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Abstract

Strategy descriptions like the “ Take The Best”-heuristic (G. Gigerenzer et a., 1991), the
weighted additive rule, and the equal weight decision rule are competing theories on
information integration in probabilistic inference tasks. Behavioral decision research is
confronted with the problem of drawing conclusions about unobservable decision strategies
from behavioral data. Although there has been considerable progress due to methodical

traditions like “ Structural Modeling” and “Process Tracing”, these paradigms have certain
limitations in testing specific hypotheses about individual strategies. Some of these problems
are summarized briefly. A deductive method for classifying individual response patternsis
introduced. Predictions about regression coefficients are deduced from competing substantial

hypotheses about strategies for probabilistic inferences. These can be tested at the level of
individua participants. The validity of this classification procedure is demonstrated with a
Monte Carlo smulation. Some useful applications of the method are described, limitations of
the method and potential generalizations are discussed.

Zusammenfassung

Strategien wie die “ Take The Best”-Heuristik (G. Gigerenzer et al., 1991), das gewichtete
additive Modell oder die “Equal Weight Decision Rule” stellen konkurrierende Theorien
Uber die Informationsintegration in probabilistischen Inferenzaufgaben dar. Die so genannte
“Behavioral Decision Research” oder “Deskriptive Entscheidungsforschung” steht vor
dem Problem, aus Verhaltensdaten Riickschl isse auf nicht beobachtbare kognitive Prozesse
ziehen zu missen. Obwohl die beiden dominierenden Forschungstraditionen “ Structural
Modeling” und “Process Tracing” viel zum Fortschritt der deskriptiven Entscheidungs-
forschung beigtragen haben, weisen sie einige Probleme auf, die hier kurz zusammengefasst
werden. Eine Methode zur Klassifikation individueler Entscheidungsmuster wird vorgestellt,
die auf Deduktionen aus den substanziellen Hypothesen beruht. Aus den Hypothesen tber
kognitive Strategien werden Vorhersagen fur Regressionsgewichte abgeleitet. Die
Hypothesen kénnen so auf individueller Ebene gepriift werden. Eine Simulationsstudie
demonstriert die Validitét der Methode. Es werden einige Anwendungen geschildert und
Probleme der Methode diskutiert.
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Take The Best, Dawes' rule, and compensatory decision strategies:
A method for classifying individual response patter nst

Like any other field in cognitive psychology, the specia branch called “Behavioral Decision
Research” (BDR; e.g. Maule & Svenson, 1993; Payne et al., 1992) is concerned with
formul ating theories about cognitive processes. In the case of BDR, process models are
invented to describe human thinking in various situations in which judgments or decisions
have to be made. Sometimes, the BDR branch is characterized as descriptive as opposed to
normative models of decision making. However, the term “descriptive” might have a
somewhat mideading connotation in this context because the aim is not merely to describe
actual data, but to describe cognitive processes which are hypothetical constructs within
cognitive theories. Of course, these theoretical claims have to be confronted with actua data
in order to test their validity and predictive power. Linking unobservable theoretical
constructs to potentially observable data patternsis the central problem of psychology in
general, and it can be termed the “ measurement problem”.

In BDR, this measurement problem has been tackled by the invention of avariety of
methodical developmentsthat try to link data to theory. In general, these attempts can be
divided into two broad classes that are often referred to as Structural Modeling (e.g.
Brehmer, 1994; Dawes, 1979) and Process Tracing (e.g. Payne, 1976; 1982; Payne et al.,
1988; 1992; 1993), respectively. Structural Modeling "typically focuses on the end result of a
decision process and tries to relate the final decision to parameters characterizing the decison
problem™ (Svenson, 1983, p. 140). Various methods might be subsumed under this class, for
example Anderson’s (1981; 1982) Information Integration Theory or the Brunswikian
tradition that resulted in the development of Social Judgment Theory (e.g. Brehmer, 1988).
Process Tracing, on the other hand, “directly assesses what information was accessed to
form ajudgment and the order in which the information was accessed. Thisinformation is
used to make inferences about what decision strategies have been used in arriving at a
choice” (Ford et al., 1989, p. 76). Thus, both approaches aim at testing theories about
decision strategies, but they rely on different types of data. The information derived from
both types of data can be viewed as complementary, as Einhorn et al. (1979) have
acknowledged. Both traditions have proved to be of enormous value in contributing to our

1| am grateful to Edgar Erdfelder, Jirgen Bredenkamp and Ingo Wegener for helpful
comments on an earlier version of this manuscript.
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understanding of human decision making in multi-attribute situations (see e.g. Brehmer,
1994; Slovic & Lichtenstein, 1971; Payne et d., 1993, for some reviews).

While the merits of these approaches are out of question, there have been several
repeated methodical criticisms concerning both traditions which limit their general
applicability (e.g. Westenberg & Koele, 1994). Especially in the context of detailed and
precise theories about cognitive processes, the mere adaption of approved methods may not
be adequate because they are often not suitably tailored to address the specific theory under
investigation. In these cases, new methods have to be developed in order to achieve gtrict tests
of existing theories. On the one hand, this conclusion seems obvious, but on the other hand,
researchers often stick to traditional methods, arguing about their general usefulness instead
of asking whether they are able to solve a specific question. (Of course, there are also
numerous exceptions to this assertion, e.g. Aschenbrenner et al., 1984; Bockenholt &
Kroeger, 1993; Busemeyer & Townsend, 1993; Huber, 1983; Wallsten & Barton, 1982; to
name just afew).

This article deals with the so-called “ Take The Best” -heuristic which was proposed
by Gerd Gigerenzer and his colleagues as a boundedly rational cognitive model of multiple-
cue probabilistic inferences (Gigerenzer et a., 1991; Gigerenzer & Goldstein, 1996; 1999).
Despite being a precise model, empirical consequences are not easy to obtain from its
formulation, that is, no acceptable decision criteria exist for deciding whether a person
adopted the strategy or not. Such a criterion will be developed here by deriving precise
expectations about the structure of regression weights, given a specific set of experimental
gtimuli. This particular application isintended to demondirate the power of a deductive way of
reasoning in BDR that can supplement the existing tool-kit of research procedures. Whereas
the particular method developed here is confined to the case of the Take-The-Best-heuristic
and the well-known “Equal Weight Linear Model” or “Dawes’ rule’, the general line of
reasoning is not.

The paper is structured as follows: First, the Take-The-Best-heuristic will be
described along with the methodical problem of deriving empirical predictions from it.
Second, criticisms of the above-mentioned traditions of BDR will be summarized briefly.
Most of these problems have been acknowledged before, but a synopsis and some new
arguments might be helpful. Thisis not donein order to devalue these approachesin generd,
but to demonstrate their limitations in the case of specific theory tests. Third, the
classification method for individual response patterns will be described. A Monte Carlo
simulation will be reported to demonstrate its validity. In addition, some successful
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applications will be described briefly. In the discussion section, severa limitations of the
method as well as potential remedies are discussed.

The Take-The-Best-heuristic and problems of empirical tests

The Take-The-Best-heuristic (hereinafter: TTB) isasimple mode of information integration
in binary probabilistic inference tasks. Its original formulation appeared within the theory of
Probabilistic Mental Models proposed by Gigerenzer et a. (1991) which was designed to
explain the choice process and the calibration of confidence judgmentsin general knowledge
tasks. TTB has now become a central building block of the research program on “Simple
heuristics that make us smart” (Gigerenzer et al., 1999). Gigerenzer and his colleagues have
shown that simple noncompensatory heuristics that violate traditional assumptions about
rational decision making may perform equally well as more “rational” compensatory
heuristics like the weighted additive model, for instance (Gigerenzer & Goldstein, 1996;
1999; see al'so Johnson & Payne, 1985; Thorngate, 1980). The success of these heuristicsin
combination with their smplicity render them plausible psychological models of decision
making.

TTB is intended to describe the cognitive processes in dealing with binary
probabilistic inference tasks. In such atask, an inference must be made with respect to an
unknown value of atarget variable. For instance, the general knowledge item “Which city
has more inhabitants: Chicago or Detroit?’” might be asked. Most people will not be ableto
retrieve the information about city populations with certainty, so they have to rely on
probability cues that are believed to be correlated to the target variable (e.g. the existence of
an internationd airport). The predictive power of such acuewith respect to the target variable
iscalledits ecological validity, defined as the conditiona probability of drawing the correct
inference when one object possesses the critical feature while the other does not, and the
former object is chosen (see Bjérkman, 1994; Gigerenzer et al., 1991). Drawing on
Brunswik’s (1956) assumption of well-adapted cognitive systems, Gigerenzer et a. (1991)
assume that ecological cue validities are known to observers who had repeated experience
with the environment. Obvioudy, given aset of cues, the correct decision could be made with
maximum probability if acomplex Bayesian computation were applied. This, however, isnot
plausible as a cognitive model, because the processing demands increase exponentialy with
the number of cues (Oaksford & Chater, 1993). According to the TTB assumption, people
just look up the most valid cue. If this cue discriminates, they choose the object with the
critical attribute, and thinking stops. In case of equal cue values for both options, the next
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most valid cueis examined and so on. It is obvious that this heuristic is noncompensatory
because the most valid discriminating cue will determine the choice without potentia revison
of that decision dueto lessvalid cues. In addition, TTB isaspecia case of the lexicographic
decision rule (e.g. Fishburn, 1974).

The assumption of such asimple strategy used by actual respondentsis a bold one.
Other strategies like aweighted additive mode or asmple equal weight modd for combining
cue vaues may be candidates of comparable plausibility. Therefore, an empirical evaluation
of the TTB hypothesis is indispensable in order to assess its adequacy as a theory of
probabilistic inferences. However, strict empirical tests of the TTB hypothesis require
bridging the gap between theory and data which is quite problematic in this case. The
problems are discussed in detail in Broder (2000a). Here they will be only briefly
summarized.

The first problem deals with the undefined universality and precision of the TTB
hypothesis. Gigerenzer and Todd (1999) explicitly state that TTB is one of alarger set of
strategies people are equipped with. Thisimplies the possibility of different strategies of
different (same) persons in the same (different) situations. Given this possibility of
interindividual (and intersituational) differences, a method for testing the TTB hypothesis at
theindividual level isindispensable. Group statistics would be mideading in such acase. On
the other hand, the deterministic formulation of TTB isunrealistic. Even if the strategy is
smple, there may be occasiond processing errors or response errors that might influence the
data. Regecting the hypothesis of aTTB strategy because of some random responses that do
not fit the predicted pattern would be extremely unfair. Hence, the inclusion of an explicit
random response error mode is necessary.

The second problem can be termed the “ problem of separation”. Consider a set of
items consisting of two alternatives each. These objects are characterized by binary cue
values. One can now compare the response vectors that are predicted by various decision
strategies, such as TTB, Dawes' rule or aweighted additive model. The striking fact isthat
one will find an enormous overlap of the predictions from these models (almost 92%
identical predictions of all strategiesin the city population environment, the “ drosophila’
environment analyzed by Gigerenzer & Goldstein, 1996; 1999; see Broder, 2000c). This
overlap of predictionsis obviously a severe problem for theory testing because no single
choice can be attributed to a specific strategy. If occasional response errors are considered,
the problem gets even worse.
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The following conclusions can be drawn from the above-mentioned methodical
problems. The evaluation of the TTB hypothesisis only possible when a criterion for
hypothesistesting at the individual level is at hand because individual differencesin strategy
use have to be expected (see Brehmer, 1994; Brehmer & Brehmer, 1988; Slovic &
Lichtenstein, 1971). This method must be able to solve the separation problem in order to test
hypotheses about specific strategies. Before introducing such a method, some problems of
traditional methodical approacheswill be briefly summarized. A detailed discussion can be
found in Broder (2000a).

Structural Modeling and Process Tracing
In this section, the traditional approaches of BDR will be briefly examined for their potential
to solve the above-mentioned problems concerning strict tests of the TTB hypothesis at the
individua level.

The dominating approach in the Structural Modeling areais the so-called “ Social
Judgment Theory” which is based on Brunswik’s (1956) lens moddl. The preferred method
consists of mapping ajudgment vector onto a matrix of cue values via multiple regression
procedures. A good model fit in terms of the multiple correlation is seen asindicative for a
compensatory strategy (e.g. Brehmer, 1994; Einhorn et al., 1979). The regression
coefficients, on the other hand, yield information about the utilization of cues, that is, their
relative importance in forming the judgments (see Stewart, 1988, for a discussion). However,
aperfect fit of linear regression equations can be achieved by noncompensatory strategies as
well if these can be formalized aslinear models. Thus, while equating the terms*linear” and
“compensatory” may be appropriate in most cases, this need not always be true. Aswill be
shown below, TTB (a honcompensatory rule) is equivalent in performance to a linear
integration model. The fit of a linear regression model will therefore not be able to
differentiate between different cognitive modelsin our case.

According to our intuition, the magnitudes of the regression coefficients should
reflect cue importance and therefore are expected to reproduce the rank order of cue
validities. However, as a simulation of Hoffrage et al. (1997) has shown, this is not
necessarily the case. Hoffrage et al. generated a sample of TTB decisions from their city
popul ations environment. In the subsequent regression analysis of the response vectors, the
regression weights did not conform to the intuition. The most valid of nine cues obtained
rank fivein arank order of regression weights. Two problems hamper the interpretation of
the regression weights here: First, the use of abinary dependent variable might distort the
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“true” state of affairs, and second, the regression weights are not only a function of cue
vaidity, but also depend on the discrimination rates in the stimulus sample (see Gigerenzer &
Goldstein, 1996) and the intercorrelations of the cues. This must caution us from interpreting
regression weights as measures of cue importance within this paradigm. To summarize: The
successful regression methodology of Social Judgment Theory cannot readily be adapted to
the empirical problem of testing the TTB hypothesis without modification.
Following the pioneering work of John Payne and his coworkers (Payne, 1976;

1982; Payne et al., 1988; 1992; 1993), the Process Tracing methodology from problem
solving research has been applied to multi-attribute decision research with tremendous
success. Sequences of information acquisition are monitored by think-aloud protocols (e.g.
Einhorn et d., 1979; Harte et d., 1994), eye movements (e.g. Russo & Dosher, 1983), or the
information board technique in which hidden attribute information has to be actively
uncovered by the participant by turning cards or opening information boxes on the computer
screen (Payne et al., 1988). Reviews of different techniques of Process Tracing are provided
in Abelson and Levi (1985), Svenson (1979), and van Raaij (1983). Severa measures for
various aspects of the search are created, representing the depth, the selectivity, and the
sequence of information search which indicate the use of more noncompensatory strategies
when information search shows less depth, greater selectivity, and more attribute-wise
processing than alternative-wise processing. However, even if these measures allow for a
classification of strategies as more or less noncompensatory, it is difficult to relate them to
hypotheses about specific strategies (e.g. the weighted additive model or Dawes' rule). For
instance, Harte et a. (1994) derived predictions about processing sequences from different
strategies. Unfortunately, none of the actual sequences derived by think-aloud protocols
perfectly fitted the predicted sequences. Unless explicit error models are formulated, the
classification of such sequences remains problematic (see the discussion of this point in
Harte et al, 1994, p.113, and in Einhorn et al., 1979; p.481). Another problem - although
more theoretical - isthe lack of a strict implication connecting information integration and
information search. Anindividual could show a*compensatory” information search pattern
and nevertheless adopt a noncompensatory information integration strategy. The
correspondence assumption of search and integration may be reasonable in most cases (see
Abelson & Levi, 1985; p. 256 f.), but atest of e.g. the TTB hypothesis might be attenuated
by (unknown) violations of this assumption. Thus, Process Tracing data alone cannot
guarantee a strict test.
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Another problem arisesfrom the fact that the results of the two methodical traditions
seem to imply different conclusions concerning human judgment and decision making.
Structural Modeling studies tend to corroborate the assumption of the preponderance of
compensatory strategies (e.g. Brehmer, 1994), whereas Process Tracing studiestend to imply
the opposite conclusion. This apparent contradiction will not be discussed here (see Broder,
20004, for details). Some studies comparing the two approaches tend to favor the assumption
that both methods might focus on different phases of the decision process (Billings &
Marcus, 1983; Maule, 1994). However, for thisreason, it is recommended here to combine
the methods whenever possible in order to cross-validate the results, or at least in order to
enrich the data base.

The considerations above lead to the conclusion that the traditional paradigms of
BDR do not provide toolsfor the test of the TTB hypothesis, at least when they are applied
without modification.Therefore, another method must be devel oped which is specifically
tailored to handle this problem. In the next section, a method for testing the TTB hypothesis
at theindividual level isintroduced. Statistical hypotheses are deduced from the substantive
hypothesis, allowing for testing the latter by means of statistical tests. The validity of the
method is tested by means of a Monte Carlo simulation. The subsequent sections describe
successful applications and discuss potentia extensions of the method that might overcome
some limitations.

A deductive, idiographic procedure for classifying decision strategies
Following Einhorn’s (1970) suggestion to use an “idiographic approach” in BDR, a
method for evaluating hypotheses for individual respondents is necessary. That is,
hypotheses about the use of strategies have to be tested at an individual level in order to
classify decision patterns. This approach will be adopted here.

One obvious problem is the formulation of the rules: most decision strategies are
formulated in a deterministic manner. Taken serioudly, this deterministic formulation would
render theory-testing extremely simple because most rulesimply a certain vector of choices.
Whenever behavior does not match this vector exactly, the hypothesis that this strategy was
used could be considered wrong. Many psychologists would probably agree that this test
would be unfair because the notion of completely error-free responding isnot very redigticin
psychology. Most theories assume -explicitly or implicitly- some error component in
responses. When comparing response vectors with predicted vectors, we are not interested in
unsystematic deviations due to processing errors, but we want to detect systematic deviations

10



Classifying Individual Response Patterns

caused by the application of adifferent strategy. The methodical implication is obvious: For
any decision model, arandom error model reflecting unsystematic response errors hasto be
specified. As aconsequence, any test of the hypothesisthat a specific rule was administered
will test the conjunction of rule plus error mode.

The strategies tested: “ Take The Best” and “ Dawes' rule”

The TTB heuristic isformulated for inductive inferences concerning binary choices based on
aset of dichotomous cues. According to TTB, people form an internal cue hierarchy with
respect to the predictive power (called “validity”) of each cue. The “best” cueis then
examined whether it discriminates between two objects. If it does, one object is chosen
without reference to other cues. If the best cue does not discriminate, the next cue is
examined and so on. TTB is a specia case of the noncompensatory lexicographic rule
(Fishburn, 1974). Another simple and effective decision rule can be called “Dawes' rule”
(Gigerenzer, Czerlinski, & Martignon, 1999; Dawes, 1979) which is an equal weight linear
model (hereinafter: EWL). People are thought to count positive cue values for every object
regardless of cue importance. The object with the higher number of positive cueswill be
chosen. It has been repeatedly demonstrated that this strategy isfairly accurate as compared
to linear models with “optimal” weights (Dawes, 1979; Dawes & Corrigan, 1974; Wainer,
1976). However, EWL isless “frugal” than TTB because all cue information has to be
searched for in memory in order to reach a conclusion.

As has been outlined above, even if these strategies are ssmple, we cannot expect
people to use them completely error-free. We will have to specify an error model which
defines unsystematic deviations from the rule. In the demonstration presented here, the
smplest error model will be considered: It will be assumed that if acertain Strategy isused, a
participant will make an error with probability o. That is, in an expected proportion of o100
percent of her choices, the participant will chose the object not favored by the strategy. This
error probability is assumed to be uniformly distributed over all possible comparisons of
objects. Of course, the principle of deductive tests of modelsis not confined to this particular
error model, others might be considered more appropriate in some situations. In the next
section, predictable consequences will be deduced from TTB and EWL in conjunction with
the error model.

11
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Deducing implications of the models

Thelogic of deriving predictionsis as follows: the observable data pattern we get
from every participant is avector of choices. In principle, if nonsystematic response errors
are dlowed in the decision process, every possible choice vector can be generated by every
decision rule, so we cannot derive deterministic implications from assumed strategies for the
observable data patterns. Rather, we must find a statistical criterion to decide on the
hypothesisthat a particular strategy was used. That is, the god isto derive implicationsfor a
statistical null hypothesis from the hypothesis that certain heuristics were employed.
Therefore, the forma properties of the decision rules must be examined. The rules mentioned
above (TTB and EWL) can be conceptualized as linear integration models (with a specific
weight structure) on alatent decision variable © that is mapped onto abinary choice variable.
Whereas “linearity” is obviousin the case of EWL, it is counterintuitive in the case of the
noncompensatory TTB-heurigtic. However, Martignon and Hoffrage (1999) have shown, that
TTB isequivaent (in performance) to aweighted additive model with a noncompensatory
weight structure (see aso Gigerenzer, Czerlinski, & Martignon, 1999).

Aswas demonstrated by Hoffrage et al. (1997), aregression analysis of this binary
variable does not necessarily yield the expected weight structure. However, if certain
conditions are met, then a derivation of expected regression weightsis straightforward.

For smplicity, the derivations for TTB will be demonstrated in accordance with the
experimental situation in which n = 4 binary cues (coded “0” and “1” for the absence or
presence of the cue feature, respectively) were used. With n binary cues there are N = 2n
possible cue-patterns, yielding 16 patternsin the case of four cues. A complete set of paired
comparisons between al 16 patterns consists of N2/2-N/2 = 120 pairs.

If the lexicographic TTB ruleis consstently applied, the 16 cue-patterns conssting of
“0" and “1” will be ordered lexicographically. The pattern (1,1,1,1) will have the highest
rank in this hierarchy because it dominates all other patterns. The next patterns will be
(1,1,1,0), (1,1,0,2), (1,1,0,0) and so on until pattern (0,0,0,0) which is the lowest in rank
because it isdominated by all other patterns. If we denote the rank of each patternj in this
hierarchy with R; (ranging from O to 15), then Equation (1) holds.

R, = 8X;;+4X;,+ 2X3+ 1, (1)

12
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In Equation (1), the x;; denote the values of cue i for pattern j. As can be seen, therank inthe
lexicographic hierarchy can be perfectly expressed asalinear function of the cue values (see
Martignon & Hoffrage, 1999). The coefficients (i.e. the weights) are noncompensatory. That
is, the weight of amore valid cue can never be exceeded by the sum of weights of lessvalid
cues. It iseasy to see that Equation (1) must be true when the 16 patterns are hierarchically
ordered in atable. Consequently, for each comparison of any two patterns j and k, Equation
(2) will result:

AR, = (Rj—Ry) = 8+ (X;;— Xyq) + 4% (Xj3— Xyp) + 2% (X;3— Xye3) + 1 (X, = X,) (2

The differencesin cue-values of patternsj and k will be denoted as Gijk = (X;i - X«i) resulting
inc;, €{-1 0 1}. TheTTB ruledefinesanonlinear transformation of thisrank difference

variable, yielding the choice variable TTB according to the decision rule given in Equation (3).
[TTB,, =(-1) =AR,,<0|A[TTB,,=0 =AR ,=0|A|TTB, =1=AR,,>0] (3

This meansthat whenever object j is superior to object kin the lexicographic hierarchy, object
J ischosen (coded “1”), when the opposite is true, object k is chosen (coded “-1"). Note,
that thisformal representation of the TTB-heuristic is not the same as the cognitive model.
The cognitive model of sequential cue-wise testing does not involve the subjective
representation of alexicographic hierarchy. Nevertheless, the strategy is formally equivalent
to this representation. If two patterns are the same (which is not possible within the paired
comparisons considered here) the TTB rule will not result in a choice (coded “0”). Note that
this coding scheme of TTB suggested in Equation (3) is arbitrary. However, combining
Equations (2) and (3), we can write the variable TTB as a function of the cue-value-
differences cjjx. Consider acomplete paired comparison of all 16 cue-patterns: Every element
of the TTB-vector is completely determined by the cjjx. There is another arbitrary aspect in
Equation (3): We are free to choose which cue-pattern is denoted as “j” or “k”,
respectively, in any comparison, resulting in different values of the c;jjx and TTB, dependent
on that choice. This does not change the formal structure of Equations (2) and (3), but this
will lead to different structures of cue-intercorrelations and correlations of the cueswith TTB.
Obvioudy, across al 120 paired comparisons, there are 2120 possible coding schemes that

13
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will lead to different correlational structures. We can now choose one of these schemes that
has the following properties. (1) all cue-means are zero, (2) al cue variances are equa, and
(3) dl cue-intercorrelations are zero. If these conditions are met, then it can be shown that the
correlations of TTB with the ¢; will show the structure in Equation (4).

re1 TTB=2* 2, TTB=4" I3 TTB=8* 4, TTB (4)

Furthermore, if the TTB-rule is consistently applied, but “ contaminated” with a constant, but
unknown, error probability o, then the expected values of these correlations are given by
Equation (5).

E(rc11m8)=2* E(re2, 718)=4* E(rc3 178)=8* E(rca,778) (5

The proof of these assertions can be found in the Appendix. There one can also find ades-
cription of the coding method that yields the necessary properties to derive this prediction.

Together with the conditions mentioned above, the derived structure of correlations
has direct implicationsfor the regression weightsif amultiple regression of thevariable TTB
on the independent variables c; is performed: Whenever the predictors in a regression
equation are uncorrelated (condition 3), the standardized regression coefficients 3; are equa
to the bivariate correlations of the predictors and the dependent variable (Cohen & Cohen,
1983, p. 101), and hence, they must show the same noncompensatory structure. The
unstandardized coefficients B; depend on the standardized coefficients and the predictor
variances (see Cohen & Cohen, 1983; p. 100). Asthese variances are equal (condition (2)), it
followsfor the B;:

E(B1)=2*E(B2)=4*E(B3)=8"E(B4) (6)
We can apply the same logic of reasoning to the EWL-rule, and will find that if a
choice vector was generated by this strategy (including response errors with probability o),

then the expected structure of regression weights follows Equation (7).

E(B1)=E(B2)=E(B3)=E(B4) ()

14
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The two different choice strategiesimply different structures of expected regression
weights when an observed choice vector is analyzed in amultiple regression with the cue-
differences as predictors. Therefore, it is possible to test the hypotheses that a person applied
the TTB-heuristic or the EWL-heurigtic at the individua level by testing the null hypotheses
about the regression weights. This approach does not rely on any surface indicators of
“noncompensatory” behavior, and the regression analysisis not seen asa*“model” of the
decision process, but merely as a statistical tool to test hypotheses about correlations, that
were derived form the substantial models. In this respect, the procedure can be classified as
“deductive’.

Hypothesis tests

Testing hypotheses about regression weightsis straightforward and can be achieved
by comparing the model fit of an unrestricted regression model to the fit of an appropriately
restricted model. The unrestricted moddl is given in Equation (8).

Y=B,c,+B,c,+B,c,+B,c,+B, ®)

The null hypotheses implied by TTB and EWL are given in Equations (9) and (10),
respectively.

Y=B,c,+5B,c,+5B,c,+-B,c,+B, )

Y=B,c,+B,c,+B,c,+B,c,+B, (10)

A dstatistical test of these null hypotehses is straightforward in linear regression: If the
restricted modelsin (9) and (10) explain significantly less variance than the unrestricted
model in (8), then the corresponding null hypothesisis rejected.

Classification procedure

In the preceding section we have developed two null hypotheses reflecting the
expected patterns of regression weights resulting from the choice rules TTB and EWL,
respectively, when these are combined with a simple error model. For every person
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completing al 120 paired comparisons, we can test these hypotheses by applying the above-
mentioned multiple regression models. On the basis of these tests, the participant’ s behavior
will be classified according to asimple decision rule. If we can rgject the TTB-hypothesis
while the EWL-hypothesis is not rejected, the participant will be classified as “EWL”

because her decision behavior is compatible with the EWL rule, but not with TTB.
Consequently, if the reversed pattern emerges, the participant will be classified as“TTB”. If
both hypotheses are rejected, we can assume that the participant used another weighting
scheme which is presumably compensatory but does not follow an equal weight rule
(“COMP”). Therefore, asimple statistical test can tell us whether the observed data pattern
is compatible with the assumption of certain strategies plus response errors.

An undesirable situation emerges when neither hypothesisis rejected. Thiswould
mean that the data were compatible with two completely different weighting schemes.
However, these cases will only result when Rz islow in either case and thus, the linear mode
is not a good model anyway. These cases will be called “unclassified”. Although the
possibility of “unclassified” patternsis not satisfying theoretically, they do not appear to
play asignificant role in empirical applications of the procedure. For instance, none of the
160 empirical choice vectors reported in Broder (2000b, Experiments 2,3, and 4) remained
“unclassified”.

Classification criteria, power and the appropriateness of the F-Test
To test arestricted regression moded with k predictors against an unrestricted model
with m predictors the following F-statistic may be used (Cohen & Cohen, 1983):

Ri-R; LN-1-m

TR mk

(1D)

R2 and R 2 are the squared multiple correlation coefficients of the unrestricted and restricted
models, respectively. Under the null hypothesis of equal R's and other conditions (see
below) this statistic is centrally F-distributed with df, m=m-k and dfgen=N-1-m. In the
experiment described below, every participant completed all N = 120 paired comparisons,
resulting in the appropriate F-statistic with df,,m= 4-1 = 3 and dfgen= 120-4-1=115 for the
tests of the hypotheses. We will refer to the F-valuesas* Frrg” and “ Feyw”. What are our
chances to detect deviations from the TTB model or EWL if we apply this F-test? A power
analysisreveals that a“medium effect size” (f2=.15) according to the conventions from
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Cohen (1988) can be detected with the error probabilities oo = 3 = .05 with thissample size.2
Thecritical F is2.68. According to these values, our error probabilities for misclassifying do
not exceed .05 if the F-test isvalid in this situation. Note that our effect size defines the
aternative hypothesis: we do not consider deviations smaller than f2=.15 to be “substantial”
deviations from the null hypothesis.

The need for validation studies

Before the classification procedure outlined aboveis applied to substantial research
problems, its validity hasto be examined empiricaly. Two potentia problems questioning the
validity have to be addressed. First, a statistical prerequisite for administering the F-test is
violated in this application of multiple regression (see below). That is, the theoretical
misclassification probabilities might deviate from the actua ones. Second, the method might
be insensitive to detect deviations from the null hypotheses and therefore overestimate the
proportion of TTB users and EWL usersin asample. To address the first problem, aMonte
Carlo simulation was conducted.

Nominal and actual error probabilities. a Monte Carlo simulation

The central F-distribution of the before-mentioned statistic can only be assumed
when the assumption of independently and identically normally distributed residualsis
fulfilled, which is obviously violated in our case of a dichotomous criterion. Whether this
violation leads to a distortion of type-l error probability in testing the hypotheses must be
examined in arobustness study. For this reason, large samples of response vectors were
generated according to the TTB-rule and the EWL-rule, respectively. These response vectors
were “contaminated” by various response error probabilities (5%, 10%, 20%, 30%)
according to the smple error model. Both decision rules were combined with al four error
rates, resulting in eight cells of the design. 10,000 vectors were generated for each cell.
Additionally, 10,000 random vectors were generated. These can be considered a random
sample of al possible 2120 response patterns. For al data patterns, three multiple regression
analyses were performed to compute the values Frrg and Fgwy according to Equation (11)

on which the classification as “TTB”, “EWL", “COMP” or “unclassified” was based

2 The analysis was performed with the program G-Power for Macintosh Power PC
(Buchner, Faul, and Erdfelder, 1996). The exact value of (1-p) is.9526.
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like outlined above. The critical F-value was Fit = 2.68 which stands for a nominal
probability of atype-l error of 0=0.05. The classification results are shownin Table 1.

Table 1: Results of the Monte-Carlo-Simulations. Data sets were generated by using the
TTB rule or the EWL rule with error rates of 5%, 10%, 20%, and 30%, respectively. 10,000
data sets were generated in each of the eight resulting conditions and analyzed by multiple
regression as described in the text.

Percentage classified as...

generating  error rate TTB EWL COMP unclassified
rule (%)
random -- 1.47 115 3.49 93,89
TTB 5 99.94 -- 0.06 --
10 98.99 -- 0.96 0,05
20 85.02 0.48 2.33 12,17
30 40.24 0.78 3.31 55,67
EWL 5 -- 99.66 0.34 --
10 -- 98.76 121 0,03
20 0.25 87.71 2.37 9,67
30 0.80 44.39 2.83 51,98

Note: The theoretical critical F(3,115) for o=.05 is F;;=2.68.

Thefirst row of Table 1 shows the classification of the randomly generated response vectors
that remained “unclassified” in 93.89% of the cases. This observation has two implications:
First, if aperson responds completely unsystematic, then her behavior will be erroneoudy
classified as a systematic strategy in only about 6% of the cases. Second, as these randomly
generated vectors are arandom sample of all possible vectors, the result shows, that the
classification as“TTB”, “EWL” or “COMP” is not trivial.

The classification procedure yields extremely high hit rates (>98%) for response
vectors generated by EWL or TTB when the error rates are low or moderate (5% or 10%).
However, this hit rate decreases to about 40% with an error rate of 30%. But note, that the
decreasing hit rate does not result in a misclassification rate that exceeds the nomina o of
0.05. Merdly, an increase of unsystematic errorsin responding leads to more unclassified
patterns, but not to a systematic bias in favor of another strategy. A response error rate of
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30% is extremely high and can be seen as alimiting case to speak of “systematic” behavior
aal.

Altogether, the smulation study shows that despite of the violation of its assumptions,
the F-test isrobust in the sense that it is not biased against the null hypotheses. The error
probabilities of falsely rgecting the null hypotheses are less than the nominal value of 0.05.
Therefore, the F-test tends to be conservative, rather than anticonservative, with respect to the
null hypotheses.

In addition to this simulation study, Broder (2000c, Experiment 4) has reported a
validation experiment which aimed at showing that the classification method behaves rational
when applied to actual behaviord data. Three experimenta conditions were redized, in which
participants were expected to respond “TTB-like”, “EWL-like” or according to a
compensatory weighting scheme. Thiswas achieved by manipulating the cue vaiditiesin the
environment in away that the corresponding strategy was optimal in each of the given
situations. 90% of the participants (27 of 30) were classified as expected.

The simulation study as well as experiment show that the proposed classification
procedureisrational in the sense that the classification of response vectorsis not particularly
error prone despite of some violations of assumptions necessary to justify the F-test. Most of
the observed response patterns in the experiment were classified in amanner consistent with
the strategies expected to be adopted by “rational” participants in the corresponding
experimental conditions. These are two empirical arguments that support the validity of the
deductive regression-based classification procedure outlined above.

Some applications of the procedure
The validation studies may have convinced some readers that the classification procedure is
valid to some degree. However, this does not answer the question “What isit good for?’. To
be amethodical progress, the procedure must be shown to offer the possibility of substantial
insights in the decision research domain or at least in the “simple heuristics’ perspective
fostered by Gigerenzer et a. (1999). BDR is characterized by a growing interest in
situational and task factors that might trigger the use of different strategies under varying
conditions. Drawing on the contingency model by Beach and Mitchell (1978), Payne et al.
(1993) emphasize the hypothesis that decision makers are “adaptive’, using different
strategies contingent on the demands of a specific decision situation. For example, time
pressure (see Svenson & Maule, 1993) or the dispersion of cue validities (Johnson & Payne,
1985; Payne et al., 1988) have been shown to have predictabl e effects on information search
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behavior, suggesting that decision makers choose appropriate strategies from a “tool-kit” of
strategies they can use. This assumption is explicitly adopted by Gigerenzer and his
colleagues (Gigerenzer & Todd, 1999). With avalid classification method of individual
response strategies, an examination of the impact of task factors on strategy selection is
possible. Furthermore, the identification of individual strategiesin principle allows for
linking these strategy preferences to other variables, such as cultural differences or
persondlity traits. That is, asituationa or task factor might lead to a strategy switch for most
people, whereas some might retain a preferred strategy under varying conditions. The
individual identification of strategies could be used to assess the relative importance of
strategy preferences or personality traits versus situational factorsin atruly interactive
manner.

Although the above-mentioned interactive perspective has not been redized yet, abrief
example may illustrate the value of the method. Broder (2000b, Experiments 3 and 4) varied
the costs for acquiring information about the cue valuesin ahypothetical stock market game.
The participants had to choose one of two presented sharesin each of the 120 decisions. The
shares were described by positive or negative values on four cues with different validities.
However, to get accessto the cue information, participants had to acquire the cue information
by clicking the appropriate buttons with the mouse. In one condition, this was the only
“investment” to get access to that information (Experiment 4, condition 3). In two other
conditions, participants had to “pay” either alow amount of virtual money for the cue-
information (Experiment 3, condition 1) or a rather high amount of virtual money
(Experiment 3, condition 2 and Experiment 4, condition 4). This money was subtracted from
avirtua “private account”. Participants' response vectors were classified with the regression
procedure outlined above. While 65% percent of the participants were classified as TTB
users in the high cost condition, only 40% were classified as TTB users in the low cost
condition. In the no cost condition, the proportion of TTB users was only 15%. The
influence of information costs on strategy useis highly significant (2 = 12.23, p< 0.01)
and turned out to be the most potent factor among others motivating participantsto use TTB
in this situation.

These applications imply several conclusions. First, they show that the method is
capable of examining factorsthat lead to strategy switches contingent on the demands of the
task, thus supporting the claim of “adaptive decision making”. Second, the results show that
even in the presence of powerful situational factors like “information costs’, individual
differences exist in the preferencesfor certain strategies. That is, not all respondents show the
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same strategy under identical conditions. These strategy preferences might be related to
personality variables, such as processing capacity, motivation, rigidity, or whatever.
Obvioudy, avalid classification of individual strategies opensthefield for relating these
observed preferences to such variables. This might lead to a clearer picture of the factors
determining strategy selection. Third, the results show that TTB seemsto be a strategy often
used in probabilistic inference tasks, at least under certain conditions.

F-value
(6]
1

no costs (N=15) low costs (N=12) high costs (N=14)

Figure 1. Means (and SES) of the Fryg-values as measures of
“compensatoriness’ for participants with acompensatory strategy in ex-
perimental conditions with no vs. low. vs. high costs of information
acquisition (Brdder, 2000b).

Some researchers might feel uncomfortable with the apparently coarse-grained
classification of strategiesas TTB, EWL, or COMP (see e.g. Koele & Westenberg, 1995).
The latter category is something like arest category which contains all “compensatory”
strategies that do not fit the TTB rule or an EWL rule, respectively. However, these patterns
might reflect different degrees of deviation from the noncompensatory strategy and therefore
different degrees of weighting less valid cues. The classification procedure provides such a
guantitative measure of “compensatoriness’, namely the Frrg-statistic on which the
classfication isbased. Obvioudy, this F-vaue reflects the degree of deviation from the idea
noncompensatory strategy and can serve as a supplementary measure to analyse the within-
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dtrategy variation of cue-weighting.3 For example, Fig. 1 depicts the mean Frrg-valuesfor al
respondents who were classified as “COMP” in the above-mentioned experimental
conditions (no vs. low. vs. high information costs). As one can easily see, the degree of
compensatory cue weighting decreases with increasing information costs. An ANOVA of the
F-values reveal s that this differenceis significant (F(2,38)=3.65, p<0.05). That is, even if
there are participants who retain a compensatory strategy under conditions with information
costs, their deviation from a noncompensatory strategy is less pronounced the higher these
costs are. Therefore, in addition to the strict deductive hypothesis test about decision
strategies, amore fine-grained analysis of the variation within strategiesis possible.
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Figure 2: Mean number of cues acquired in Experiment 3 of Broder (2000b)
(Note: error bars represent SE of estimate)

3 Comparing F-values as measures of deviation from the null hypothesisis only useful as
long as the degrees of freedom are the same. Otherwise, one would prefer to use anoter effect
Size measure, e.g. Cohen’s (1988) f2.
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A last point should be illustrated here. With the possibility of a (valid) strategy
classification of individua respondents, a cross-validation with process tracing measures can
be achieved in principle. In Fig.2, the mean number of cues that were accessed by the
respondents prior to their decision is plotted for those respondents who were classified as
“TTB” and those who were classified as“ compensatory”, respectively, in Experiment 3 of
Broder (2000b). On the abscissa of Fig. 2, different decision situations are presented in
which the most valid cue differentiated between the options (Cuel), the second most valid cue
differentiated (Cue 2) and so on. As can be seen, the information acquisition of TTB usersis
extremely redtrictive as compared to that of respondents classified as compensatory decision
makers. When the mean number of cues acquired is compared for both strategy
classifications, the difference is highly significant (t(38) = 4.36, p < .001). If, on the other
hand, both experimental conditions are compared (low costs vs. high costs), the difference
does not turn out to be significant (t(38) = 1.75, p = .09). The result shows that a clear
difference in acquisition behavior exists between strategies. However, when experimental
conditions are compared, this difference is attenuated by the fact that both groups are
composed of amixture of different strategies.4

If the numbers of cues acquired with each item type are used as predictorsin a
discriminant analysis, 85% of participants (34 of 40) are classified to the same strategy as
with the regression-based procedure, showing some substantial overlap between acquisition
dataand decision data. Thus, Process Tracing data can be cross-validated by the classfication
method, and this allows for testing the correspondence assumption between decision and
acquisition measures in every application of the method.

General Discussion
In this paper, amethod for classifying individua response vectors for binary decisonswas
introduced. In 1970, Hillel J. Einhorn stated that “[i]f one can build amodel of individual
behavior and at the same time provide atheoretical classfication of different ‘types, then one

4 Some readers may wonder why the upper linein Figure 2 is not completely parald to the
abscissa at the level of four cues (Compensatory decision makers always buy all
information). Thisis amisunderstanding. Compensatory decision making does not imply
full information search in every single Situation. For example, consider choice Situationsin
which the first two cues favour one alternative. A rationa - and compensatory - decisionin
this caseis not to buy further information of lessvalid cues because they cannot override the
impact of thefirst two cues.
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can combine an idiographic and a nomothetic approach.” (Einhorn, 1970, p. 229).
Obvioudly, large individual differences exist in applying decision strategies. Hence, an
identification of these strategies can add valuable information to the analysis of group
statistics which is normally done in Process Tracing studies. This has been demonstrated by
the fact that grouping participants according to experimental conditions did not reveal a
reliable difference in information acquisition behavior, whereas grouping respondents
according to the strategy they presumably employed showed alarge difference.

To summarize, the method developed here seems capable to detect individual
differences. Its validity was demonstrated by a smulation study and a validation experiment
(Broder, 2000c). The usefulness of the method has been illustrated by an application which
showed that, athough task factors have an impact on strategy selection, the strategy switchis
not perfect. In principle, theindividual identification of strategies alowsfor relating strategy
preferencesto other variables, such as cultural or individud (trait) differences. Hence, it can
be used to investigate the determinants of strategy selection more completely. The main
methodological advantage is that hypothesis tests were derived directly from substantial
hypotheses without any need to rely on validity assumptions for ad-hoc measures of
compensatory and noncompensatory behavior (see Broder, 2000b).

However, the classification method suffers from some limitations that will be
discussed now. One apparent disadvantage is the restricted applicability of the method for
testing the TTB hypothesis and the EWL hypothesis for multiple-cue probabilistic
inferences, respectively. The method is specifically designed to address this question. Hence,
itisnot ageneral purposetool for analyzing datain BDR. This limited applicability might
decrease its value in the view of some researchers. Although “off-the-shelf”, general
purpose research procedures may be desirable for pragmatic reasons, we feel that this
criticism rather pointsto the strength of the method than to its weakness. Specific research
questions (e.g. whether people redly adopt the TTB strategy) can often only be answered by
the introduction of research methods specifically tailored to address this particular theory or
hypothesis. The above-mentioned “problem of separation” hampered progress concerning
the investigation of TTB until now because it could not be solved by other methods.
According to the author’ s view, this gpproach should generdly be adopted in BDR. Although
Structural Modeling and Process Tracing are valuable general data analytic tools, their
limitations for addressing specific issues require supplemental methodica developments. The
method presented here may be seen as one example of such an approach.
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A more severe limitation of the method, as presented here, is the necessity of afull
paired comparison of all possible cue patterns. Thisis critical for two reasons. First, the
restriction to four-cue problems seems unavoidabl e because even with five binary cues, 496
decisions would be required from each participant which is beyond the scope of anormal
laboratory experiment (unless torturing participantsis the goa of the study). Second, true
Brunswikianswill criticize that this restriction does not allow for constructing representative
setsof stimuli. To put thismore generdly, no variation of the stimulus characteristics (except
cue validities and semantic embedding) is possible. For instance, the question whether the
number of dominated alternatives in a series of decisions has an influence on strategy
selection (e.g. Johnson & Payne, 1985; Payne et al., 1988) cannot be readily addressed
because the proportion of dominated alternativesis dictated by the need for afull paired
comparison. Wheresas these restrictions confine the range of potentia applications, they do
not call into question the general logic of the approach adopted here. The full paired
comparison was introduced for technical reasons and did not appear to be a critical problem
in the experiments reported above. With such a set of stimuli, a zero correlation of the
appropriately coded cues can be achieved which alows for an easy derivation of to-be-
expected regression weights (see Appendix). However, this does not preclude the possibility
of deriving predictions for expected regression weights (or other statistics) when this
technical assumption is not met. Presumably, these derivations will become more awkward,
but they should be possiblein principle for any subset of paired comparisonsthat is drawn
from the class of al paired comparisons of cue patterns. Monte Carlo simulations to assess
the robustness of the F-test are recommended for these applications. In most instances, the
use of the full set of comparisons will not be a problem, allowing for an unmodified
application of the method as presented here. Also, an extension to cases with more than two
decision alternativesis a future desideratum.

The above-mentioned problems set the stage for further devel opments of the method,
possibly resulting in ageneralization and the use of test statistics that are more satisfying
theoretically. The version introduced here is a starting point for developing methods that link
theoretical claims about decision strategies to unambiguous empirical predictions. At the
moment, the potential merits of the procedure outweigh its disadvantages.

Gigerenzer et d. (1999) have started a huge research program in which they examine
avariety of short-cut heuristics with respect to their (surprisingly good) efficiency in “real
world” environments. TTB is one prominent candidate within the tool-kit. However, the
question of the descriptive adequacy of these heuristics as cognitive models of actual human
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behavior has not been addressed until now (but see Rieskamp & Hoffrage, 1999, for an
exception). Some time ago, Gigerenzer (1981) pointed out that successful solutions of the
measurement problem are indispensable for any progress of psychology as an empirical

science. Thisisaso true, of course, for his own research agenda on “simple heuristics that
make us smart”. Hopefully, the method devel oped hereis afruitful contribution to solving
the problem in the case of simple decision heuristics.
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Appendix: Proof for noncompensatory correlations

Definitions:
Letc,,€{—10 1} bethevaue of the cue-difference of cuei in apaired comparison m of

Cue patterns. ¢;, Cy, C3, and ¢4 refer to the cuesin the order of their importance (validity).
Let N; be the number of paired comparisonsin which g discriminates, while none of the

more important cues discriminates, i.e.:
N, = number of comparisonswith c, # 0,

N, = number of comparisonswith ¢c,=0andc, # 0,
N ; = number of comparisonswith c,=0andc,=0and c, # 0, and

N, = number of comparisonswith c,=0andc,=0andc,=0andc, # 0.

Necessary conditions:
The TTB ruledefinesavariable T dependent on the G and coded according to Equations (2)

and (3) in the text. Suppose, a coding scheme can be found that fulfills the following
conditions:

(1.) al bivariate cue correlations are zero (r k=0 for all i=K),

(2.) dl cuevariances are equal (S;=Sk for dl i,k),

(3. dl cuemeansare zero (c,=0for al i), and

(4.) themean of T iszero (T=0).

Theorem:

If aperson completesafull paired comparison of al 16 cue patterns employing the TTB rule
with an unknown but constant error probability o, and her choices are coded according to
Equations (2) and (3), and if, furthermore, the conditions (1.) to (4.) hold, then the expected
correlations of the cuesand T will follow the pattern E(r ;) = 2E(r1,) = 4E(r 1) = 8E(r 1) -

Proof:
The correlation of acue i with the variable T across N =120 paired comparisons mis defined
asfollows:
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AsN, §; and Sy are constant for all i (condition 2), the following considerations can be

confined to the cross-product in the numerator. For each cue i, two cases have to be
considered:

Case 1. Cuei discriminates, while none of the more important cues discriminates

Case 2: All other cases

The expected cross-product can be determined for each case:

Case 1.

El ¥ Cn=C)(Tn=T)|=N;#1x(1-0)+N;# (-1 *o=(1-20) =N,

Case 1

That is, in each case in which cuei isthe most important discriminating cue (frequency of
N.), the expression (c,, — C,)(T,.— T) will assumethevaue“1” when TTB is applied without
error, whereas it assumes the value “-1” when an error is made with probability o.

Case 2:
If cuei does not discriminate, another cue will determine the choice. As al cues have zero
correlations (condition 1), it follows that.

E Z (Cim_Ei)(Tm_-F) =0

Case 2

Combining Casel and Case 2, the expected value of the cross-product is (1-20)* N; for each
cue. So, the correlations depend only on the N;. However, by simple application of
combinatorial formulae it can be shown that for N=120 paired comparisons of the 16
possible cue-patterns, the N; are N;=64, N,=32, N3=16, and N;=8, and therefore we expect
the noncompensatory pattern of correlations E(r ;) = 2E(r,) = 4E(r 15) = 8E(r 1) -

A coding method to fulfill the conditions

The relations derived above only hold if the before-mentioned conditions (1) through (4) are
met. So the task is to find an assignment method of the cue patternsto “j” and “k” (see
Equations 2 and 3) which satisfies the conditions across the 120 paired comparisons. A
pragmatic method isfound as follows: If one assigns numbers |,k to the cue patternsin the
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order of their lexicographic hierarchy (j,k e{1,2,...,16}), every paired comparison can be
numbered m e{1,2,....,120} running through theindicesj and k>j. Conditions 1 to 4 are met
when patterns are assigned to “j” or “k” in an aternating fashion running through the
comparisonsm. Thevector T predicted by TTB (without error) then contains the aternating
elements“1” and “-1". It iseasy to see that at least condition 4 (mean of T is zero) must be
satisfied by this procedure because T will contain as many “1” as“-1". Furthermore this
method yields pairwise zero correlations between cues (condition 4) and equal cue variances
(SD=0.73). However, applying this method, cue 4 shows adight deviation from the pattern
(c,=0.067 and SD =0.732), but thisdeviation is numericaly irrelevant asit affects only the
fourth decimal place of the correlation ryes.
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