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Rational, Repetitive Choice:
miningtion Model versus the
Camilleri-Berger Model

SIEGWART LINDENBERG
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The best-known model of rational, repetitive choice i sociology is the Camilleri-Berger Model.

The Discriminution Model is a recent competitor to the Camilleri-Berge.

idodel and a thorotugh

compurison is called for. In this paper, the two models dre presented :nd compured in some
derail with regard to the way they handle wrility and marginal nrilivy; ire way they explain {or
fail to explain} metching: their cognitive asswmptions; their henrdistic capabilities for
applicarion to soclal sitnations; and their predictive accuracy. The Discrimination Model comes
out fuvorably on all cownts. In addition, it is « “deeper” theory because it can specify the
conditions under which the Camilleri-Berger Model will furnish accurate predictions.

INTRODUCTION

The Discrimination Model of rational,
repetitive choice (Lindenberg, 1980) is
built on the shoulders of the Siegel-Oishe
model (Sicgel et al., 1964; Ofshe and
Ofshe, 1970). Its most important features
are the Tollowing: (I) it represents re-
straints on gain maximization; (Z) i
stresses marginal L.-.zlu/ as governing
choice behavwsr, {3) it discourages lisis
of rewards in favor of global utility com-

poniciits; and (4) for many situations of

more than two alternatives, it assumes that
individuals arvive at choice proso
through pairwise comparison of alterna-
tives.

The Camilleri-
repetitive cholce
i%67y may be sz
mode] of this ki gy and it is
embedded in an 1mpr=s ive r SF‘aiCh pro-
gram.' Bince this model is opposed to ihe
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Address all communications to: Siegwart Linden-
berg, Rijksuniversiteit, Scciologisch Institunt. Grote
Markt 23, 9712 HR Groningen. The Netherlands.

! This program is linked to the expectation states
research program. See, for example, Balkwell. 1969:
Camilleri et al., 1972: Kervin, 1974; Camilleri and
Conner. 1976. Outside this program see McMahon
and Camilleri (1973) for an interesting application.
More recently. a differeni model has been developed
for expectation states (see Berger et al.. 1977: Web-
ster and Driskeil, 1978: Fox and Moore. 1579). Since
it is not a general repeiitive choice model, it will not
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discrimination model on all important
points, a thorough comparison seems
called for. Balkwell (1976) has already
compared the Siegel-Ofshe model with the
Camilleri-Berger model in this journal. He
found faults with both models and could
not conclusively disconftrm either, though
his comparison favored the Siegel-Ofshe
modei. Since the discrimination model
ditfers even more fmm the Camilleri-
Berger model, and since its ceniral ideas
are based on the Si_ el-Gfshe model, a
more conclusive comparison may be pos-
sible and will be aitempted in this paper.
Before presenting the two medels, it
shouid be mentioned where they are in
complete agreement: both assume exclua-
sive aliernatives and eveni probabilities
ouacne” io elementary outcomes, uiility
imaxinizing, and stable state choice prob-
{(i.e., choice is said o correspond
stationary stochastic process).

be discussed in this paper. The McMahon and
Camijleri (1975) data involve interesting new as-
pects: the experiment runs over several weeks, the
decision-maliing process involves colleciive goods,
and the dependent variable is the rate of participation
in the decision-making process over time. The au-
thois do not explain the data but attempt to fit the CB
model to the data. Because the experiment entails
participation over an extended period of time, a
th2ory of pariicipuiion costs has to be added for the
explanatory applicaiion of erther model. This goes
bevend the purpose of this paper and will be dealt
with in a separatz publication on collective goods
aid pricipation.

[y




THE DISCRIMIMATION MODEL VS, THE CB MODEL

THE MODELS

The Discriminarion Model: The
Two-Alrernative Case

For reasons of exposiiion, the two-
alternative model will be presented first.
The ceniral concept of the model is “dis-
crimination,” viz. the deviation of choice
proportions from .5 (the point at which no
distinction between the alternatives is
made in terms of choice). It is assumed
that there is both utility and disutility con-
nected with discrimination: the expected
utility of discrimination (E{U;)) and the
disutility of discrimination (DU,).? Let
E(U,) stand for the expected utility of a
strategy (a probability vector (P,P.)),
then the maximand is:

E(Ug) = E(Uy) — DUy (1)
By itself, E(Uy) is equivalent to the ex-
pecied gain from a strategy for P,>.5, be-
cause gain is maximized if the cholce
probability for the highest expected re-
ward is unity (maximal discrimination or
“pure” strategy). The disutility (I3Uy) thus
is a restraint on gain maximization.

How are these components defined?

E(Ug) = ag/P) + ag, (1 — Py)

=a (g — & B +ag {(2)

where

I

a = marginal uvtility of reward g;

g; = the sum of rewards and costs of the
i aliernative, each weighted by
the appropriate event probability o
(i=1, 2x

7; = stable state probability of choosing
the i altermative (i = 1, 2).

DUy = (P, — .5)° 3)
This disutiliiy expression is based on the
idea of a global disutility of discrimination
in which ail possible motives that turn
against gain maximization are aggregated
(see Lindenberg, 1980:298{f.). This idea is
translated inte the foliowing: let x be 2
poinf such that P;>>x and interpret x as a

* The disutility is not "expected” because it solely
depends on the chosen strategy and is therefore not
directly dependent on any event probability.
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reference point for an ideally maximal de-
viation from nondiscrimination, then
P,—x is proportional to the disutility cor-
responding to this reference point. For
example, for a sttuation in which strate-
gies have distributional effects on self and
others, equality may be connected with
x=.5, equity with x=.7, and charity with
x=.9. Rather than list these moftives as
separate utility compenents, which would
lead to arbitrary ad hoc lists and problems
of commensurable measurements, one
can aggregate over all the motives (i.e.,
reference points). Individuals are likely to
have an idiosyncratic scatter of these mo-
tives, and with aggregate data a global
disutility is more likely io capture the
joint effect of these scatters. Mathemat-
ically, the aggregation is simple: let P,=.5
and Po=.5 and P,+P,=1, then

P .5
DUy = [(P,—x)dx + J « (x — Py) dx
5 28
= (P, — .50 (4)
Thus, eguation (1) turns into
E(Uy) = a(g; — g2) P + ag, — (P, — .5)°
(3)
Since the individual is said to maximize
utiiity, we are now looking for the strategy
ihat will maximize E{L,). This will be the
case where the individual cannot increase
E(U,) any more by increasing Py, l.e.,
where the marginal unlity of P, (MU,) is
Zero:

a (E(Ug)
-_— = 0
dP,

(%)

=~D

This point is uniguely determined by the
following eqguation:

P, =% (g —m) + .5 (7

Eauation (7) is the prediction equation if a
is known or estimaied. The assemption of
a siable siaie (or stationary stochastic
process) leads, ceteris paribus, o the as-
sumption that a, the marginal utility of the
reward, is also siable in a repetitive choice
situation. With the added assumption that
@ in a new but comparable situation is the
same as in the original situation, ¢ for the
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new situation can be esttmated® on the
basis of P, in the original situation:

2(P,-.5)
g — B

a

Observe that there is no separate weight
assigned to the disutility. Every change in
the weight of the disatility expresses itself
in a change of the marginal vtility a. For
this reason, there is also no problem of
commensurable measurement of the vil-
Ity components: ¢ expresses the relation
of the firsi to the second (thus g also
adapts to the scale of the reward, since
DUy 1s fixed in scale). For sxampie, if
somebody's feelings of charity are in-
creased, then @ will decrease, expressing a
larger weight for DU,. If, on the oiher
hand, somebody is badly in need of the
reward, ¢ will increase thereby lowering
the weight of DU,.

The model thus argues against {isis of
inhomogeneous rewards and cosis. Indesd,
it distinguishes two wtility components,
one of which is already global (DUy) and
one of which should be expressed in {erms
of a homogeneous good or as a basket of
goeds to which a number can be assigned.

The General Discrimination Model

The simulianeous model. The general
discrimination mode] {(sse Lindenberg,
1980:306-307) is:

k It
EU)=aZg 5 - V2 Z (B —
i=1

i=1
where X = number of aliernatives.

¥ Note that a can also be expressed as a = (P, 1/
k)/(g;—g). This makes it even easier to inlerpret a;
the numerator is the difference between P, and the
average P {=1/k} and the denominator is the dif-
ference between g; and the average g (=Z). Since
discrimination is connected with costs from the DU,
component, g expresses ihe willingness 1o bear the
costs for a certaim amount of discrimination {P,— 1/k),
givea a ceriain amount of gain opporfunity {(g,—g).

It is obvious that o should be estimated on the
basis of the largest available g—g, because as g,—g
approaches zero, small differences in gain opoortu-
nity become psycheologically less and less meaningful
while they acquire a larger and larger influence ona.
If possible, negative gain opporiunity should be
avoided for estimation because the choice of strategy
is likely to begin with the largest g,—g. as can be seen
below from ihe general sequeniial discrimination
model.

The strategy that maximizes E(U,) is
the one for which the marginal utility of all
P, is zero. This point is uniquely deter-
mined by

=3 k 1
Pi=—(kgi— 2 g) + - (10)
k =1 k

and

k(F -1
a=— K (11)

k
kg — 2.8

This general model assumes that individu-
als act *as i they could arrive at all the P,
stmultaneously, which involves solving a
! agrangian expression. Are the cognitive
“as if” capabilifies of individuals not over-
rated by this assumption? The possibility
ihai this is s0 has led to yet another gen-
eral model (Lindenberg, 1980:307-308).
The sequential model. Cognitive
studics suggest that not every poinf in an
gvaluaied ordering is cognized as sasily as
any other. Since expecied rewards also
form an ordering, the same can be said for
them. The anchors (the best and the
worst) are most easily cogmzed and the
lowest (worst) anchor forms the most sia-
ble point of comparison. The second best
is more difficult to cogmze than the an-
chors but easier than the third best, eic.
{see Lindenberg, 1977). This suggests that
in case of more ihan two alternatives,
choice probabilities are established step-
wise by a comparisen of the expected re-
wards for the anchors, then by a compari-
son ¢of the second highest expected reward
with the lowest, etc. In formal language,
the general model looks as follows: G is an

ordering of the rewards such that
8:2%>g; - . - Bk =& Lhen
-
Pr=—(g—m) +¥2

2
o _a - F
Fy = 5 (g — &) + 5

a N i-P - P,
Fy=—{g— & +

Z 2
Po=1-F-F...-B, (12)
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or generally:

a L= .i%le
ACKE - ; (13)
k~=1
P,=1-%P
2(P, —.5)
az_(L_ (14)
g1 — Bk

Comparison of the General
Discrimination Models

While both models performed satisfac-
torily in a test with available data (Lin-
denberg, 1980:308ff.}, the sequential
mode! did considerably better. For this
reason and because of its conceptual
qualities, it was adopted as rhe general
discrimination model. Yet, the sequential
model requires a cognitively prominent
ordering (such that P,=.5) and an evalu-
ated ordering; in other words, the sequen-
tial model is only applicable if both of the
following conditions are met: (a) the choice
situation entails explicit rewards; (b) the
most atiractive alternative is clearly
prominent. :

It is relatively easy to determine when a
choice situation entails explicit rewards
and it is not difficult to establish a post hoc
criterien for “clearly prominent”:

& ..k i
a(kglszlgj):E*

(with 2 as in eq. 11) (15)

But it is difficult to find theorerical criteria
for “clearly prominent” and the formula-
tion of such criteria must be left as a
problem for further study. By the post hoe
criterion, all the experiments dealt with in
this paper (except where explicitly noted
otherwise) meet the conditions for the se-
quential model.

The Camilleri-Berger (or CB) Mode!

Due to the fact that the CB mode! does
net represent restraints on gain maximi-
zation, it is much simpler than the dis-
¢rimination model. The basic idea under-
lyving the model is the following: individu-

als distribute their choice frequencies over

the alternatives proportionately 1o the ex-

pecied utilities of the alternatives. Let P,
and P, be the choice probabilities and let
EU, and EU, be the expected utilities of
alternative (i) and alternative (2), re-
spectively, then PP, = EUJ/EU,. Ho-
mans (1974:31) has formulated a very
similar theory. Problems arise when
negative utilities occur, because then pro-
portionality cannot be applied. In order to
solve this problem, Camilleri and Berger
introduced what they called “expected
positive utility” {symbolized G). Negative
clementary outcomes in one alternative
are taken to be positive outcomes for all
other alternatives. In this way, expected
utility musi always be positive and the
idea of proportionality can be applied to
all cases. However, this is more than a
technical adjustment. In fact, contrary to
other decision-making theories, this
model implies that cosis and benefits of
one alternative are nof weighed against
each other; rather, the benefits of one al-
ternative are increased by the costs of all
oiher aliernatives. Thereby the relative
weight of alternatives is affecied and the
original idea of proportionality has ac-
quired different consequences. For exam-
ple, let the “normal” expected utilities for
twa aliernatives be EU, = 11-8and EU; =
I; then the original idea of proportional
choice freguenciss would lead io the pre-
diction P;=.75 and P,=.25, The calcula-
tion of expected positive utilities, how-
ever, leads 1o G,= il and Gy,= 1 + 8§, and
therefore P,=.55 and P,=.45, a sizable
difference in prediction.

Tormally, the CB model has been pre-
sented as Igllows (Balkwell, 1976): let
there be m alternatives; let p; denote the
suin of elemeniary gains for alternative i
(i=1,2. . .k); lei g, denoie the sum of the
absoluie values of elementary losses for
alternative i (both elementary gains and
losses are assumed to be weighted by theii
subjective probabilities of occurrence); and
let g = py—a;. Then the expected positive
utility of alternative 1 is

I
j=

i
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Thus, the expecied positive utzhty ig equql
to the “normal” expected uuuty (g plus 2
nonnegative constani. The general pre-
diction equation follows from the DFGDOT-
tionality idea:

k
5+ 2

Pl = 5
5 (& T kgy)
j=1

If and only if 2q,=0 ‘he-
identical to Homans's (19
propomonal choice m:fm 1
then there is no differenc
EU.

COMPARISON OF BASIC A48
TWO MODEL

In the following szciions,
wiil be conpa*"ed W'
that differentiate
they handie uiility
way they explai

“maiching; and me
cesses they impi;n

Utility and Marginal Uriiiry

The CB model is claar
in the sense that i1 mai
uiility rather thar anpec
stance, not money b
would be the basiz &
However, in many uos
catiomn, the CB mode] i
has no influence on :
Thls is the case Y E hen t=

St

pertam to Om and the
good (as is the case witl
of goods; secend tl

can be assumea w
under investigation.
needs no aSSULLp,EQNS on
and factually works wii
rather than expected nyi
let the marging}
negus good g be
the wiility of a p :
Ug=ag. Since Ce' is by
stant it is a multinlier of 5

model and thus cancels out, no matter
what its Va ue,
The advaniage of this circumstance is
Ssbvious: it makes ﬂ he medel simple and
i V. Bs“ i uiility and marginal
| smbutlon of choice
i i ¢ CB model cannot
consider this cffe c% will produce pre-
dictions that ars sometimes right and
WG \g, de ndmé on the ac-
l uiility. In order
e following pro-
M-e diserimpination
ider marginal util-
g teken o be a
predictive tool.
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up to test? Various experiments by Siegel
et al. (1964) and by the Ofshes (1970) meet
the relevant test conditions: homogeneous
good (money), a siable marginal utility,
and a {wo-alternative choice situation.
The experimental setup in Siegel's case

was as follows: two lights came on with .

fixed probabilities (7, and 1—#,) and the
subjects guessed beforehand which light it
would be by pressing one of two buttons.
Rewards were given for a correct choice
and in some cases “punishments” were
levied for an incorrect choice. In the
Ofshe experiments, a subject was asked to
choose one of twe “persons” as a coalition
partner. Unknown to the subject, these
“persons” were computer robots who, in
turn, chose the subject as a partner ac-
cording to fixed probabilities (7, and
1—,). Rewards were given to the subject
if he or she happened to choose a coalition
partner who reciprocated the choice. The
reward schedules for both the Siegel and
the Ofshe choice situations are sum-
marized in Table 1, where the r's represent
rewards and costs in cents. Some of these
experimenis and their results are pre-
sented in Table 2. It can be seen that the
marginal utility a, calculated according to
equation 8, indeed closely follows 1/
(G,+G,). The last column shows the ab-
solute discrepancies (d) between the ob-
served and the CB-predicted probabilities.
In all cases, d is very small, i.c., the pre-
dictions are very good (d=.009). It seems
that the implicii CB-hypothesis about
marginal utility can stand up to test.
This result contradicts the very basis of
the discrimination model, viz. the as-
sumption that the marginal utility of g is
not determined by the reward schedule
and should therefore be explicitly intro-

Table 1. Scheéme of Choice Situations for Various
Experiments by Siegel et al. and Ofshe and

Ofshe .
events
my e |
. 1 LFY] Fig
alternatives
2 Ty T2

duced as an open parameter. The Ofshes
addressed themselves directly to this issue
by attempting {c manipulate the marginal
utility withour changing the reward
schedule. Did they succeed? They had
two experimental setups, identical except
for the instructions. En one setup, the
subjects were asked to win as much
“money as they could (let us call this “high
marginal utility” [MU] condition). In the
other setup (low MU condition), the sub-
jects were not asked tc maximize money
return; instead, they were urgenily re-
minded that those who were sys-
tematically excluded from coalitions
would win almost nothing in the entire
session, and they were told that they
would meet the other players afterwards
for discussion (Ofshe and Ofshe, 1970:35,
51-52). The results for male and female
groups of subjects are shown in Table 3.
The CB predictions are quite poor
(d=.121) and it is clear from these results
that the marginal utility can be manipu-
lated without changing the reward
schedule. The highest a (.4375) is more
than three times the lowest a (.1333) for
the same reward schedule, The implicit
CB hypothesis surely does not hold gen-
erally. This conclusion is strengthened by

Tabie 2. Summary of Various Experiments, Their Results, and the Absclute Discrepancy {d) between

Observed and CB-Predicied Probabilities

Tiz obs.
Experiment 7wy Ty I a1 Fzz P, a 1AG,+Gy) a(G,+Gg) d
1= 75 .25 5 0 5 7760 2160 2000 1.080 020
*E .80 .20 5 0 10 6716 1716 1687 1.029 004
ki 70 30 5 1] ic .5396 1572 1538 1.022 .000
4= .60 .40 5 0 10 4397 1206 .1428 0.845 Q011

Average Abs. Discrepancy .00%

* Siegel et al. (1964:49).
#*% Ofshe and Ofshe (1970:80ff.).
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I'ys oS
Wy Wy i1 Ty I3 SEX i 2 G+ Gy alGy+G2) d
2 1.747 150
2 2.187 238
70036 5 3 8
Z 0.864 027
.z 0.667 067

Average Abs. Discrepancy 121

vating or demotivating
wag perhaps the case with
) ymarized in Table 2),
to (G, +G,). In order

EI(G +G a2 level of I(G,+G,y), a

Wi hy -5 i e made to reduce the
data in T {see Table 3). In order to
ous answer rebiy above the level of
lowing ayperimental sifuation

oiivaiing (see Table
itnout \—u“,zizeﬂling on
Zizgel st al. (1964:46~

he seC-
mouvalmg

e 4 hgoluie Discrepancics (d) between

m
9
+
&
L
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than the first, and a(G, + G,) = 1.08 in the
first case, while it varies between 1.69 and
1.81 in the second case.®

In sum, the implicii hypothesis of the
CB model, viz. that the marginal utility of
g is determined by the reward schedule,
did not stand up to test. It seems clear
from the review of fifteen experiments
that the marginal utility of g should be
introduced as an open parameter, as is
done in the discrimination model. Yet, the
CB model may have provided the dis-
crimination mode! with a standard for the
marginal vtility such that values of a <<
1/4G, + G,) can be viewed as particularly
low and values of @ >> /G, + G;) can be
considered particularly high, at least for
experimental situations.

Matching

Siegel et al. observed that matching
between event and choice probabilities
tends to occur “when subjecis receive no
special payoif for a correct choice”
(1964:53). How can this be explained? In
terms of the discrimination model, the ex-
planation is possible and runs as follows.
Given that a choice can be either “right” or
“wrong” in the eyes of the chooser; given
that no other (material or immaterial) ben-
efits and/or costs are connected to the
choice of alternatives; and given that the
event probabilities add up to unity; then
the chooser will register rewards and util-
ity of “being right” by simple couni: each
correct choice adds one count to the total
reward (which equals the total utility of
“being right”). Because there ar¢ no ex-
plicit rewards, the ordering of g's 1s not
evaluated and therefore the simultaneous
model applies (eq.10). On this basis,
matching is predicted for just the kind of
situation Siegel observed:

a b 1
Pi=-(kg — 2 g) +-
k et 13

43 k
g =g = my=1a=1;
j=1 j=1

i i
P,=~(km — B+ - =@ Q.E.D.

K K

s For the Ofshe experiments, 1 could not detect

any difference in insiructions. However, the exper-
iments reported in Table 2 were done later and with
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Matching can also occur in other circum-
stances in which Zm=1, as long as
a(kgi—3g) = km—1. It is unlikely that
alkg;—Zg) just happens to be equal to
km;—1. In other words, aside from the
conditions listed above, matching will not
be frequently predicted by the discrimina-
tion model. '

Things are different with the CB model.
First, there is no explanation for match-
ing. Second, the model predicts matching
generally whenever G; = m2G;, and this
condition is easily met. For example, for
the two-alternative case, whenever
1y, T3>0 and ryp,Ip<0 and ry+ral =
Ipet|rz| , matching will be predicted.
These conditions are met in no less than
twelve out of the fifteen experiments re-
poried above (the exceptions are exper-
iments 2-4 in Table 2). The average ab-
solute discrepancy between the observed
and the CB-predicted probabilities for
these cases is d=.115, with a standard de-
viation of s=.06. This performance is very
poor and, clearly, the CB model's impli-
cations for matching are highly dubious.

Cognitive Processes

The iwo models imply at least two dif-
ferent kinds of cognitive processes, First,
the organization of information on alter-
natives: The discrimination model as-
sumes that individuals arrive at expected
utitity by considering costs and benefits
separately for each alternative; the CB
mode! assumes that individuals use the
costs of all other alternatives for arriving
at the expscted utility of one alternative
and that they disregard costs directly con-
nected with the alternative under consid-
eration (see above). Second, when more
than two alternatives are involved, the
models differ with regard to the amount of
information used by individuals, The se-
quential discrimination model assumes
that choice probabilities are established
on the basis of a pairwise comparison of
alternatives, while the CB model implies
that individuals make use of the entire re-
ward schedule for arriving at a single
choice probability.

In choice situations with more than two
alternatives and with negative elementary
fewer subjects than the experimenis reporied in
Table 4. Maybe the instruction session was more

routinized and less enthusiastic for the later exper-
iments.

I
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Table 5. Summary of the Three-Alternative Experimenis by Siegai ei al.

v tw Gther
Experiment w,  ary Wy Ty TNz Ias v B, Py B, a? VEG, az G,
W 65 25 16 3 —5 i -1 783 119 056 2478 03262 2.577
X g5 020 05 3 -5 01 —i 2% 78 033 2574t 2.574
Y 700 15 45 5 -5 i —1 B76 0 358 ges L2783 980 2.841
z» JO 500 4G 5 -3 i -1 Bid 120 Ges 2854 07385 3.938

3 The marginal utilities are calculaie
b In this experiment the ='s do
=2;8=5-4-1=0; go= 4— 4~

ouicomes, assumplions on botl
tion and amount of =mu r’!".‘ci
relevant. Slegei et al.
vided us with four exne

. at iﬂphes
the eniire

these conditions. They ars a single
Table 5 and can be used ¢ Wise com-
predictive accuracy of T : & worse than
indirectly, ithe strengih of the oo T85O 2O modei, they are
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Since the discsz_w naticn o one 58 o0 _" nformation of
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,
ed by 2 large
o smaller p”s
¢, Why is
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shown in four sais
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viations (s) are ¢uiie 3 j ‘ ; ; ; 0o3is noal tive (1},
tive grounds. ¥ : 2 g vq. BFS pocradited as

pared to the '3
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dnctmns g Vi

i
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is 0?" ii:s

i
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Table 6. Average Absol
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CE Iodel
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Tables 2—4. The average absolute discrep-
ancy for CB-predictions that do not in-
volve this cognitive assumption is .079,
while the average absolute discrepancy
for CB-predictions that do involve this as-
sumption (experiments 5-7 in Table 4) is
.148. Yet, this assumption cannot be
dropped without making the model inap-
plicable to all cases where expected utility
is negative. Even if one was willing to pay
this heavy price, however, one would still
be left with a model that cannot cope with
changes in marginal utility, as we saw
above,

While expected positive utility seems to
lead to untenable cognitive assumptions
(and predictions), it still may have its use
in providing an anchor for the evaluation
of a. The ratio of a 10 1/2G, varies be-
tween 2.57 and 3.94 for the three-
alternative experiments (see¢ Table 5). If
1/2G, really is an anchor for a, there
should be a reason why a¥G; is sc much
higher for these experiments. than for the
two-alternative experiments presenied
above. The solution may lic in Siegel's
hypothesis that a three-alternative choice
situation is less boring than a two-
alternative one (see Siegel et-al., 1964:80).
A reduction in boredom reduces the
weight of the disutility of discrimination;
and since ¢ measures the weight of the
utility of discrimination relative to ihe dis-
utility of discrimination, a reduction in the
jatter will result in an increase of a. This
explanation strengthens the guess that
1/2G, is an anchor for a.

HEURISTIC ASPECTS OF THE MODELS

An important feature of any decision-
making model is its ability to direct the
search for relevant factors in the choice
situation and to guide the production of
estimates when relevant information is
lacking. For example, the explicit inclu-
sion of a marginal utility factor in the dis-
crimination model directs atiention o as-
pects that influence the marginal utility,
such as the wording of instructions, varia-
tions in boredom, equity considerations,
etc. This section will concentrate on two
heuristic aspects: the search for relevant
utility arguments, and the estimation of
subjective probabilities,

Utility Arguments

The disutility of discrimination (see
equation 4 above) is based on the idea that
it is better to work with a global utility
term than with lists of utility arguments
when building a model for aggregate data,
because individuals are likely to have an
idiosyncratic scatter of “motives” for de-
viating from the pure strategy. The mar-
ginal utility parameter a similarly en-
courages a global utility term for discrimi-
nation because it applies to the weight of
the good or entire basket of goods that
motivates towards discrimination of alter-
natives relative to the weight of the basket
of goods that motivates towards nondis-
crimination. In short, the discrimination
mode! clearly discourages lists of utility
arguments.

When decision-making models are
applied to homogenecus goods (such as
money), this heuristic aspect does not
matier much. But sociologists have long
learned io look for various nmonmonetary
rewards and punishmenis in social situa-
tions, such as social approval, ego in-
volvement, self-esteem, norm conformity,
etc. When decision-making models are
applied in sociology, it seems only natural
to make use of these sociological insights
and to iranslate them into lists of utility
arguments. It will seem natural, that is,
unless the model explicitly discourages
these lists. The CB model lends itself to
the list approach because it is not tied to
any heuristic assumption that would dis-
courage such lists. Which model provides
a better guide for the application in social
situations? This question will be taken up
shortly as part of an analysis of two exam-
ples. Before that, we will briefly turn to
subjective event probabilities.

Subjective Event Probabilities

Subjective event probabilities are a core
element of both models. Without them,
the models cannot be applied. In the
Siegel and the Ofshe experiments, objec-
tive event probabilities were not known (0
the subjects beferehand but were learned
in the process. The researchers, however,
knew these probabilities and could use
them as estimates for subjective proba-
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bilities because subjects learned. In more
complex situations, objective event prob-
abilities may not be known or may not
even exist in any sense relevant to the
decision-making. What can we do then?
There are various ways to estimate them.
For example, they can be estimated by
assigning numbers to verbal statemenis
such as “sure” and “not sure.” Or they can
be established ad hoc by some plausible
assumption. Sometimes, they can be -
ferred by shifting the estimating procedure
to all other elements of the model and then
using the model to calculate the subjective
probabilities. At times, any one of these
methods may be unavoidable, but none of
them is tied to the heuristics of the model
itself or to any theory on subjective prob-
abilities.

The discrimination mode! supggesis a
particular experimental setup for es-
timating subjective event probabilities
that avoids shifting the burden (o other
_elements and avoids ibe aroi ness
ad hoc assumpiions and guantified ver
statements. This setup is one in which
model predicts matehing of choice
subjective event probabilities. The
served choice probabilities can then be
used as estimates for the subjeciive event
probabilities. Thus, one should creaie oOF
find a choice situation in which ths event
probabilities can be expecied to be similar
or ideniical to the situation under study,
and in which there are no exira iangible ¢r
intangible costs o benefiis.

in order to exemplify this procedure
and the heuristics of global utility compo-
nents, two experimenis of the Berger-
Camilieri program (Camilieri et at., 1972,
and Camilleri and Conner, 1979), which
have been presentsd with the TB model
by the authors, will be asalyzed. in ihe
process, some seemingly technical deialls
of the CB estimating proced: 5t be
presented in order to show the imporiancs
of the heuristic aspects mentioned.
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The basic experimenial situaficn was

described as follows:

A pair of subjects is asked to make binary
choices in two steps. The subjects are shown
slides presenting (wo alternatives. They are

SOCIAL PSYCHOLOGY QUARTERLY

given the instruciion to make a provisional,
independent decision between the alterna-
tives: then, afier being told what the other
nas decided, each is to take this information
into account as he sees {it in making a final
decision on the trial. A subject’s final choices
are not communicaied o his pariner. Sub-
jects are led o believe that final decisions
are being evaiuaied as “correct” or “incor-
rect” and that such evaluaiions constitute
their performance score in the tasi situation.
These evaluations, however, are not com-
municated by the experimenter 1o the sub-
jecis during the series of wrials. (Camilleri et
al., 1972:30)

In these situaiions. the information ex-

change was manipulated in such a way
that the experimenter created continuous

or almost continuous disagreement be-
tween the subjects on iheir provisional
choices. The crucial question is wheiher a
subject changed his regponse in view of
the apparent disagreement (“other re-
"y or whether he stuck o his origi-
{“self response”). The
made under vartous
Fach subject was
lieve that he had either
below average ability for
correct choice, and he was
bout the (appareni) ability
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Table 7. Predicted and Observed Choice Frequencies for “ Self Response in the Expenment as Reported by

Camilleri and Conner (1976:34)

Expectation _ Full-control __ Equal-control __No-control
State Pred. Obs. Pred. Obs. Pred. Obs.
[+-1 5 73 g7 78 .80 .82
[++] X .60 X 67 X 71
[—-1] : .60 .52 67 .65 11 .73
[—+] 47 .24 55 44 .60 43

u,: the utility of being consistent (for all
conditions);

uy: the utility of approval of partner for cor-
rect final choice in Full-control condition
and No-control condition;

u,: the utility of approval for correct final
choice by experimenter (for all condi-
tions).

In addition to these utilities, the subjective
probability (7) of being correct in the final
choice had to be estimated. In effect, the
authors attempted to translate the expec-
tation states into subjective probabilities
on the basis of the experimental manipu-
lation. For the low/low [——] and high/
high [+ +] conditions, subjects were told
theyv had as many correct choices as the
partner, hence # = .50. In the high/low
[+ -1 condition, subjects were told that
they got approximately twice as many
correct choices as the other, so that ## =
24, and for [—+], # = ¥4, accordingly.
Predictions and discussion. On the
basis of the utility and probability as-
sumptions and the model itself, the au-

thors arrived at the following basic pre-

diction equation, where P; = probability
of a consistent final choice (or "self re-
sponse”):

u, + +
A 21)
Uy + b + Yy

This equation was adapted for the dif-
ferent conditions (for instance, for the
case where u,=0) and with the help of one
observed choice proportion per centrol
condition, the authors could compute the
predictions shown in Table 7. The average

absolute discrepancy between observed
and predicted choice probabilities is .076
(with s=.075). This result is not very
satisfying. Mote that the estimating proce-
dure for the subjective probabiliies is
completely ad hoe, because it disregards
the authors’ own manipulation. For exam-
ple, during the creation of expectation
states, “high” subjecis [+] were told that
17 out of their 20 decisions were “correct,”
and they were instructed that this consti-
tuted a “superior” ability. Assuming that
the subjects believed the evaluator and
considering that individuals are generally
quite willing to accept a positive evalua-
tion of themselves, they should have felt
very confident regarding the task at hand.
Contrary to this manipulation eifect,
Camilleri and Berger assumed that being
confronted with another (disagreeing)
“expert,” the confidence level was im-
mediately reduced io .5 (no better than
chance). Why? The reasoning is ad hoc.
The same is true for “low” subjects [—].
They were told that eight of their 20 deci-
sions were “correct” (indicaiing “below
average ability”}. Assuming that the sub-
jects believed the evaluator and consid-
ering that individuals are generally reluc-
fant to accept a negative evaluation of
themselves,® their confidence level should
certainly be higher than .4. Yet, Camilleri
and Berger assumed that it immediately
dropped to .33 when the subjects were
confronted with a disagreeing “expert.”
Why?

The listing approach seems reasonable

¢ Replicating some parts -of this experiment with
one and with two evaluators, Webster et al.
(1972:594) seem to have found evidence contradict-
ing this basic theorem of balance and attribution
theory. However, their analysis confounds the ex-
pectation state manipulation with the effect of a dis-
agreeing partner. Their conclusion is thus guestiona-
ble
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enough. After all, we know from
sociological and social psychological re-
search that approval is a reward for most
people and that being consistent is at least
a norm frequently encountered. But there
are many nagging problems. Why only
those three uiility argumenis? We know
that most people consider “being right”
also a reward—why not .add it to the list?
We also know that most people consider
disagreement unpleasani and agresment
pleasant—why not add agreement as an
additional utility argument? The answer is
quickly found. Smce these subtle cosis
and benefits are all diificult 1o measure,
and since even if they could be measured

it would be difficult io find a common -

measure for them all, they are left as
theoretical constructs and are indirecily
assessed with the help of the observed
choice frequencies. This limits the number
of utility argumenis that can be consid-
ered. If more than three had been used by
the authors, they could not have arrived at
numerical wiility ratios. Thus, the list is
arbifrarily limited by the esiimating pro-
cedure. What then should be included in
the list and what should not, if only ihres
argumenis can be chosen? This is a very
arbitrary decision, and we will see in
Example 11 that without a hint at the arbi-
trariness, the authors made a different
selection of uiility argoments.

There are many more arbitrary deci-
sions evoked by ihe listing approach. The
aunihors esiablished a particular
hypothetical reward schedule with ibe
utility arguments (see Table 8). In this
schedule, they assumed that the lack of
approval is costly. Why? In additicn, tney
assumed that the absoluie value of this
cost is equal to the value of the reward
individnals get from approval. Why? Is
lack of approval equal to disapproval, and
if this Is so, is disapproval just as punish-

Table § Reward Schedule Assumed iz Expsciation
State Experiment
Probability Probability
of being of being
right if Stay right if Change
i 1-7
Stay Uy,Us, Ny, — iy, — Uy
Change —Uy,— Uy, Uy Ug,lg,— Uy

ing. as approval is rewarding? They also
assumed that being inconsistent is just as
punishing as being consistent is reward-
ing.

The estimating procedure for utility
ratios is responsible for some of these as-
sumptions. For example, negative utility
ratios are meaningless in this theory and
must be avoided. This commits the au-
thors to w=P,, a condition which is vio-
lated only once in the [—+] Fulk- control
condition. Had they dropped the assump-
tion that inconsistency is punishing, they
wouid have cemmitied themselves ta
2w<P,, violated by all conditions. This
means they cannot drop the assumption
even if they are convinced thai it is wrong.
The estimating procedure also makes
them assume that u,/u; and ul/(u2+u3) are
constant for all expectation states. If they
do not assume ihis, they cannot use esti-
maies from one state for predictions in
another. Yei this assumption is guite ab-
surd. It implies that the proudér a subject
is of a consisient response, the less he
values approval for his deed,

in shori, the listing approach is espe-
cially unattractive when uiility argumentis
cannot be measured commenst.rably
Then, the technical 2spects of the es-
timating procedures decide most of the

substantive assumptions, And due to the

listing approach, there are many such as-
sumbtions needed.

Application of the Discrimination Model

Utiliry assuimptions and esiimating pro-
cedures. There were no monetary re-
wards invelved in the experiment. But
what is the souirce of the nonmonetary
rewards? The experimeniers created two
“roles”: the Decision-maker (Full-control
condition) and the Advisor (No-conirol
condition), Special nonmonetary rewards
musi be connecied to ihese voles. In the
Eauai-control condition, there are no such
roles and it is therefore faiv to assume that
ihe Bqual-control conditicn does not dif-
{er from other experimental arrangements
in which there is just the possibility of
being right or being wrong. The discrimi-
nation model predicis matching for these
kinds of circumsiances (see above). Thus,
the choice probabilities for the Equal-

'
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control condition can be interpreted as the
subjective probabilities of being right
when staying (for the various conditions
and expectation states). The heuvristics of
the discrimination model thus provide us
with theoretically founded estimates for
(see Table 7 above).

What, then, are the nonmonetary costs
and benefits connected with the two
roles? As was said earlier, the discrimina-
tion model discourages lists of utility
arguments. We are thus looking for bas-

- kets of costs and rewards. This means that

we are looking for some factor on which
other utility arguments (such as approval,
being right, eic.) depend. The central idea
for such a basket is the following. Al
costs and benefiis in the situation are
mediated by the expectation state. For
example, if the subject is right when stay-
ing, then self-approval for doing so is pro-
portional to the subjective probability of
being right when staying. The same holds
for being right when changing. In other
words, the nonexpert derives a larger re-
ward from changing his or her opinion
toward the judgment of the pariner than
from staying, and vice-versa for the ex-
pert. Thus, approval by the experimenter
is also not the same for expert and nonex-
pert. If vou tell somebody that his judg-
ment ability is below average, then it is
very lkely that this somebody expects
more approval from you when he does nog
insist on his judgment. The reverse is {rus
for the expert. In shoit, the basic factor
(and measuie) for the rewards when being
right is 7 for staying and 1 —» for changing.

Advisors' judgments do not count for
the team. Therefore it is assumed that Ad-
visors do not feel punished when their
judgment is wrong. For Decision-makers
the situation is different because their
judgment does count for the team. What
punishment is there when they stay (i.e.,
do not listen to the Advisor) and are
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wrong? It is-fair to assume that they will
be blamed (by self and others) the more,
the more they were supposed tc be expert.
Thus, the cost for being wrong when
staying is —ar. What is the punishment for .
changing (i.e., listening to the Advisor)
and being wrong? In this situation, there is
a positive and a negative aspect. Positive
is being right on the first guess (reward w),
and negative is that the final judgment was
wrong (cost —). Thus, the reward and
the cost cancei out for the combination
change/wrong.

The resuiting reward schedule is shown
in Table 9. The difference with the CB
procedure (resulting in schedule Table 8)
is not that assumptions had to be made in
the latier and not in the former. Ofcourse,
assumptions are necessary; but the kinds
of assumptions made for the discrimina-
tion model are (a) guided by the search for
a global utility argument on which other
uiility aspects of the situation depend, and
(b} made on the basis of substantive con-
siderations rather than forced by technical
aspects of the estimating procedure. Thus,
the reward schedule in Table 9 is prefer-
able to the reward schedule in Table 8 on
these grounds alone. But does it lead to
better predictions?

Predictions. The necessary estimate
for the marginal utility should be made
from the highest (g.—g.). This is the case
for P, = .82 in the No-conire! condition,
with & = 1.14287. Now all the information
necessary for predictions is at hand. For
example, for the “Full-conirol” condition
and the [+ —] expectation state, 75 = .78
(see Table 7), g—g. = wit+m—1 = 3884

1.14287

and thus P, = (.3884) + .5 =
.722. The summary of the predictions is
given in Table 10 in terms of absolute dis-
crepancies from the observed proba-
bilities. Compared to the predictions from

Table 9. Reward Schedule for Expectation State Experiment Assumed with the Discrimination Model

Advisor Decision-maker
Probability: right Probability: right Probability: right Probability: right
when Stay when Change when Stay when Change
T l—a T 1-w
Stay T 0 4 -7
Change 0 i—a 0 -7
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Table 10. Absolute Discrepancies (d) for Predic-
tions by Discrimination Model

Expectation Decision-

state # maker (d) Advisor (d)
[+-1 .78 .008 X
[++] .67 .032 016
--1 - .65 021 .059
[-+1 = .44 051 .00t

the CB model for these two conditions
(see Table 7), the discrimination modei
does very well: the former produced an
average absolute discrepancy of d=.09
(with s=.082), while the latter produced
d=.027 (with s=.020).

Soeme additional confidence in these re-
sulis can be derived from an experiment
by Balkwell {1969). He replicated the
Camilleri-Berger experiment with one im-
portant difference: instead of “full” and
“no” control, he had “24 control” and “}4
control” as experimental conditions. If our
reward schedules in Table 9 are correct,
then Balkwell's conditions must be ex-
pressed as “—33 7~ and " — ¥ 7" replacing
“—" and “0” respectively in the northeast
corners. The result is encouraging:” with
4=1.19 estimated from Balkwell's Low
Power [+ -] condition (where g,—g; Is
highest), d=.022 and s=.016.

Comparison

While the discriminaiion model did
much better than the CB model with these
data, it is not certain whether the dif-
ference lies mainly in the models them-
selves or mainly in their heuristic
capabilities regarding # estimates and
viility assumptions. For an answer 1o this
question, the following calculations® were
carried out: (i) the # estimates and the

7 With an ingenious but very elaborate esiimating
procedure using many ad hoc assumptions and all of
the data from the CB experiment, Balkwell is able to
achieve d=.035 and s=.020. Using yet ancther, less
complicated procedure on these data, Kervin (1974)
comes to the same resunit. But Kervin's procedure is
no improvement. Applied to the CB data, it yields
d=.054 and s=.048, which is better than the CB
predictions but still not encouraging.

# Tt was not possible to use only the 7 estimates of
the discrimination model for the CB model, because
the CB utility assumptions limit 7 to 7=P,. Tt was
also not possible to use the CB utilities in the dis-
crimination model because they have no numerical
values.
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reward schedule from the discrimination
model were used with the CB model; (ii)

the 7 estimates from the CB model were

used in the discrimination model. The re-

sults of these computations in terms of
average absolute discrepancies and their
standard deviations are for (i): d = .046
and s = .030; for (ii): d = .236 and s = .60.

As can be seen from test condition (i), the

CB predictions are much improved by the

uiility assumptions and = estimates from

the discrimination model (compare this to

d = .09 and s = .082). Thus, a large part of
the problem with the CB predictions lies

in the utility lists and ad hoc = estimates.

The latter point is underlined by the very

poor results of test condition (ii) in which

the CB estimates for # were used in the

discrimination model. Yet, even the

greatly improved results in test condition

(1) are considerably worse than the results -
produced by the discrimination model

with its own estimates (d = 027 and 5 =

.020), so that the CB model also contrib-

utes considerably to the prediction diffi-

culties. Is this performance by the dis-

crimination model and its heuristics a
lucky hii, or can it be reproduced with

other data? This question will be dealt

with in Example .

EXAMPLE 1I

The experimental setup described in
Example I was extended by Camilleri and
Conner (1976) to include another dis-
agreeing pariner, thereby creating ternary
expectation states. Conditions were
otherwise identical, with the exception
that no Egual-control condition was run.
The surprising result was that the ob-
served choice probabilities (shown in
Table 11) differed greatly from those in

Table 11. Observed Choice Probabilities (for Stay-
ing) in Experiment by Camilleri and Con-
ner (1976) with Temnary Expectation
States. Observed Choice Probabilities for
the Binary Expectation States (see Table
7) are Given in Parentheses

Expectation Full-contro! No-control
state {Decision-maker) {Advisor)
[+ --] 63 (73 79 (.82)
[+ + +] 25 (.60 A0 (7D
[-=--] 30 (L52) 59 (L73)
[—+ +] .02 (.24) A1 (43
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the experiment with only one disagreeing
partner. How could this be explained?

Application of the CB Model

Utility assumptions and estimating pro-
cedures. Camilleri and Conner first
applied the same utility assumptions and 7
estimates as in Example I. With the help
of two observed P's from the ternary ex-
periment and the prior assumptions, they
could produce predictions for the ternary
experiment. The results (d = .122 and s =
.060) did not satisfy them. In order to im-
prove matters, they discarded the idea of
prediction (or rather postdiction) in favor
of a more modest goal: to see whether the
model could be made to fit the data in such
a way that #’s and utility ratios take on
theoretically possible or even meaningful
values.

As a first step, they suggested a new
procedure for arriving at # estimates
through these ad hoc assumptions: that
u,/u, is constant for all conditions; that the
value of 7 and the value of u, are unaf-
fected by whether the subject is an Ad-
visor or a Decision-maker; and that = for
[+—11s equal to 1~ for [—+] in the Ad-
visor (or No-control) condition. These as-
sumptions were not defended and had the
purpose of allowing the calculation of n's
and utility ratios on the basis of the ob-
served p's. The resulting «'s shown in
Table 12 (as Estimate 1) are not all posi-
tive and the u./u; ratios are almost all
negative. This Is theoretically unaccept-
able.

In order to arrive at acceptable 7 esti-
maies and utility ratios, they changed the
utility assumptions such that u, and u,
were replaced by u, and u;, respectively
(u; remained unchanged):

u,: the utility of being consistent and cor-

rect,;

ug: the utility of the partner's positive evalu-

Table 12. Various Sets of # Estimates by Camilleri
and Cenner (1976)

Expectation Esti- Esti- Fsti- Esti-
state mate |  mate 2 mate 3 mate 4
[+ -1 T2 .67 57 67
[+ + +] 20 .26 35 25
[——-1 45 A4 35 45
[— + +] - 19 06 .19 12

ation of a change-response (and the dis-
utility of his negative evaluation of a stay
response), i.e., the utility of agreement
and disutility of disagreement with the
partner.

Why had these utilities not been consid-
ered before and why do they replace the
old ones rather than complement them?
The answer has been provided before: no
prediction is possible if, given the exper-
imental conditions, more than three utility
arguments are used.
The new prediction equations are:

7 (ug/ug) + 2w
P (uug) + 2
for Advisor (No-control) (22)
7 (W/ug) + 27

o a (U4/u5) +2 (US/'U;;) +2
for Decision-maker (Full-conftrol} (23)

With these equations, three ad hoc as-
sumptions® and the observed F's, a new
series of 7 estimates and utility ratios was
produced (see Table 12, Estimate 2). This
time, the 7 estimates and vy ratios came
out positive.’® Changing the utility list
made it possible to fit the model to the
data. The next, more ambitious guesiion
was: is it possible to arrive at the 77 esti-
mates without using the observed P's?
In order to answer this question, the
authors returned to their original proce-
dure of estimating 7 on the basis of the
expectation state manipulation, with
ar=Py(ps+p,), where p,=proportion of
right answers by ego and p,=proportion of
right answers by other(s). The results are
shown in Table 12 as Estimate 3. Unfortu-
nately, they did not lead to a good fit.
A last attempt was made to arrive at
satisfactory = estimates. It was similarly

 These assumptions are: Ui, and U; are constant
across conditions and wy, ) = -7y

10 The w estimates correlate almest perfectly with
the observed F's, as they should. The correlation
between F's and utility ratios is negative and almost
as high. If u; is indeed constant, as the authors as-
sume, then us strongly correlates witn the change-
response (1-P,), which is also as it should be: the
reward schedule is set up in such a way that every
change-response is rewarded with 2us, independent
of event probabilities.
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based on the expectation state procedure
but differed from the previous attempt in
two regards: conditional probabilities
- were used, and the ps and p, proportions
were selected not from the experimental
procedure but so as to maximize the fit.
The formula was: & = p(1—p,)%/
[ps(1—po)®+{1—ps)po’]l. The best-fitting
proportions (p; = .75 for “high” subjects
and p, = .55 for “low” subjects) differed
considerably from the true ones (.85 and
.4, respectively). The result is shown in
Table 12, Estimate 4.

We have come full circle back to the
original idea that + must be a function of
the number of right answers in the manip-
ulation phase. The whole exercise failed
to produce a new idea about the sstima-
tion of 7 . The new utility list seems to be
an improvement, but even this did not
render the model predictive. Quite obvi-
ously, the authors were not really satisfied
with any of these solutions, and their sug-
gestion at the end of the paper is symp-
tomatic for the listing approach. They
state that “an even more complicated ver-
sion of the model with additional wtilities
and inieractions between utilities may
eventually be needed” (Camilleri and
Conner, 1976:38; emphasis added).

Application of the Discrimination Model

Utility assumptions and estimating pro-
cedures. There is no reason to change the
reward schedule assumed for Example 1
{see Table 9), because the experimental
setup in the fermary experiment is un-
changed as far as costs and benefits are
concerned. What has to be changed are
the #'s since being confronted with two
disagreeing pariners must have an influ-
ence on the subject's probability of being
right (viz. lower it). Unforiunately,
Camilleri and Conner did not run the
Equal-control condition so that there is no
direct basis for estimating the 7's by the
matching assumption. Instead, a detour
has to be taken. ‘

The estimating procedure is based on
the following idea. We assume on the
grounds of standard social psychological
insights thai disagreeing partners progres-
sively reduce ego's confidence the more
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“expert” the partners are thought to be. At
the same time, we are directed by the
heuristics of the discrimination model to
link this assumption to the estimates al-
ready derived from “matching,” because
the model established the latter as
theoretically sound estimates. The link is
made in the following way. As said earlier,
the confidence level for “high” subjects
must have been very high. They had been
told that 17 of their 20 answers were “cor-
rect” and that they were “superior.” Let
us assume, somewhat arbitrarily, that the
original #,= .95 for [+]. We observe that
with an “inferior” [—] disagrecing partner
added, confidence drops to mw;=.78, our
estimate from the binary case. This is a
reduction of roughly 18%. Similarly, we
observe that with the addition of a
“superior” [+] partner, confidence drops
to @e=.67, or roughly by 30%. On this
basis, we assume that the addition of a
second inferior disagreeing partner will
reduce confidence again by 18%, and that
addition of a second superior partner will
reduce confidence again by 30%. Since we
have good reason to assume the original
superior confidence level to be some-
where between .9 and unity, but no good
reason for estimating the original inferior
confidence level, we assume that the re-
ductions of 18% and 30% apply similarly
to subjects with inferior expectation
states. In this way, we arrive at the #
estimates shown in Table 13, which
should be compared to the set of estimates
by Camilleri and Conner (Table 12),
Predictions. For the estimate of the
marginal utility, we use again the ob-
served P, with the highest g—g. viz.
P.=.79 for the Advisor (No-control} and
[+——] condition: & = 2.07143. The re-
ward schedule is as in Table ¢ above. By
use of the prediction equation 7, the new

Table 13. o Estimates Connected with the Discrimi-
nation Model for the Camilleri-Conner
(1976) Experiment

Expectation Binary Ternary
state 7 est. Reduction T est.
[+ -] g8 - 18% .64
[+ + 4] .67 309% .47
[— -~} .65 189 .53
[—+ +] .44 30% 31

= = e
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predictions are derived and shown in
Table 14 in terms of absolute discrepan-
cies.

The discrimination model does very
well with these data. But how arbitrary is
the assumed original confidence level of
.957 Table 15 shows the average absoluie
discrepancies and standard deviations for
various confidence levels. We see that a
confidence level of .94 would have been
slightly better, but none of the results are
obviously intolerable. In a similar situa-
tion in the future, one might compute the
confidence level that gives the best fit
rather than to set a (be it plausible) level a
priori.

Comparison

Again the question arises whether the
trouble with the CB model with regard to
these data lay mainly with the model itself
or mainly with the estimates and utility list
accompanying the model. In order to an-
swer this question, the « estimates and
reward assumptions from the discrimina-
tton modei were used to produce predic-
tions from the CB model. The result is
again a big improvement for the CB
model: d = .05 and s = .025 (compare this
to the original predictions with d = .122
and s = .060). These results are still in-
ferior to those of the discrimination
model, but they show that one major
problem with the CB model is that it does
not guide estimating procedures and utii-
ity assumptions in the right direction: it
has no marginal utility concept that could

help estimate the =#’s (for instance,’

through prediction of matching) and it
does not encourage global utility
arguments or discourage lists of rewards.
How important the heuristic aspects of a
model are may have been sufficiently il-
lustrated by these two examples.

Table 14. Absolute Discrepancigs (d} for Predictions
by Discrimination Model

Expectation Full-control (d) No-control (d)
state {Decision-maker) (Advisor)
[+ — -] . 08 X

[+ + +] 07 -04
[ .00 .03

[—+ +] .02 -60

Table 15. Average Absolute Discrepancies (d) and
Their Standard Deviation (s) for Various
Confidence Levels (See Text)

Original Confidence Level
.92 .93 .94 .95 .96 97

040 037 034 .034 .043 .056
5 032 .022 019 .029 031 040

=3

SUMMARY AND CONCLUSION

Most sociologists are interested. in re-
current social behavior. For this reason, a
decision-making mode! should be able to
explain choice frequencies for repetitive
choice sitvations. But this is not easily
done. First, there is the well-documented
sociological insight that individuals are
not generally gain-maximizers. Second,
there is the problem of applying quantita-
tive models to social situations: rewards
and costs are subtle and difficult to mea-
sure commensurably, and subjective
probabilities are often not known.

A decision-making model relevant for a
broad range of sociological problems must
confront these issues. Both medels com-
pared in this paper deal with repetitive
choice, but only the discrimination model
explains restraints on gain maximization
and possesses the heuristic capabilities to
guide its application to social situations.
The Camilleri-Berger model does not ¢con-
sider marginal utility and therefore has no
way of expressing the relative (and
changing) weight of factors that restrain
the individual from choosing the pure
strategy (gain-maximizing). And lacking a
measure for the relative weight of two op-
posite utility components, the CB model is
conducive to the listing approach in which
utility arguments are items on a list of
motives. Since these motives cannot eas-
ily be measured in 2 commensurable way,
they have to be estimated from the ob-
served data. This reduces the explanatory
power of the model, and, even worse, it
forces the theorist to let technical aspects
of the estimating procedure dominate the
selection of uvtility assumptions.

The detailed comparison between the
two models showed in particular that the
CB model contains a aumber of untenable
implications: that marginal utility depends
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solely on the reward schedule: that
maiching between choice and event prob-

abilities occurs whenever the ratio of ex- ,

pected positive utilities equals the ratio of
event probabilities; that the cognitive or-
ganization of information is such that ben-
efits of one alternative are increased by
the costs of other alternatives.

None of these implications are con-
tained in the discrimination model. And,
from the point of view of philosophy of
science, the discrimination model has an
important additional advantage. 1t can
specify the circumstances under which the
CB model does provide accurate predic-
tions: the closer the true marginal utility is
to the inverse of the sum of expected pos-
itive utilities, the more accurate the CB
predictions.!! In this sense, it can be said
that the discrimination model is a “deeper”
theory (cf. Popper, 1972:16, 19 ff.) than
the Camilleri-Berger model.
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ERRATUM

The article by Siegwart Lindenberg, “Rational Repetitive Choice: The Dis-
crimination Model versus the Camilleri-Berger Model,” which appeared in the
December, 1981 issue of SPQ, contatned the following error: page 319, left

column, the proof should read:

P=2(kg - % g +.
1 v g j___lgj }:

(10)

k K
g=apZg=2m=1;a=1;

i 1
P1 = E(k‘ﬂ'] - 1) + i; = 7. QE.D

The last two lines of this proof appeared by mistake on p. 323 in front of equation
21. They should be deleted on that page.




