper-to-meal (.01 + .0074)
Dinner-to-eat (.11) X eat-to-meal (.02 + .0611)
Dinner-to-Iunch (.10) x lunch-to-meal (.06 + .0225)
Dinner-to-food (.09) X food-to-meal (.02 + .2009)

Activation from interassociative links
Netactivation strength of DINNER

.0202

.0068

.0189

.0459

.0094

.0089

.0083

.0198

.0464

.27

.21

.3159

.2564

.10

.09

.0316

.0231

.3577
1.3577

3. Connections from other associates in the set to each associate that add to its activation
are given by

n

S(A) = L,akr)k
k

(e.g., S[Lunch] =.0225).

Set

Lunch
Dinner-to-supper (.54) X supper-to-lunch (.03)
Dinner-to-meal (.09) X meal-to-lunch (.06)
Dinner-to-food (.09) X food-to-lunch (.01)

Meal
Dinner-to-supper (.54) X supper-to-meal (.01)
Dinner-to-eat (.11) X eat-to-meal (.02)
Dinner-to-lunch (.10) X lunch-to-meal (.06)
Dinner-to-food (.09) X food-to-meal (.02)

Supper
Dinner-to-lunch (.10) X lunch-to-supper (.02)
Dinner-to-meal (.09) X meal-to-supper (.06)

Food
Dinner-to-supper (.54) X supper-to-food (.17)
Dinner-to-eat (.11) X eat-to-food (.40)
Dinner-to-lunch (.10) X lunch-to-food (.21)
Dinner-to-meal (.09) X meal-to-food (.49)

Eal
Dinner-to-supper (.54) X supper-to-eat (.02)
Dinner-to-lunch (.10) X lunch-to-eat (.08)
Dinner-to-food (.09) X food-to-eat (.41)
Dinner-to-meal (.09) X meal-to-eat (.06)

n

S(Aj ) =L,akrjk
k

.0162

.0054

.0009

.0225

.0054

.0022

.0060

.0018

.0154

.0020

.0054

.0074

.0918

.0440

.0210

.0441

.2009

.0108

.0080

.0369

.0054

.0611
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APPENDIXB
An Example Calculation Involving the Target Word DINNER and

the Test Cue LUNCH, Using Equation lA and Equation 2 from PIER 2

I . Associative matrix for DINNER and calculation of Equation IA. DINNER is assigned a
nominal value of 1.00 because it is presented, and the remaining values are obtained from
free association norms.

Equation IA = S(~) = [S(T,T)+ ~S(Ai,T)]

+~ [S(T,Aj)+ ~S(Ai,Aj)]

= 1.00+ 1.03+ .62+.68+ .20+ 1.36+ .20 = 5.09.

DINNER Dinner Supper Eat Lunch Food Meal

Dinner 1.00 .54 .11 .10 .09 .09
Supper .55 .02 .03 .17 .01
Eat .40 .02
Lunch .27 .02 .08 .21 .06
Food .41 .01 .02
Meal .21 .06 .06 .06 .49
S(Ail 2.03 .62 .68 .20 1.36 .20

2. Calculation of Equation 2 with LUNCH as the test cue and DINNER as the target. S =
shared associate; M = mediator. The results of Equation IA for the target, the test cue, and
each of its shared associates are folded into the top row of the retrieval matrix to compute
PIER 2's Equation 2. The calculation of Equation 2 assumes that prior study of the target
affects only its self-strength and the strength of the links between it and each of its asso
ciates. In other words, it assumes that links emanating from the test cue are unaffected by
the target presentation. Links between the test cue and the target and between the test cue
and each shared associate and each mediator are left at baseline levels estimated by free
association norms. This case also applies to the mediator-to-target connections (e.g., the
supper-to-dinner [.55] and meal-to-dinner [.21] links). With this simplifying assumption,
PIER 2's Equation 2 is calculated as

n n

S(Qj'~)= 'I.SjkSik + 'I.SjkSki= S(LUNCH,DINNER)
k k

= (.27 x 5.09)+ (1.00x .20)+ (.02 x .62)+ (.08 x .68)

+(.21 x 1.36)+ (.06 x .20)+(.02 x .55)+ (.06 x .21)

+(.01 x.15)= 1.96.

Target: Cue: S: S: S: S: M: M: M:
Intersection Dinner Lunch Supper Eat Food Meal Supper Meal Breakfast

Dinner 5.09 .20 .62 .68 1.36 .20 + .55 .21 .15
Lunch .27 1.00 .02 .08 .21 .06 .02 .06 .01

(Manuscript received September 28, 1999;
revision accepted for publication March 17,2000.)


