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To evaluate progress and focus goals, scientific disciplines need to identify relations that are robust
across many situations. One approach is the literature review. which characterizes generality across
studies. Some writers {e.g., Baron & Derenne, 2000) claim that quantitative literature reviews, but
not narrative reviews, violate the methodological precepts of behavior analysis by pooling data from
nonidentical stadies. We argue that it is impossible to assess generality without varying the context
in which relationships are studied. Properly cliosen data-aggregation strategies can reveal which
behavior—environment relations are general and which are procedure dependent. Within behavior
analysis, reluctance to conduct quantitative reviews may reflect unsupported assumptions about the
conseguences of aggregating data across studies. Whether specific data-aggregation techniques help
or harm a research program is an empirical issue that cannot be resolved by unstructured discussion.
Some examnples of how aggregation has been used in identifying behavior-environment relations

are examined.

In their critique of our quantitative
review of studies of human choice
(Kollins, Newland, & Critchfield,
1997), Baron and Derenne (2000) have
made an impassioned case for caution
regarding the pooling of data from dif-
ferent studies. Their prcsent comments,
like previous ones (Derenne & Baron,
1999), blend savvy articulation of
methodological issues that apply to

" quantitative reviews of the literature

with interpretations of the procedures
and findings of our own review. These
two agendas are tightly intertwined in
both commentaties,’ and for present
purposes it is important to disentangle
thern.

it is gratifying to watch the self-correc-

All avthors contribured equally to the devel-
opment of these comments.

Correspondence should be directed to Scott
H. Kollins, Department of Psychology, Westem
Michigan University, Kalamazoo, Michigan
49008 (E-mail: scott.kollins@wmich.edu).

! Hereafter, for economy of expression, we
use “Baron and Derenne” to refer collectively
to the Derenne and Baron (1999).and Baron and
Derenne (2000) commentaries. We specify year
of publication when referring to specific articles.

With respect 1o our original revicw,

tive processes of science in action. We
regard the Kollins et al. (1997) review
as a positive step toward integrating
and understanding a scattered literature
on human choice, but it would be as-
tonishing if the review could not be
improved upon. Baron and Derenne
(2000) deserve credit for identifying
some alternative approaches (o con-
ducting a review like ours, and we will

welcome such efforts when they are

forthcoming. The general conclusions
of our review—that consequences mat-
ter in human choice, and that proce-
dural variables modulate the matching
relation between response allocation
and relative reinforcer rate—are un-
likely to change. It will be intcresting,
howevei, to determine the extent to
which alternative ways of quantitative-
ly summarizing the literature prompt
conclusions that differ from ours about
the modulators of human choice.

With respect to general processes of
literature summary, we ate pleased that
Baron and Derenne (2000) now ac-
knowledge that the benefits of the
quantitative review “from the stand-
point of precision and objectivity are
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Annotated Bibliography
Non evaluative
Camprahansive summery

Classical meta-analyses
Combines studies to enhance power -
Idantify affacis too subtle for single study

Thematic reviews
Evaluative
Often methodologically focused

Evaluate quantitative independent variable
Replicability across different methods
Identify robustness

Figure 1. Strategies and tactics of literature review. Each of the two general strategies incorporates
multiple classes of tactics, and each of these classes potentially incorporates a variety of specific

techniques.

obvious” (p. 105), and now express in-
terest in the refinement of this process
for use with single-subject research.
Nevertheless, we part company with
Baron and Derenne on two important
matters. First, although Baron and Der-
enne accurately identified some of the
thorny technical and conceptual chal-
lenges that must be faced during the
integration of data across single-sub-
ject studies, we believe that they erred
in their pessimistic assessment of the
implications of these challenges. Sec-
ond, we believe that Baron and Der-
enne too narrowly characterized the
options available to behavior analysts
who seek generalities across related

empirical  studies. In the latter case,

both broad strategies for seeking gen-
_eralities + across published studies
(quantitative reviews and narrative re-
views) can inspire a variety of specific

tactics (as illustrated broadly by Figure

~ 1). These tactics vary in their concep-
tual consistency with behavior-analytic
methods and their heuristic value in
behavior-analytic research. Baron and
Derenne (2000), however, character-
ized the various quantitative review
tactics as interchangeable, and on this
point we ‘disagree. Some methods of
aggregating data” are more consistent
with behavior-analytic methods than
others.

The present article amplifies our pre-
_vious comments (Kollins, Newland, &
Critchfield, 1999) on the importance of

(a) considering multiple approaches to
the difficult task of integrating pub-
lished  studies and (b) discriminating
among various quantitative review tac-
tics, which may differ in terms of
which data arc combincd, in what way,
and te what end. For brevity and clar-
ity of focus, we refer to our original
review only when this informs a more
general discussion, and instead address
broader methodological issues raised
by the Baron and Derenne commentar-
ies.

NARRATE OR QUANTIFY?

The central goal of any literature re-
view is to seek generalities across stud-
ies. A quantitative review employs
some objective standard toward this
end, and our original article evaluated -
a quantitative descriptor of behavior—
environment relations (the slope of the
generalized matching function) across
contexts. To the extent that a quanti-
tative descriptor remains stable across
a wide range of conditions, one can be
confident that it taps something fun-
damental. Alternatively, when the de-
-scriptor varies systematically across
conditions, one may learn something
about the controlling variables of be-
havior. Overall, the search for gener-
ality demands seme variability across
studies in subject characieristics (e.g.,
age, species), reinforcers, responses,
settings, and so forth. :
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Baron and Derenne suggested lim-
iting the raw material of quantitative
roviews to studies with standardized
methods in order to minimize the risk
of confounding effects. For example,
Baron and Derenne (2000) compared
the reviewing process o an experimen-
tal investigation that would select
“subjects [who] were similar in age
and other individual characteristics,
[and] that procedural details were the
same except for the variable under in-
vestigation” (p. 105). But studies dif-
fer along many dimensions (e.g., the
- specifications of different brands of ap-
paratus, the species or strain of non-

human subjects, various methods of ar-

ranging control procedures, the exact
values of independent variables, the se-
quence of conditions experienced by
differcnt subjects, the preexperimental
histories of subjects, etc.). No useful
collection of studies, in any topical lit-
erature, entirely avoids these procedur-
al variances. A series of closely related
studies from a single laboratory might
meet the standards proposed by Baron
and Derenne, hut these studies would
provide weak evidence of generality of
effects. How, then, can literature re-
viewers reconcile concerns about con-
founding effects with the-nced to as-
sess generality?

One solution is to accept the classic
compromise, so often reflected in ex-
perimental research, between norma-
tive standards (methodological ideals)
and the normal practice of science.
From this perspective, research “stan-
dards” are viewed as guidelines to be
approximated while each study is craft-
ed to fit 2 unique set of situational de-
mands and constraints; thus, research is
viewed as a thoughtful problem-solv-
ing enterprise rather than a scripted rit-
val (e.g., Perone, 1999). A major re-
sponsibility of individuals who engage
in this process is, of course, to ac-
knowledge its limitations.. Certainly,
authors of quantitative reviews should
take care to explain theit methods and
to note, in narrative form, likely sourc-
es of confounding as they perceive

- them. More formal tactics may be ap-

propriate as well. For example, we are
intrigued by Baron and Derenne’s
(2000) suggestion that statistical meth-
ods of evaluating covariance might
provide useful information about con-
founding effects.

An alternative approach is simply
not to compromise. Perhaps the risks
inherent in quantitative reviews out-
weigh the benefits, and narrative strat-
egies shonld be employed exclusively.

Viewing Baron and Derenne’s proposal ~
_for conducting quantitative literature

summaries as fixed standards, rather
than guidelines, might prompt such a
conclusion, because it seems unlikely
that a useful quantitative review can be
conducted accurding to these criteria.
If confounding is to be avoided at all
costs, then the review process is re-
stricted to a compilation of nearly di-
rect replications. More interesting
compilations of studies would be
viewed as unacceptable. Because Bar-
on and Derenne (2000) devoted most
of their article to illustrating the “‘in-
congruity in efforts to conduct quanti-
tative summaries of single-subject
studies” (p. 104), a reader could well
conclude that, compared to the alter-
natives, quantitative literature reviews
are especially riddled with pitfalls and
thus to be avoided.

Such a conclusion would be unfor-
tunate for several reasoms. First, no
blanket evaluation of guantitative
methods is likely to do justice to the
variety of circumstances under which

" these methods might be used. The util-

ity of quantitative methods, like that of

all methods, must be evaluated in con- -

text. For example, Baron and Derenne
(2000) generally rejected between-
groups methods, but conceded that
“sometimes [between-groups compar-
isons] are demanded by the issue under
investigation, as when age differences
are the object of study” (p. 105). This
is because, in selecting methods, an in-
vestigator must balance practical con-

straints inherent in the research ques-

tion against the importance of answer-
ing that question. As Baron and Der-
enne noted, where cxperiments are
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concerned, the ends help to dictate the
means. Where literature reviews are
concerned, the same considerations ap-
ply. The issue under investigation de-
mands an answer, and it is an answer
about phenomena in the aggregate,
thus requiring compromises against
ideal standards for inspecting the be-
havior of individuals under identical
circumstances.

Second, it is axiomatic that a field
~ should employ whatever methods are

available to solve weighty problems
such as summarizing findings across

studies. Quantitative literature reviews-

are not deeply ingrained in the tradi-
tions of behavior analysis, so we argue
in favor of broadening the field’s ar-
mamentarium for summarizing its lit-
erature. Diversity in methods is impor-
tant because no empirical strategy is
foolproof, and therefore, science places
a premium on converging evidence.
The present exchange has focused on
quantitative strategies, but it is widely
recognized that narrative reviews, as
well, are limited by their tendency to
“rely heavily on the reviewer’s subjec-
tive evaluations,”” which “‘differ mark-
edly from review to review’’ (Baron &
Derenne, p. 105). Fortunately, narra-
tive and quantitative strategies of lit-
erature review are not mutually exclu-
‘sive, and it makes sense to allow the
two approaches to inform one another.
For example, points of disconnect be-
tween our empirical findings (Kollins
“et al., 1997) and Baron and Derenne’s
narrative interpretations of the litera-
ture on human choice serve to focus
attention on opportunities for research.
- We find it difficult to understand how
this can be a bad thing, and predict that
a combination of narrative and quan-
titative approaches will serve behavior
analysts well in the integration of sin-
gle-subject data. )

Third, a false dichotomy looms large
in Baron and Derenne’s concerns about
quantitative review strategies. Baron
and Derenne worry that spurious find-
ings can emerge when studies that are
compared quantitatively along one di-
mension also differ on unexamined di-
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mensions (see also Kollins et al.,
1997). Quantitative reviews are not
unique in this regard, however. To the
extent that narrative reviews cormpare
and contrast studies, they also incor-
porate subjective decisions about
which procedural features of the stud-
ies to regard as trivial and profound.
There is nothing controversial, there-
fore, in Baron and Derenne’s (2000)
assertion that *‘comparisons should be
arranged in ways that minimize the
confounding of variables” (p. 105)—
and also nothing that, in principle, sup-
ports a preference for narrative over
quantitative litcrature reviews.

AGGREGATION IS
INEVITABLE

At the heart of our ongoing debate
with Baron and Derenne appears to be
disagreement over whether the data-ag-
gregation practices of quantitative lit-
erature reviews really subvert essential
conceptual and methodological tradi-
tions in behavior analysis. The quanti-
tative review of Kollins et al. {1997)
employed a technique called the em-
pirical quantile-quantile (or percentile-
percentile) plot to draw comparisons
among groups of studies of human
choice that differed on selected proce-
dural dimensions. We argued that this
technique preserves information about

_individual variation in behavior (unlike

Fisherian inferential statistics) and em-
phasizes selected procedural differenc-
es across studies in order to identify
potent effects (unlike conventional
meta-analysis)}—goals that are broadly
consistent with the methodological
foundations of behavior analysis (Kol-
lins et al., 1999). Baron and Derenne
(2000) responded that, in cssence, data
aggregation is data aggregation. Taken
together, the two Baron and Derenne
commentaries poitray the data aggre-
gation involved in all quantitative re-
views as the brink of a slippery slope
to poorer understanding of individual
behavior.

Part of the appeal in Baron and Der-
enne’s conservative position on quan-
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titative literature reviews lies in its cor-
respondence to an intuitive sense,
shared by many behavior analysts, that
data aggregation is a bad thing. Intui-
tions can be fallible, however, and in
this case fail to recognize the fact that
all scientists {even behavior analysts)
engage in data aggregation at every
step of the research process. At a broad
level, the data-aggregation techniques
of some kinds of quantitative reviews
share properties with practices that al-
ready are common in behavior analy-
sis. Consider that a response, as tradi-
tionally measured in the laboratory, in-
corporates NUMErous Movements that
may or may not share common causa-
tion, to say nothing of the fact that a
single response represents the aggre-
gate activity of billions of neurons and
synapscs. A response rate is a formal
aggregate of responses, not all of
which may share the same topography
(e.g., Schick, 1971) or determinants
(Schwartz & Gamzu, 1977). A condi-
tion mean aggregates events taking
place over several sessions, ignoring a
host of variables (motivational state,
room f(emperature, subject handling,
etc.) that can vary across days. Judg-
ments of independent-variable effects
for each subject requirc a joint consid-
eration of events that occur in different
conditions. And when scientists search
for general effects—that is, patterns
across subjects or groups within 2
study-—they necessarily pool data from
individuals who have not been treated
identically.

Data aggregation across studies is
unremarkable, except in the details of
its sources of variance (e.g., pro-
grammed differences in experimental
procedures). All data-aggregation tech-
niques obscure variance and its sourc-
es, and do so by design. This is nec-

essary because standardization is in-

complete at all stages of the research
Process. Data-aggregation techniques
aid in the search for relations that are
robust enough to be detected above the
noise that arises as a result. Without
question, pooled data sometimes ob-
scure important information about be-

havior (e.g., Baer, 1977, Johnston &
Pennypacker, 1993; Michael, 1974;
Sidman, 1960). But the fact that be-
havior analysts routinely (and comfort-
ably) aggregate their data in selected
ways is tacit acknowledgment that not
all data-aggregation practices are cre-
ated equal. At issue, therefore, is the
basis on which data-aggregation tech-
niques are to be included in, and ex-
cluded from, the methods of the field.

AVOIDING AGGREPHOBIA

Although behavier analysts lung
have predicted dire consequences of
data aggregation (Baer, 1977; Johnston

" & Pennypacker, 1993; Michael, 1974;

Sidman, 1960; see also the special sec-
tion of The Behavior Analyst on statis-
tical inference: Baron, 1999), their ar-
guments, like those of Baron and Der-
enne, often have taken hypothetical or

abstract form. In essence, these argu-

ments help to establish that the sky
might someday fall because of data ag-
gregation, but they have little to say
about whether it is currently falling.
Behavior analysis is long overdue for
a systematic. examination of what
might befall the field if data are aggre-
gated in various ways. ’

What risks and benefits accrue from
the data-aggregation practices associ-
ated with quantitative literature 1e-
views? One source of answers may lie
in the application of various quantita-

tive tactics to the same data set 0 de-
termine whether different techniques

lead to discrepant impressions of the
results. In this regard, Baron and Der-

enne’s narrative comiments about the
. Kolling e al. (1997) review are useful,

but cannot substitute for new data or
formal analyses that might substantiate
concerns about our results, There is
value in observing that procedures may
have “‘opened the door to confounding
effects” (Baron & Derenne, 2000, p.
103), because science proceeds by rec-
ognizing and ruling out alternative ex-
planations. But this is not the same as
demonstrating that any specific finding
was illusory, or that any quantitative
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technigue is inherently flawed. Light
can be shed on the human choice lit-
erature by replicating our quantitative
integration using a different set of pro-
cedures for selecting studies, grouping
studies, summarizing pooled data, and
so forth. More important, light can be
shed on the general processes of quan-
titative review through a comparative
study of several quantitative proce-
dures. This kind of study has the po-
tential to illuminate the scope, magni-
tude, and ramifications of a varety of
procedural dependencies in quantita-
tive reviews. To our knowledge, no
such investigation has been undertaken
to date in behavior analysis.

Another source of insight regarding

data- -aggregation practices can be
found in the form of research case his-
tories. Here it is useful to ask which
research programs have been distinctly
altered by an infusion of data-aggre-
gation practices, and in what ways. We
are aware of cases (see Table 1) that
might shed light on some of these
questions. The table illustrates that data
aggregation has produced both benefi-
cial and unfortunate outcomes. We are
not aware of any published evaluation
of the issues involved that is system-
atic, comprehensive and, most impor-
tant, tied closely to empirical evidence.
Perhaps the present discussion will
help to prompt such an analysis.

A partlcular advantage of case study
methodology is that it may shed light
on relevant human tendencies (e.g.,
judgment; see Perone, 1999) that the
output of formal empirical evaluations
of quantitative techniques cannot pre-
dict. For example, do data-aggregation
practices exert different effects at dif-
ferent points in the developmental his-

_tory of a research program? Do these
effects depend on the style and sophis-
tication with which investigators con-
ceptualize their research problems? Do
different techniques have different im-

~ plications for socially driven processes
such as theory construction and public
policy formulation?

Overall, much remains to be deter-
mined about the implications of data
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aggregation for behavioral science as
practiced by behavior analysts. Pre-
sumably, the way in which aggregation
takes place is of fundamental impor-
tance, rendering the answer to any
question about the usefulness of data
aggregation a form of it depends. The
logical follow-up question—depends
upon what?—demands a more system-
atic treatment than it has received to
date in behavior analysis.

CONCLUSIONS

Baron and Derenne argued that no
reasonable scientist should dismiss the
pitfalls of pooling data. Neither, we .
submit, should any reasonable scientist
ignore viable opportunities for seeking
generalities across observations. An-
swers are so hard to come by in sci-
ence, and generalities are so important,
that investigators should seek insights
wherever they are available. Literature
reviews, both namrative and quantita-
tive, can promote these insights. Quan-
titative review techniques, like all em-
pirical- endeavors, have their pitfalls.
But good scientists know that methods
dictate results; that no single finding is -
authoritative; and that generalities de-
rived from any empirical exercise are
worthy of recognition only insofar as
they refiect converging evidence, In
our view, these sensibilities minimize
the liabilities associated with a quan-
titative literature review, while the po-
tential benefits are left intact.

If nothing else, the present exchange
serves as a reminder that current cir-
cumstances leave rvom for disagree-
ment because the quantitative literature
review is a historical rarity in behavior
analysis and its parameters and impli-
cations remain to be explored. Thus, of

far greater importance than the specif-

ics of our original review is a reasoned
approach to determining the best ways
to evaluate general effects across stud-
ies, on any topic. Analyses like those "
suggested here could help behavior an-
alysts to distinguish objectlvely among
helpful, harmful, and innocuous data-
aggregation practices, and thus to se-

S




T

IN RESPONSE

TABLE 1

Some case studies of data aggregation
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Consequences of
data aggregation

Content area

Description

Representative
papers

Data aggregation  Rate-dependent
proved informa- effect of
tive drugs

Choice of aggre-

gation tactics concurrent phasized data aggregated over many Houston and
_ heavily influ- schedules sessions, Its popularity spawned a McNamara
enced the choice literature dominated by anal- (1981}, Mac-
course of a re- yses of aggregate data from steady- Donall (1998),
search area state conditions. As a result, less is Ziriax, Snyder,
known about choice behavior in Newland, and
transition, the role of changeover Weiss (1993)
contingencies, and events occurring
in a single visit to a reinforcement
alternative, factors emphasized or
anticipated by Findley’s largely ig-
: nored analyses.
FI scallop Scssion averages produced the classic  Baron and Leinen-
FI scallop, whereas within-session weber (1994),
analyses yielded a different picture - Branch and
] of behavior under this schedule. Gollub (1974)
Data aggregation  Behavioral ef-  Analyses of variance based on group  Conners, Goyette,
led researchers fects of food means suggested that additives were Southwick, 7
astray colors behaviorally inert. Analyses of indi- Lees, and An-
vidual children identified stunning drulonis (1976),
sensitivity that got lost in the grand Weiss (1982,
mean. 1084, 1994),
Weiss et al.
. . (1980)
Shock-main- Session averages suggested that certain  Galbicka and Platt
tnined behav-  operants were maintained by re- (1984}, Morse
ior . sponse-contingent shock in some and Kelleher
species. Molecular analyses by Gal- (1977

Matching law

_ Behavior under

Many studies indicated that the clfects
of certain drugs depended on the
schedule that maintained behavior.
Viewing drug effects as a function
of response rates under control con-
ditions revealed that rate, not rein-

forcement schedule, was the key fac-

tor.

A power function relates the ratio of
behavioral allocation between two
alternatives to reinforcement ratios

~ across a range of species and situa-
tions.

Hermnstein's (1970) matching law em-

_ bicka and Platt revealed that the
shock selectively punished long in-

Branch (1984),
Dews and Wen-
ger (1977)

Baum (1974),
Davison and
McCarthy
(1988), de Vil-
liers (1977)

Findley (135R),

terresponse times.

lect literature-review strategies based
on informed cost-benefit analyses.

We have assumed, in- our previous
comments, that the benefits of employ-
ing objective (quantitative) standards
toward summarizing single-subject lit-
erature ‘are apparent to all. Baron and
Derenne, like others before them (e.g.,

‘Salzberg, Strain, & Baer, 1987), have

assumed that prohibitive costs are ap-
parent as well. But the benefits and
costs should be evaluated systematical-
ly rather than assumed. Speculation (on
both sides of the argument) is cheap,
and behavior analysis can do better.
The matter cries out for the rigorous
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empirical skills that behavior analysts
have applied so successfully to other
problems. There is, indeed, risk in ex-
ploring new methods. There is also risk
in adhering too rigidly to traditional
methods. The riskiest strategy of all,
however, is to let subjective factors
drive decisions about what methods
best suit the analysis of behavior.
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