
Psychonomic Bulletin & Review
1996,3 (4), 434-448

On testing for stochastic dissociations

RUSSELL A. POLDRACK
Stanford University, Stanford, California

Methods for examining stochastic relationships have been proposed as powerful ways to dissociate
different underlying psychological processes, but a number ofproblems have undermined conclusions
based upon these methods. These testing methods and criticisms are reviewed, and the statistical meth
ods for the testing of stochastic dependence are examined using computer simulation. With each ofthe
methods examined, there were difficulties dealing with certain situations that are likely to occur in ex
periments examining dependence between successive tests. Examination also showed that the sample
sizes of some previous studies were insufficient for findings of moderate amounts of dependence, call
ing some conclusions of stochastic independence into question. The results of the studies presented
here suggest that testing for statistical dependence is a statistically perilous technique, but they also
suggest several ways in which dedicated users of this form of testing can strengthen its application.

A dominant tactic in psychology is to divide the mind
into a number offunctional units, or modules, and then to
outline relationships among those separate units (Fodor,
1983). Having proposed divisions in the cognitive archi
tecture, one then searches for evidence that the functions
ofthe putatively separate modules are indeed separate. This
often consists ofthe search for dissociations between tests
that are thought to rely primarily upon one module or the
other. This approach has been used to great effect recently
in the study ofmemory (Cohen & Eichenbaum, 1993; Roe
diger & McDermott, 1993), language (Caplan, 1992), and
attention (Posner & Peterson, 1990), and is one ofthe basic
tenets of the newly emerging field of cognitive neuro
science (Gazzaniga, 1994).

Dissociations between psychological tasks come in three
basic forms. Functional dissociations are those in which
two tests are differently affected by the same variable. A
compelling example offunctional dissociation comes from
a study by Jacoby (1983). Subjects studied words in three
different conditions designed to vary in the amount ofcon
ceptual or perceptual processing involved: They read the
word alone, read the word in the context of an antonym,
or generated the word from its antonym. Subjects were then
given two different tests: a recognition test and a percep
tual identification test (in which the word was presented
for a very briefperiod to make identification difficult). Ja-
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coby found that the recognition and identification tests
were oppositely affected by the encoding variable, lead
ing to the conclusion that the two tests involved different
memory processes. This approach has been used exten
sively in recent studies of memory (see Roediger & Mc
Dermott, 1993, for review).

Tasks can also be dissociated neurologicalZv by demon
strating that people with a certain form of brain damage
are impaired at performing one test but perform another
test just as well as normal people. (Neurological dissoci
ations are really a subset of variable dissociations, where
the variable is brain damage rather than a manipulated
independent variable.) Neurological dissociations have
also been examined extensively in the study of memory,
and the findings often parallel those of studies using func
tional dissociation. For example, people with amnesia (fol
lowing damage to the hippocampal system) are severely
impaired relative to normal people at performance on di
rect memory tests such as recognition and recall, but can
exhibit normal performance on indirect tests of memory
such as perceptual identification (see Cohen & Eichen
baum, 1993, for review).

A third form of dissociation is the stochastic, or sta
tistical, dissociation. This involves the demonstration that
performance ofa given person on a given item in a given
task is statistically unrelated to (i.e., does not predict) per
formance ofthe same person on the same item in another
task. Testing for stochastic dependence between psycho
logical tasks is one of the most controversial methodolog
ical issues in psychology. Intuitively, stochastic indepen
dence would seem to represent a powerful way to dissociate
performance on two tests; ifperformance for a given sub
ject and a given item on one test is independent (i.e., not
predictive) of performance of the same subject and item
on another test, there is a strong presumption that these
tests involve different mechanisms. Tulving (1985, p. 395)
made the following claim:

Evidence provided by stochastic independence is somewhat
more cumpelling [than evidence provided by functional
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dissociation]: Stochastic independence cannot be explained
by assuming that the two comparison tasks differ in only
one or a few operating components (information, stages,
processes, mechanisms). As long as there is any overlap in
those operating components that are responsible for dif
ferences in what is retrieved, some positive dependence be
tween the measures should appear. Perfect stochastic inde
pendence implies complete absence of such overlap.

This intuition has led to the use of stochastic dependence
testing in a number of different debates centered around
whether performance on multiple tests involves the same
underlying processes. However, the use of these methods
has occasioned strong critiques from those who believe
that findings of independence are necessarily given to ar
tifact (e.g., Hintzman, 1980). Hintzman (1991, p. 345) de
scribed the shortcomings ofcontingency analysis (i.e., test
ing for stochastic dependence) with the following analogy:

Memory researchers may be attracted to contingency analy
sis because its simplicity suggests a simple reality-in ac
cordance with the folk psychological maxim, "Out of sight,
out of mind." But trying to measure the essential stochastic
relation between two tasks with a contingency table is like
trying to measure the weight ofa man bearing an unknown
amount of lead in his pockets and holding the tether of a
helium-filled balloon. The scale may give a single, consis
tent reading, but that does not mean that it should be believed.

With such spirited rhetoric filling the pages of our jour
nals, it is difficult for the dispassionate reader to evalu
ate claims about stochastic independence.

The aim of this article is to undertake an examination
ofstochastic dependence testing while attempting to avoid
the heated rhetoric that has so often accompanied dis
course on this issue. The primary focus of the review is on
the methods used for stochastic dependence testing and
some possible problems with those methods. To under
stand the statistical behavior of these methods, Monte
Carlo simulations ofa typical experiment examining sto
chastic relations were used. These simulations take ques
tions about dependence testing out of the realm oftheo
retical statistics and demonstrate the characteristics of
these methods in a way that is easy to understand. Finally,
the review touches on methods that attempt to address
some of the problems with stochastic dependence test
ing. The review will focus on the use ofdependence test
ing in "recognition/identification" studies in memory re
search, but has obvious extensions to any psychological
discipline in which independent processes are proposed.

What Is Stochastic Independence?
Stochastic independence between performance on two

measures is a situation in which performance by a given
subject on a given item in one test does not predict perfor
mance of that same subject on the same item on another
test, where "performance" usually means success or fail
ure on the task (e.g., a previously studied item is either rec
ognized or not). This is easily understood in terms of the
conditional probabilities of success or failure on each task.
In an experiment examining stochastic relations, items
are presented once in each oftwo tasks. From the data are
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calculated the probabilities of success on Task 1 (PI) and
Task 2 (P2), along with the conditional probability ofsuc
cess on Task 2 given success on Task I for each subject
item (P211 ). If performance on the two tests is stochasti
cally independent, then P211 = P2 ; that is, knowing
whether the subject succeeded on Task 1 does not offer
any information about whether the subject is likely to
succeed or fail at the same item on Task 2.

The examination of stochastic relations has been in
strumental in a number of debates in the memory litera
ture (Hintzman, 1980), but has aroused greatest interest
recently with the advent of the distinction between im
plicit and explicit memory (for review, see Roediger &
McDermott, 1993). An early example of the use of de
pendence testing in this arena comes from Tulving, Schac
ter, and Stark (1982). In their study, participants studied
word lists and were then tested with both recognition and
word fragment completion tests. Contingency analyses
showed that, when the completion task followed the rec
ognition task, performance on the two tests was stochas
tically independent; the joint probability ofsuccess on the
recognition and fragment completion tasks was not sig
nificantly different from that expected under stochastic
independence. Tulving et al. concluded, on the basis of
these data and convergent functional dissociations, that
recognition and fragment completion priming depended
on different memory systems or processes.

Statistical Tests for Dependence
The measurement of stochastic relationships between

psychological variables involves an examination of the
relationships among the four cells ofthe contingency table
that represents the outcomes of performance on each of
the compared tests. Table 1 presents a generalized contin
gency table for two tests. Independence is observed when
the cell probabilities are equal to those predicted by mul
tiplying the marginal probabilities. Bishop, Fienberg, and
Holland (1975) noted that nearly all measures ofassoci
ation (dependence) for 2 X 2 tables reduce either to func
tions of the Pearson chi-square test or to functions of the
odds ratio (or cross-product ratio).

Chi-square. The most common measure for depen
dence in a contingency table is a version ofthe Pearson chi
square test (Hays, 1988), computed for a 2 X 2 table as:

2 _ N X (a X d - b X c)2

X - (a+b) X (c+d) X (a+c) X (b+d)'

where a, b, c, and d refer to the cell probabilities from the
contingency table and N represents the number ofobser
vations. 1 The significance of this statistic is tested using
a chi-square distribution with one degree of freedom;
failure to exceed the critical value prevents rejection of
the null hypothesis that the two variables are independent.
The chi-square test for a 2 X 2 table is directly related to
the 4J coefficient of contingency (4J = ...jX21N), and is
also a direct relative of the Pearson correlation coeffi
cient (Bishop et aI., 1975).

As a test for dependence in 2 X 2 tables, the chi-square
statistic suffers from two problems. First, it is sensitive
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Table 1
2 x 2 Contingency Table, With Marginals

Task 1

Task 2 Success Failure

Success a b P2 =a+b
Failure c d 1 - P2

PI = a + c I -PI 1.0

to the marginal proportions for each lask; the test is most
powerful when these marginals are equal for the two lasks,
and certain configurations of marginal proportions can
limit the range ofthe statistic (Bishop et aI., 1975). In some
cases sensitivity to marginal proportions may be desir
able, but in the case of measuring dependence between
tests, one desires a measure that can find dependence no
matter how the marginal proportions are arranged. Sec
ond, the chi-square test for dependence assumes that all
observations are independent; this assumption is proba
bly violated when multiple observations come from each
subject. The extent to which these violations have serious
consequences for dependence testing is not clear. The
simulations reported here constitute an attempt to clarify
this issue.

Odds ratio. A number of popular measures ofassoci
ation in 2 X 2 tables are based on the odds ratio (a), or
cross-product ratio, which is estimated as:

aXd
a== --.

bXc

The odds ratio varies from zero (complete negative as
sociation) to positive infinity (complete positive associ
ation), with a = I representing independence. The nat
ural log ofthe odds ratio is often used instead, which varies
from negative infinity to positive infinity with log(a) = 0
representing independence. The variance ofthe odds ratio
for large samples is estimated as:

It is also possible to derive formulas for the asymptotic
variance of any measure that is a monotonic function of
the odds ratio (Bishop et a!., 1975). Some popular measures
derived from the odds ratio are Yule's Q and Goodman
and Kruskal's y(which are identical for the 2 X 2 table).

Measures based on the odds ratio have a feature that
makes them preferable to chi-square measures: They are
relatively insensitive to scaling of marginal probabilities
and can attain their full range regardless of the distribu
tion of marginal probabilities. Given that the association
between two tasks is the primary factor of interest, and
one would like to measure this in tests that might have
widely varying levels ofoverall performance, the lack of
sensitivity to marginals makes this class of measures
preferable for the examination of stochastic dependence
between tests. However, tests for dependence incorporat
ing the variance estimator described above retain the as
sumption of independent observations, and thus are not

recommended in situations where individual subjects
contribute mUltiple observations.

Methods That Incorporate Variability
The two sets of methods described above seem poorly

suited for the analysis of the usual psychological exper
iment in which one wishes to test for dependence between
two variables. Significance tests for each method assume
independence between observations, an assumption that
is probably violated when I subject provides multiple ob
servations. In addition, these tests require the (unwar
ranted) assumption that the parameters of the multi
nomial distribution do not vary among subjects (Wickens,
1993). In fact, there are several possible loci of variation
across subjects, for example, variation of marginal distri
butions and variation ofthe degree ofassociation. Wickens
(1993) showed that the usual measures ofassociation be
come biased when the degree ofassociation varies among
subjects, and suggested a number of alternative tests for
association when between-subjects variability exists.

t test. The simplest, yet one of the most powerful, of
the alternatives that takes between-subjects variability
into account is a t test on log odds-ratio values for each
subject. The log odds ratio is defined as

(
AX D)log(a)= loge -- ,
BXC

where A, B, C, and D are cell frequencies. The log odds
ratio varies from negative infinity to positive infinity,
with independence represented by the zero point. Be
cause it is possible that b or c could take the value of
zero, estimated values for the mean and variance of the
log odds ratio do not exist (Agresti, 1990); an estimate of
the log odds ratio that is defined for all cell frequencies
can be devised by adding Y2 to each cell frequency:

10 (a)=lo (A+0.5)X(D+O.5»). (5)
g ge (B+0.5)X(C+0.5)

Wickens (1993) showed that a I test on log odds-ratio
values against the null hypothesis ofzero (independence)
is at least as powerful as other tests (e.g., log-linear mod
els) when between-subjects variability exists. A major
advantage of this method is that normal parametric sta
tistics (such as analysis ofvariance [ANOYA)), which take
advantage ofvariation between subjects, can be used with
the log odds ratio, extending questions about stochastic
relations to multiple groups or conditions.

Log-linear model. The hypothesis of dependence be
tween categorical variables can be tested using a log
linear model with subjects as a variable (a detailed dis
cussion oflog-linear models is beyond the scope of this
review; see Agresti, 1990, or Wickens, )989, for over
views). This approach is analogous to a repeated mea
sures ANOYA, and is the standard method for examining
categorical data with mUltiple responses per subject. Fol
lowing Wickens () 989), let X and Y refer to the two mea
sures of interest and S refer to subjects. Dependence is
tested in a log-linear model in one of two ways: by test-



ing the goodness-of-fit of a model that does not contain
an interaction term (referred to as [XS][YS]), or through
a conditional test comparing the goodness-of-fit of the
no-interaction model with a model containing an inter
action term ([XY][XS][YS]). Estimated values for each
model are determined with an iterative algorithm, and
these values are then compared to the observed values
using a likelihood ratio (G2) statistic or another statistic
derived from G2. Wickens (1993) examined a number of
possible statistics for use with the conditional test, and
found that a pseudo-F statistic (described below) was
least biased by variation in the level of association across
subjects.

Criticisms of Dependence Testing
Throughout its history, the use of stochastic depen

dence testing in psychology has been criticized on sev
eral grounds. Before further examining methods for de
pendence testing, I will review a number ofcriticisms of
these methods.

Acceptance of null hypothesis. The conclusion that
performance on two tests is stochastically independent
(which is often the theoretically interesting outcome) has
usually rested upon the failure to reject the hypothesis that
the tests are independent (i.e., acceptance of the null hy
pothesis). Thus, it is vitally important to establish that
tests for dependence have enough power to find depen
dence when it exists given the number of subjects and
items used in the study. The power of the chi-square test
is dependent on such factors as marginal probabilities
(e.g., Chatterjee & Delaney, 1988), suggesting that it might
be compromised in at least some cases. It is not clear that
this issue has been fully addressed in the literature, and
it is one of the primary concerns of the simulations to be
described below. If tests for dependence have adequate
power to find dependence effects ofa reasonable size, this
concern is mitigated.

The power of statistical tests for dependence is directly
related to the number of subjects and items in a study.
Examination ofseveral studies in which stochastic depen
dence tests were used to examine implicit and explicit
memory uncovered a wide range of such numbers be
tween studies (Eich, 1984; Hayman & Tulving, 1989a,
1989b; Schacter, Cooper, & Delaney, 1990; Schacter,
Cooper, Delaney, Peterson, & Tharan, 1991; Tulving
et aI., 1982; Witherspoon & Moscovitch, 1989). The num
ber of subject items (number of subjects multiplied by
number of items) in each condition for which dependence
was separately tested ranged from 360 to 1,920, with a
median of 1,152 subject items. As the simulations below
will show, studies at the low end of this range have insuf
ficient power to find statistical dependence when it exists,
calling into question their conclusions of stochastic in
dependence.

Simpson's paradox. Hintzman (1980, 1990; Hintz
man & Hartry, 1990) has been a leading critic of the use
of dependence testing in the study of memory. His criti
cisms are based primarily on an analysis of Simpson's
paradox (Hintzman, 1980), a phenomenon that can occur
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when contingency tables are collapsed over subjects,
items, or both. The existence of Simpson's paradox im
plies that relationships that occur in the collapsed table
need not necessarily be present in the individual tables,
and vice versa. Hintzman and Hartry showed, for exam
ple, how different sets of items chosen from the set ofword
fragments used by Tulving et al. (1982) exhibited differ
ent contingency relationships, which were masked by av
eraging the data over items. Three covariates have been
identified as possibly causing these spurious effects: sub
ject effects, item effects, and subject-item interactions.
Hintzman has argued that since one must collapse across
subjects, items, or both in order to analyze contingency
data, these data are simply not interpretable.

If Simpson's paradox were a serious problem in studies
of stochastic relations between memory tests, one would
expect that such stochastic relations would be highly vari
able between sets of subjects and items. However, as Mar
tin (1981) and Gardiner (1991) have pointed out, these re
lationships are consistently replicable in a theoretically
interpretable manner in different labs across different sets
ofsubjects and items. This suggests that Simpson's para
dox may not present a serious problem for these studies.
However, statistics for contingency table analyses have
often been used in direct violation of their assumptions,
and the possibility for error clearly exists. In addition, sys
tematic suppressor variables (Hintzman & Hartry, 1990)
or methodological suppressors (Ostergaard, 1992; Shima
mura, 1985) may result in consistently replicable yet mis
leading outcomes of independence.

SUbject-item interaction. There has been some con
tention regarding the role of subject-item interactions in
testing for dependence. Hintzman (1980) has described
subject-item interactions as a source of spurious influ
ence on contingency test outcomes. However, Flexser
(1981) pointed out that the mathematical category of
subject-item interactions includes both "spurious" ef
fects (e.g., lapses in attention or special significance of
certain items) and "true" effects (dependence or inde
pendence reflecting the underlying cognitive processes),
and it is not possible to distinguish between these two
sources ofvariation. Here, I will rely on Hintzman's usage
of the term subject-item interaction because, within the
model, subject-item interactions are introduced as a
spurious source of independence. However, this should
not be taken as a counterclaim to Flexser's arguments, but
rather as a convenient terminological choice.

Test priming. The necessity of repeated testing with
the same items in order to assess stochastic dependence
introduces unique problems for the assessment of test
outcomes. When items are presented twice, part of the
facilitation on the second test can come from the test pre
sentation rather than from the study presentation. For ex
ample, when a fragment completion test follows a recog
nition test, as used by Tulving et a!. (1982), a portion of
the fragment completion priming can be due to the recog
nition presentation. When this happens, stochastic de
pendence in the initial data can be masked by the test
priming effect. This is demonstrated in Table 2 (after
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Pretest (a = 3.05) Test primed (a = 1.94)

Task 2 Success Failure Success Failure

Success .42 .28 .70 .48 .22 .70
Failure .18 .12 .30 .12 .18 .30

.60 .40 1.00 .60 .40 1.00

Table 2
Contingency Table Demonstrating Test Priming
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Task 1
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ratio) against baseline performance for a given level of
performance on studied items. As the baseline approaches
performance on studied items (i.e., as the effect of study
decreases), the maximum amount of dependence from
memory is reduced.

Ostergaard (1992) computed maximum dependence
estimates for several published studies and tested these
estimates against the observed data. In each of 18 study
conditions examined, the confidence interval for the
joint proportion of success (i.e., cell a in Table I) con
tained both that proportion expected under stochastic in
dependence and that expected under maximum depen
dence.2 That is, it was impossible to differentiate between
cases of independence and maximum dependence. He
suggested that, in addition to testing for stochastic depen
dence between memory tests, one should test against the
null hypothesis of maximal memory dependence. If one
is unable to reject the null hypothesis of maximum de
pendence, the conclusion of stochastic independence is
seriously questionable.

Figure 1. Odds ratio for maximum dependence as a function of
the level of performance on nonstudied items (assuming PI = .4
and Pz = .6).

Addressing Problems With Dependence Testing
The discussion of problems with dependence testing

has led those who are partial to such methods to devise
ways to address these criticisms. These proposals have
included both methodological and statistical procedures.

Homogenization procedure. In order to correct for
problems that may arise due to subject and item differ
ences within the traditional framework of analysis,
Flexser (1981) introduced a procedure that corrects for
these effects in collapsed contingency tables. Called the
homogenization procedure, this method uses the corre
lations between sets of subject scores and (separately) sets
of item scores to estimate subject and item effects on the
collapsed contingency table. These effects are then re
moved, resulting in the table that is estimated to occur if
subject or item effects had been absent. Flexser (1981 )
discussed several examples in which dependence due to
random subject and item variation was decreased by using

.73

.27
1.00

.26

.14

.40

.47

.13

.60

Maximum Dependence
(a = 3.3)

Success Failure

.46

.54
1.00

.12

.28

.40

Independence
(a = 1.0)

Task I

Table 3
Contingency Tables for Independence

and Maximum Dependence

.34

.26

.60

Success FailureTask 2

Success
Failure

Note-P) = .60, Pz = .70, and PNS1 = .40. The cell a probability for
maximum dependence is calculated as a = P1- PNS1 + (PNS1 X Pz )
where PNS1 is the probability of success for nonstudied items on Task I
(Ostergaard, 1992). The rest of the cell probabilities were calculated
according to Table I.

Shimamura, 1985). In the initial table, there is a positive
relationship between the two tasks, and the chi-square test
against independence is significant. In the test-primed
table, halfof the previously uncompleted items on Task 2
are now completed (regardless of their recognition out
come). The amount of association in the new table is re
duced from a = 3.05 to a = 1.94, and the chi-square
test against independence now fails to reach significance.
This is indeed a serious problem for successive testing
paradigms, but it may be relatively simple to devise stud
ies that are not compromised by test priming.

Range restriction. The problem of range restriction,
as outlined by Ostergaard (1992), arises when changes in
performance due to memory are small relative to base
line performance on a task. When this is the case, the
amount of possible dependence between two tests that is
due to memory is limited to the portion of performance
that arises from memory; independence of the portion of
performance not due to memory can mask dependence
in the portion due to memory, so that one may conclude
that two tasks are independent even when memory-based
performance is maximally dependent. Ostergaard (1992)
demonstrated a method for estimating the maximum
amount of dependence that could arise between two
tasks due to memory, and showed that this maximum
amount of dependence can be quite small when perfor
mance on studied items is only slightly above baseline per
formance (performance on nonstudied items). Table 3 pre
sents the method for estimating maximum dependence
from memory for a contingency table. As an example of
the effects of range restriction, Figure 1 presents a plot
of the maximum amount ofdependence (in terms ofodds
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this method. Hintzman and Hartry (1990) have claimed,
however, that homogenization did not fully remove item
effects in an analysis of their own contingency data. In
the simulations reported below, the effects of homoge
nization in the presence of subject and item effects and
subject-item interactions are examined.

Reducing test priming. Shimamura (1985) noted two
methods that could be used to mitigate the influence of
test priming on dependence analyses. First, one can ex
amine the amount of dependence across two levels of an
independent variable where test priming is equal across
those levels. While this allows claims about the relative
independence of two sets of processes, it does not allow
the claim that two processes are independent in any ab
solute sense; while this may indeed be a valid conclusion
(see Hayman and Tulving, 1989a, for extension of this
technique), it will disappoint those who wish to show that
two processes are independent.

The second way to reduce the effects of test priming
is to use tests that do not allow test priming. For example,
Shimamura (1985) noted that Eich (1984) used a spelling
test with homophones following a verbal recognition test,
which did not give any additional clues about the spell
ing ofthe tested words. With respect to studies of implicit

Table 4
List of Model Parameters That Were Specified

for Each Simulation

Symbol Parameter

N Number ofsubjects and items (Nsubjects X Nitems = Nsubject-items)

PI Probability of success on Task I
Pz Probability of success on Task 2
a Odds ratio
SDitem Standard deviation of item variation
SDsubject Standard deviation of subject variation
PS1+ Probability of positive subject-item interaction
PSI - Probability of negative subject-item interaction

Note-The role of each parameter is described in the text.

and explicit memory, this strategy is enhanced by the fact
that changes ofmodality have divergent effects on direct
and indirect tests ofmemory; direct tests ofmemory such
as recognition are usually affected little or not at all by
changes in modality, while implicit memory is usually re
duced or eliminated by changes in modality (see Roedi
ger & McDermott, 1993). Thus, this strategy may be use
ful for solving the problem of test priming for studies of
implicit and explicit memory.

Range restriction. The solution to the range restric
tion problem is decidedly simple: Use only tasks in which

a) 400 subject-items b) 800 subject-items
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Figure 2. Proportion of significant results for each statistical test over the range of levels of dependence, from a =
1.0 (independence) to a = 1.75 (moderate dependence), varying the number of subject items (Pt = .4, P2 = .6,
SD.Ubject = 0.15, SDitem = 0.05, PSI+ = 0, PSI" = 0).
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Figure 3. Proportion of significant outcomes for each statistical test as a function of the level of sub
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study produces large improvements in performance over
baseline. As Ostergaard (1992) noted, this can be diffi
cult for some classes of tests, such as implicit memory
tests, where memory effects are usually small. One ap
proach to determining whether dependence analysis is
appropriate would be to calculate the odds ratio for max
imum memory dependence (as performed above; see
Figure 1) and to only proceed with dependence analysis
if this odds ratio exceeds some reasonable criterion. The
data presented below can be used as a rough guide to set
ting this criterion, based on the number of observations
in the study.

Simulations
In order to examine the behavior of the statistical meth

ods that are used to test for dependence, the performance
of subjects in a typical memory experiment involving
successive memory tests was simulated. The goal of the
simulations was to determine the degree to which the tests
can find dependence when it exists (i.e., power), and the
degree to which the tests claim to find dependence when
it does not exist (i.e., Type I error), both as a function of

the number of subjects and items used in the expenment.
In addition, the simulations permitted examination of the
degree to which variability in the data affected the out
come of the statistical tests, and the way in which marginal
levels of performance affected test outcomes. In order to
ensure that the findings of the simulation were applica
ble to memory studies, the characteristics of the simu
lated data were based as closely as possible on studies of
word fragment completion, a task that is often used in con
junction with dependence testing (e.g., Hayman & Tulv
ing, 1989b; Tulving et aI., 1982).

The simulations were performed on a Power Macintosh
microcomputer. Uniform random deviates were produced
with a multiplicative congruential method with a Bays
Durham shuffle (Press, Teukolsky, Vetterling, & Flannery,
1992, procedure ran I), and normal (Gaussian) deviates
were produced by applying the Box-Muller method to
these uniform deviates (Press et aI., procedure gasdev).
Each run simulated over 1,000 pseudoexperiments, with
a new random seed provided for every run.

Variance parameters were set in order to equate the
amount of overall variance with that reported for studies
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of word fragment completion (e.g., Sloman, Hayman,
Ohta, Law, & Tulving, 1988).3 Subject-item interactions
(when present) were introduced in two ways, correspond
ing to positive and negative interactions. For positive in
teractions, it was stipulated that the outcome of the two
memory tests on a given trial were either both successes
or both failures; this is the sort of interaction that would
occur due to items with special significance or special dif
ficulty for a given subject. For negative interactions, it
was stipulated that the outcome on one test was a success
and the other was a failure. A negative interaction might
occur, for example, due to a lapse ofattention on the part
of the subject during one presentation of an item.

Table 4 presents the parameters that were provided for
each simulation (these parameters will be introduced as
the model is described). The algorithm used to simulate
performance on each trial proceeded as follows:

I. The values ofeach ofthe parameters listed in Table 4
were specified.

2. Using normal random deviates with mean of zero
and standard deviations of SDsubject and SDitem , respec
tively, deviations were created for each subject across all
items (SubDevi ) and for each item across all subjects

(ItcmDeYj). These deviations allowed the independent
introduction of subject and item variation.

3. For each subject i and item}, marginal proportions
P lij and PZij (for Tasks I and 2, respectively) for a given
trial were determined as follows:

Plij = PI + SubDevi + ItemDevj

PZij = Pz + SubDevi + ItemDevj

In the case that any marginal proportion was calculated
as less than .0001 or greater than .9999, the probability was
set equal to the appropriate one ofthose bounding values.

4. Using the marginals from Step 3 along with the se
lected value of the odds ratio parameter, cell probability a
was calculated using Equation 7, and the rest of the cell
probabilities were calculated using the standard formulas
listed in Table I. In the case that any cell probability was
calculated as less than .0001 or greater than .9999, the prob
ability was set equal to the appropriate bounding values.

5. The outcome ofeach simulated trial was determined
by using a uniform random variate to assign the trial to
one of the four cells in the contingency table, on the basis
of the probabilities calculated in Step 4.
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6. If subject-item interactions were present, there was
probability PS1 + that the outcome would be reassigned
(with equal probability) to either cell a or cell d ofthe con
tingency table, and there was probability PS1 - that the out
come would be reassigned to either cell b or cell C of the
contingency table.

After creation of the simulated data set, the data were
analyzed using the procedures described above and used
regularly in the literature. Overall performance (averaged
over subjects) was used to compute the chi-square statis
tic. Flexser's (1981) homogenization method for the re
moval of subject and item effects was applied to the data,
and the chi·square statistic was computed from the trans
formed table. These statistics were tested against the null
hypothesis of independence using a chi-square distribution
with 1 degree of freedom. A log-linear model was fitted to
the data with subjects as a factor using the iterative pro
portional fitting algorithm (Wickens, 1989). The hypoth
esis of dependence was tested using a pseudo-F statistic
based on the log-linear G2 statistics:

(n-l) X (GtxS][YSJ - G[XY][XS][YS])
~(l,n-l) = 2 ' (6)

Grxy][XS][YS]

where n is the number ofsubjects. Wickens (1993) found
that this statistic was less affected than were other log
linear statistics by variation in association between sub
jects. The log odds ratio was computed for each subject
across items, and these were tested across subjects against
a mean of zero using a one·sample t test.

For each set of parameters, 1,000 pseudoexperiments
were run, in which each pseudoexperiment consisted of
one replication with number of subjects and items spec
ified by the parameters. Each ofthese runs yielded 1,000
values for each statistical test, and the number of statis
tically significant outcomes for the run was tabulated.
Estimates of the number of significant outcomes were
reasonably stable across runs with this number ofpseudo
experiments. The proportion ofsignificant outcomes sig
nifies Type I error when no dependence is present, and
signifies the power to find a given level of dependence
when such dependence is present.

Due to the large search space, only a subset ofpossible
parameter combinations was examined. When parameters
were not varied systematically, they were set in order to
reproduce as closely as possible the data from Tulving
et al. (1982) or other studies ofstochastic relations between



a) Chi-squared

.,..
E
~ 0.8
o

i 0.6
.\,1

""c:
~ 0.4 III
c:o
€
~ 0.2

Q. O~~~~--r---r---r-~J
1 1.1 1.2 1.3 1.4 1.5 1.6 1.7

Odds Ratio

STOCHASTIC DISSOCIATIONS 443

b) Homogenized chi-squared

O.8+------o.......->'--I-~f__-l

0.6·

0.4 III

0.2o+-"'i'"or-+

1 1.1 1.2 1.3 1.4 1.5 1.6 1.7

Odds Ratio

c) Log-linear pseudo-F statistic
1 --.-...--.------.-.--.---...

B~ 0.8
~o

~ 0.6
u
;:
C

'""iii 0.4
c:
.2
1:
~ 0.2

Q. o~~~~~~-r-~

0.8

0.6

0.4

0.2

d) T-test on log odds ratio

1 1.1 1.2 1.3 1.4 1.5 1.6 U

Odds Ratio

--0- PSI· =0.0

1 1.1 12 1.3 1.4 1.5 1.6 1.7

Odds Ratio

.-....~....... PSI· =0.01 ····0···· PSI- =0.02

----6---- PSI- =0.03 - - -Sl- - - PSI· =0.04

Figure 6. Proportion of significant outcomes for each statistical test as a function of the probability
of negative subject-item interactions, varying the odds ratio (PI = .4, P2 = .6, SD,ubjecl = 0.15, SDllem =
0.05, PSI+ = 0, N'UbjeClS = 40, N j1em, = 40).

memory tests. One parameter that deserves explanation
is the odds ratio (a). This is an effect size measure for the
amount of dependence in the data. This measure is com
puted from a contingency table by Equation 2. To go from
the odds ratio to a contingency table, Equation 7 (see
below) was used to determine the cell a proportion.4

Cell proportions for other cells were then calculated
from the marginal proportions. In order to create a table
for independent tasks, the odds ratio was set to 1.0; for
dependence, the odds ratio was increased.

RESULTS AND DISCUSSION

Unless otherwise noted, all figures present the pro
portion of significant outcomes from each set of 1,000
simulations. Except for simulations in which the number
of subjects and items was explicitly manipulated, they

were set to 40 subjects and 40 items per simulation (l,600
subject items), which falls within the range of subject
items in the dependence studies examined above.

Error and power oftests. Using levels of subject and
item variation (SDi1em = 0.05, SDsubjecl = 0.15) that pro
duced reasonable overall variance (SDoverall "" 0.15), the
significance profiles ofeach statistical test for dependence
were simulated, varying the number ofsubject items; dif
ferent levels ofSD for subjects and items were chosen on
the basis of model outcomes rather than on the basis of
independent evidence, and in the studies presented below,
variation in both of these parameters was examined sep
arately. Profiles were obtained by varying the dependence
parameter over a range that covered the full range of the
tests (from a = 1.0 to a = 1.75). These significance pro
files are plotted in Figure 2. The most impressive (though
not surprising) finding from this analysis is the effect of

Equation 7

1 - PI + a x PI - P2+ a x P2 - V -4 x (a-I) x a x P j X P2 + (PI - a x PI + P2 - a x P2 - 1)2
a=

2 x (a - 1)
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the number of subject items on the tests. With 400 sub
ject items (Figure 2a), the tests had power of less than
60% to detect even a relatively large effect (a = 1.75).
With 1,600 subject items (Figure 2d), on the other hand,
each of the tests had greater than 80% power to find an
effect of size a = 1.5, and power greater than 90% to find
dependence effects of size a = 1.75. While power in
creased with every increase in sample size, it was most
dramatically increased as the number of subject items
increased from 400 to 800. This suggests that the use of
subject-item sample sizes of less than 800 results in
greatly reduced power to find dependence (and therefore
bias towards independence). Given this result, findings
of independence from studies using such small sample
sizes are suspect.

In terms of the individual tests, two important trends
were evident. First, as the number of observations in
creased, the level of Type I error for the chi-square test
increased above the nominal .05 level; with 1,200 sub
ject items, Type I error was greater than 10%. As tests
below will show, this finding was directly related to vari
ation among subjects and items. Second, the t test on log

odds ratios exhibited less power than the other tests as
dependence increased. This occurred because ofthe use of
a two-tailed test against the null hypothesis oflog(a) = O.
Because the log odds ratio varies around zero with both
directions representing dependence, the two-tailed test
seemed most appropriate for examining the question of
independence.

Effects ofsubject and item variability. The effects of
subject and item variability on each of the statistical tests
were examined by varying the levels of each while keep
ing other parameters constant. The results of these sim
ulations are presented in Figures 3 and 4 (manipulating
subject and item variability, respectively). Type I error in
creased with the amount of subject and item variation for
the chi-square test, and power was decreased with greater
variation. The homogenization procedure was able to COf

rect for the effect of subject and item variability; Type I
error remained at or below the nominal level across the
range of subject and item variation when the data were
homogenized. However, when homogenization was used
with the chi-square test, increases in subject and item vari
ability resulted in decreasing power to find dependence.
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The t test on log odds ratios was differently affected by
subject and item variation. This was expected, since re
sponses were averaged over items, and the hypothesis test
was performed across subject means. Subject variation
did not affect Type I error, but had a strong effect on
power. Since the value of the t test varies inversely with
the observed standard deviation, and this value was taken
across subjects, it is natural that increases in variability
should decrease power. Increases in item variation had
detrimental effects on both Type I error and power, in a
manner similar to the chi-square test on raw data.

The log-linear Fg statistic performed well in the face
ofsubject variation, losing only a small amount ofpower
with large amounts ofvariation. However, item variation
had effects on Fg similar to its effects on the t test and chi
square test; Type I error was increased, and power was
decreased, as the level of item variation increased. Thus,
none of the statistics examined here performed fully well
in the face of subject and item variation; the homoge
nization procedure with the chi-square test fared best,
never exceeding the nominal Type I error level, but had
decreased power with variation, as did the other tests.

Effects of subject-item interactions. The effects of
subject-item interactions were examined across variations
in the odds ratio. These data are plotted in Figures 5 and
6, which show the effect of increasing P S1+ and P S1-' re
spectively, plotted against the odds ratio; Figure 7 pre
sents the effect of increasing P S1+ and PSI _ together. As is
evident from Figure 7, even relatively infrequent positive
subject-item interactions led to significant dependence
outcomes. When such interactions occurred on 4% ofall
trials when performance was otherwise generated by in
dependent processes, dependence was detected by all of
the tests more than 25% of the time. Homogenization of
the contingency tables did not mitigate the effect ofthese
interactions.

Negative subject-item interactions shifted the signif
icance profile to the right for all tests. That is, in order to
find independence in the presence of negative subject
item interactions, the processes generating performance
must show dependence. This outcome poses a problem
for the interpretation ofnonsignificant test outcomes, be
cause it suggests that relatively infrequent negative in
teractions can mask significant amounts ofdependence be-
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Correcting the chi-square test. Ostergaard (1992)
suggested that because individual observations within a
subject are correlated, one should correct the chi-square
test by using the number ofsubjects, rather than the num
ber of subjects multiplied by the number of items, to de
termine the number of observations for the test. This is
equivalent to analyzing subject means in the chi-square
test as single data points. This correction was examined
in the face of subject-item interactions; these data are
presented in Figure 9. The correction was found to be
overly conservative, even in the face ofsubject-item inter
actions that biased the normal chi-square test toward de
pendence; the power of the corrected chi-square test to
find independence when it occurred was sharply attenu
ated, and the correction resulted in zero Type I errors.
This correction should not be used, as it will result in a
preponderance of Type II errors.5432
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PSI- = 0, N,Ubjects = 40, N ltem, = 40).

tween underlying processes. When positive and negative
subject-item interactions were present, test outcomes
were relatively unaffected; Type I error was unaffected,
but power was slightly decreased.

Effects of marginal probabilities. The relationship
between power and marginal probabilities was examined
by varying Pzwhile holding PI constant, over a range of
a values. These data are presented for each test in Fig
ure 8. Chi-square tests on raw and homogenized data were
similarly affected by marginal probabilities. Power was
decreased as the marginal probabilities differed from one
another, and was increased as marginal probabilities ap
proached .5.

The t test on log odds-ratio values was more drastically
affected by marginal frequencies. When either of the mar
ginal probabilities was near .5 (as in Figure 8c), Type I
error was not increased by varying marginal probabili
ties, but power was decreased as marginal probabilities
differed and was greatest when both marginals neared .5.
When both of the marginal probabilities approached the
limiting values of 1.0 or .0, the results of the parametric
test were erratic; for example, when both marginal prob
abilities were .1, the test exhibited 100% Type I errors.
When the two marginal probabilities differed greatly
(i.e., one was .1 and one was .9), power actually decreased
as the odds ratio increased. This erratic behavior disap
peared when subject and item variation in the model were
turned off; it was likely due to the occurrence of mar
ginal probabilities that were very close to the bounds of
zero and one (marginal values were bounded at .0001 and
.9999 in the simulation), but its source remains a puzzle.
The log-linear Fg statistic behaved in a manner quite sim
ilar to the t test on log odds ratios.

GENERAL DISCUSSION

In the present study, simulations were used to examine
the statistical profiles of tests for stochastic dependence
between memory tests. The following conclusions can
be drawn from the simulations and analysis:

1. The number of subject items affected the power of
each of the statistical procedures used to examine sto
chastic dependence. When the number of subject items
was small (400), these tests had insufficient power to
find dependence effects. However, when the number of
subject items was large (1,600), these tests had sufficient
power to find moderately large dependence effects. Thus,
it is recommended that studies of stochastic dependence
collect at least 1,600 subject item observations.

2. The only one of the statistics examined that did not
exhibit inflated Type I error rates in the face of item vari
ation was the chi-square test on homogenized data. For
all of the tests, subject variation and item variation re
sulted in a decrease in power to find dependence.

3. Even infrequent subject-item interactions had strong
effects on each of the tests examined, and homogenizing
the data did not correct for this. Positive interactions re
sulted in increased Type I error, and are thus unlikely to
result in spurious conclusions of independence; however,
negative subject-item interactions shifted the signifi
cance profile for each test, and might mask dependence
when it exists. When present together, positive and neg
ative interactions canceled each other out with little ef
fect on test outcomes.

4. As marginal frequencies differed from one another
for two tasks, tests for dependence performed poorly.
Chi-square tests (with and without homogenization) had
decreased power as marginals approached the extremes
of the distribution, and as marginals differed from one
another. Between-subjects statistics (I test on log odds
ratios and log-linear Fg statistic) showed decreased power
when marginals differed, and performed erratically when
marginals approached the extremes of the distribution.
Care should be taken in using dependence testing when



marginals are extreme or when they differ greatly from
one another.

5. The problems ofrange restriction (Ostergaard, 1992)
and test priming (Shimamura, 1985) can seriously sup
press existing dependence and thus bias measures of as
sociation toward independence, and steps should be taken
to avoid them. The odds ratio for maximum memory de
pendence should be computed, and dependence testing
should be performed only ifsufficient power exists to find
that level of dependence. In addition, a statistical test
against maximum memory dependence should be per
formed whenever the test against the null hypothesis is
not significant; if the test against maximum dependence
is also nonsignificant, the outcome of independence is
questionable.

6. The correction to the chi-square statistic, recom
mended by Ostergaard (1992) for use with the maximum
dependence test, resulted in extreme conservatism and
thus should be avoided.

Consequences ofVariability
Each of the tests for dependence was affected by the

presence of subject or item effects in the data. When the
homogenization procedure was used with the chi-square
test, these effects were minimized. Ifone wishes to reduce
the influence of these effects, the best choice for analysis
of data in successive memory test experiments is the chi
square test on homogenized data. The reservations ex
pressed by Hintzman and Hartry (1990) regarding the
ability of the homogenization procedure to correct for
subject and item effects were not confirmed by the pre
sent analysis. It might be argued that this finding depends
crucially on details of the simulation. However, two facts
weaken this argument; the characteristics ofthe simulated
data were modeled closely on existing data sets, and the
homogenization procedure worked well across a number
of manipulations that adversely affected other measures.

One surprising finding of the present study is how a
small proportion of subject-item interactions can have
large effects on test outcomes. When positive, these in
teractions bias the test in favor of dependence, and thus
are unlikely to result in spurious claims of independence.
Negative interactions can have two effects: they can bias
the test in favor ofdependence when the underlying pro
cesses are independent, and they can also bias the test
against finding dependence when it really exists. The lat
ter of these eventualities is worrisome for users of con
tingency analysis, because it means that conclusions of
stochastic independence could be spurious. It is likely
that positive and negative interactions both occur, and
the simulations suggest that they may cancel each other
with little effect on overall test performance. This issue
requires further analysis.

Conclusions
The results of the current study suggest that the tests

used to examine dependence in 2 X 2 contingency tables
in memory experiments may be sufficiently powerful
with larger sample sizes, but they are susceptible to sev-
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eral adverse effects. The effects of subject and item vari
ability may be countered by using the method for homog
enization of contingency tables suggested by Flexser
(1981). Other problems, such as the influence ofmarginal
frequencies and the problems of range restriction and
test priming, may be avoided by careful choice of tasks,
but other problems remain (such as the suppressive effect
of subject-item interactions) that leave claims of sto
chastic independence on shaky ground. Although further
statistical development may address some ofthese prob
lems, for now the examination of stochastic relations is
at best an adjunct to other techniques for establishing dis
sociations between mental processes.
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NOTES

I. Throughout the paper, small letters (a,b) will refer to probabilities
and capital letters (A,B) will refer to frequencies (after Wickens, 1989).

2. Tulving and Hayman (1993) recently calkd into question Oster
gaard's (1992) estimates ofmaximum dependence, claiming that he had
used an incorrect (test-primed) baseline in the calculations. However,
Ostergaard (1994) has defended these calculations, showing that the
baseline proposed by Tulving and Hayman leads to some illogical con
clusions about priming. Regardless ofthis issue about calculation, Tulv
ing and Hayman endorsed the procedure as a way of examining sto
chastic independence.

3. Sloman et al. (1988) extensively reported the standard deviations
of fragment completion performance. The median of the 47 reported
standard deviation values was 0.15, and this value was thus used as a tar
get value for the simulations.

4. This equation was derived by formulating the odds ratio in terms
of CeIl a probability and marginal probabilities:

a(l + a - PI - P2 )
a=

(PI - u) X (P2 - a)'

and solving for a. It is real valued for a 2 0, except for a = I, where it is
undefined.
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