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'Uirtually all situations require a Judament on the basis of
several pileces of information. Grading a term papsr, evaluating
a job applicant, selecting a leader, ingratiating the boss, or
simply watching a cricket match, all'inualusintegration of saveral
separate pieces of informatien. To say then that judgments depend

upon information integration is to stress the obvious.

Becauss of its pervasiveness, integration process has been a
subject of great interest in recent years. Much of the work on
this topic has been stimulated by Norman H. Anderson's theory of
information integration (1974a). According to the theory, informa-
tion integration obeys simple algebraic rules. Adding, subtracting,
multiplying, dividing, and averaging are all employed in making

Judgments, and these rules are detectable with experimental mothods.

An important virtue ef the integration rule is that it can
sgrve a8 the bmse and frams for scaling stimuli as well ae Tespon-
ses (Anderson, 1970, 1976). 1In this functional measurement approach,
psychological measyrement is woven in the fabric and structure of the
integration ruls itself. This approach, it should be noted, is
exactly opposite to the customary approach (e.qs, Stavens, 1971y
Thurstons, 1959) in which measurement is viewsd as a methodological

praliminary to any substantive inquiry,
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Over the past several ysars, I have been studying integration
processes, using the methods of information integration thaory apd
funotional measurement. A number of Judgmental tasks have been
considered -- likableness of persons, perception of groups, favor=-
ableness o% leadership situations, and prediction of performance,
to mention a fow. Depending upon the nature of the stimuli and
dimension of judgment, college students, young children, supervi-
8ors, computer programers, and bus users have all been used as sub-
Jects. The present report presents an overview of tha exparimants
completed so far, and argues that the waighted average rule hay ba

considered as a general principle of information integration.

AVERAGING MODEL

Basic Iqeas
Within integration theory, each piece of information is des-

eribed by two paramatersi a scale value, 8, and a weight, w. The

8 refers to the location of tha stimuli along the dimension of Judg-
ment. For example, low pay and high pay will have diffsrent satis-
faction scale values., Similarly, coming late to duty, disobeying
one's supervisor, and s8lapping him will have different Valuas.along

the scale of punishment.
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The w reflects the psychological importance of the informa-
tion. Whan aéveral pieces of information are availabls asbout a
peraon, they all may not be egually important datarminantg of our
opinion of him. Some may be more wseful and informative than
others. The extent to which a particular piece of inforﬁatiun is
uwsad in judgment is reflective of its weight. Tuwe etimuls may
have the same scale value, but thay can differ in their weight.
Weight of a'particulaf piece of information thus denotes how -
tmportant it is to the judge in relation to the other piecgs of

information entering into the judgmsntal task.

Once stimuli are processed with respects to their s and w,

they are intsgratsd accorcfing to an averaging rulg. That is,
n
3 = 51: siwt/ i, (1)
=0 _

whers‘J is jgdgment. wi and 8i are'ueight and Bcale Value‘o} é'"
particular piece cf inTcrmailon, ;.is the number of ﬁieces of
information, and o i8 an organismic variable.- This g includes

many characteristics of the individual subjsct such as his past
axpéz;;.;ces. responsa disposlitions, motivational and othar"u'ﬁqnehtary
states, and it is reprssanted in tﬁa numerator as hévihg soaié valuye
of 50 and weight of we, The denominator in Equation 1 is juet the
sum of waighﬁs'of all relevant inputs for 3udgmant. As'wéighta
reflect the relative importance of the various 1n§uté for judgement,

they sum to unity, the condition for the averaging model.
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It should be noted that inclusion of the oraanismic variabla
within the averaging model is important. It recognizes the role
of individual variable in judgment. It also allous quantitative
account for the set-size effect (Anderson, 1965, 19673 Singh,
19763 Singh, Byrne, Gupta, & Clous 9, 19743 Sloan & Ostrom, 1574)
within the averaging framework. As the set-sizas centroversy has
besn examined earlier (Singh, 1977), it will be ignored here, For

simplicity in presentation, ths rols of organismic variable will

also be ignored.

Maghodologie;l Aspects

Some key features of experimental method that is often amployed
in integration-theoretical analysis deserve brief mention. ‘They are

cons idered below.

Responsa Scalg. The scale to measure judgment should be con-
tinuous. It does not matter whether the responsé measure is s 7-
point graphic scale (Singh, 1975a) or a 3-point -graphic secale
(Dalal. 1978; Dalal & Singh, Note 2); whather it is a.set of squarea
(Gupta, 19795 Singh, Sidana, & STivastava, 1978) or a set of hunan
faces (Anderson & Cuneo, 19763 Singh, Note 5). As long as a conti-
nyous scale is used, it is fine.l The advantage ﬁith a.continuoun
scale is that it allows a direct conversion of the response into

numerical value.
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In general, howsver, a longer scale having 20~39'poihts is
preferable to a shbrt scals having 7-10 points. It permits finest
discriminations among stimuli. Howsver, it requires that the sub-
'Jacts be enabled to use the entire scale through practica and other

axpariﬁéhtal procadures ( Andisrson, Note 1).

Factorial Desian, It is convenient to eonstruct stimuld
according to a factorial design. Tﬁia kind of design pairs all the
factors in a systematic manner; hence, it provides ths necess ary
conditions to test the averaging model in a simple way. imony'nhnv
advaﬁtages, one is that analysis of variance can directly ba used

to diagnose the operative integration rule.

Within-Subject Design. Stimuli constructed from a factorial
design may be distributed among groups of subjects using a hgtueop-
syblects desiqn, or they all may be given to just one group of sub-

jects. Uhen repeated measurements are taken on one group of sub-

Jects, the design becomes wiihine-sub jegt.

-—The within-subject design is more suitable than the betwesn-
subjects design for studying integration rule. Statistically, a
repeated measurement design is more powerful than a nonrepeated
measurement design (Winer, 1971). Use of a within- subject design

is more justified even psychologically. As the purpose is to ses
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how a parson eoordinates the various pieces of information, it is
more meaningful to run the same parson across all the treatment

conditione than to use separate groups of subjscts.

Another importént virtue of ths within-subjeet design is that
it allows analysis of data at the lavel of individual subjébk; it
all the stimuli of the factorial design ake rated more than once,
then analysis of variance can be performed for each sﬁbjéct sepa-
rately, and generality of the operative rule can be ascertaimed
more rigorously. Individual analyses are important to cheek that
the group averages arse not hiding alternative integration stratogios
by different subjects. Usefulness of such analyses is well documen-
ted in two recent doctoral dissertations submitted to the indian

Instituts of Technology, Kanpur (Dalal, 19783 Gupta, 1979).

Jwe Predictions
For judgment of stimuli prepared from a factorial design, the

averaging model makes two specific predictions. Depending upon the
pattern of weights of the different factors, parallelism or pon-

paralislism can be obtained in the factorial plot of data.,

Parallelism Pattern, Consider a Row x Column design, for
example. If the two stimuli do not interact, and the respective
waights of the two stimuli remain invariant over rows (or across

columns) of the design, then the averaging model predicts a family
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of parallsel lines in the factorial plot of the data. The logic
for this parallelism prediction can be understood by looking at
the structurs of the theoretical responses to nine calls of a

3 x 3 degign in Table 1.

Table 1

Theore 1 St ure _of Nipe Pairs of Stimuli Constrycted from
a 3 x 3, Row x Coluymn Desian

Lovels of Column Tactor.

Lavels of
Row Factor C1 c2 ;3
Y (M Y u
R, R, + 81(1 1) R, + 02(1 1) R, + c3(1-u1)
W U] Y u <l
R2 R, 14-!21(1-1111) R2 1+c2(1 1) Rz 1+cs(1 1)
R, R1w1 +c1(1-u1) n1u1+c2(1-w1) R1u1+c3(1-w1)

Note. R and C represent scals valus of the row and column stimuli,
respectivaly.

Consider any pair of rows in Table 1. The differenes bet-
ween two rows is the same across all the thres columns. Because
of this constant algehrale difference between rows across columns,

the factorial plot will display sxact parallelism..

To show parallelism, it is only necessary to plot the cell
means. NO a priori knowledge of scale value or weight of any

factor is needed. In addition, parallslism holds with any number
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of levels of the row and column faotors as well as with any number
of factors in the design. A simple graphic plot of the data thus

provides a reasonably good test for the averaging model.

Because of response variability, houever, the graphic test
of parallelism pannot be aluways perfect. An objectivs, statistical
test of parallelism will generally be essemtial. Parallelism is
squivalent to a zero interaction in analysis of varianee. 'R non-
eignificant Row x Column interaction can, therefore, be taken s

sypport for parallelism pattern.

One technical aspect of parallelism deserves mention., Success
of parallelism prediction establishes not enly that the averaging
model is correct but also that response scale is a linear or equal=-
intarval scale. Furthermora, the rou meams of the design are valid
interval scale estimates of the psychological values of the row
stimuli, a8 are the column means for the column stimuli (ses Anderson,

1976) .

ﬁinna;allﬁliszlattaxn; When weights of the row and column

factors vary in accordance with their own scale valus, systematic
deviations from parallelism are to be expected. Ffor imrstance, if
the weight of the column factor docrpeses with its own increasing
scale value, then the factorial plot produces a set of diverging

lines, knoun 28 linear fan shape (Anderson, 1976). A direct rela-
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lationship betuween sbala value =nd weight of the stimuli, in con-

trast, results in a converging set of curves,

Let us look at the npumerical examples of Table 2. They are
made ko give an idea of the conditionms undar which diverging and
convarging patterms are obtained. In Example 4, the eolumn weight
docreases with its oun inersasing seale value. So, the diffgrence
betwaan predicted responsas to any pair of rouws, given at the
pottom of Table 2, widans seross the three eolumms. In Example 2,
on the contrary, tha column woight imeroases with its impsoasing
scale value. Therefqre, the differaﬁcéfbetween predieted rosporsos

ta any pair of rows diminishes across the thres columns,
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Table 2
as nf Div d Co T Tvpas of No lal
= Bcale Value and Uelgnt of Golumn Tactor
Exampls 1 —Examplo 2____
Sesls Value s 2 4 6 2 & 6
of Rou Factor W .6 .6 .4 .4 6 .8
et
RS = s 2.“ ‘ 4.8 6.’7 4.4 4.5 6.0
R, = 4 2.4 8.0 4.8 3.2 4,0 5.8
R, = 2 2.0 3.2 5.6 2.0 5.2 5.2
T i ppEpap
R3 - Rz 004 Uca 1.2 1.2 D.G . 0.‘
Ry = R, 0.8 1.6 2.4 2.4 1.§ - 0.8
Rz — R1 ' 0-4 Oon 1.2 1.2 Gos 0.‘

Note. The predicted respomse of 2.8 for R.C. = (6 x +2) + (2 x .8)
"in Example 1. The weight for the row factgr1was alvays 1 « weight
for column faetor.

Both converging and diverging types of nonparallelism imply
that the row by column interaction is nonzero. In analysis of
variance, thgrefore, the Rou x Column effect will be statistically
significant. Morse importantly, the entire intéraction would reside
im Just the Linear X Linear trend (Anderson & Butzin, 1974; Graessor
& Anderson, 19743 Simgh, Note 6). When this statistical requirement

is satisfied, the row and columm marminal means can readily be trsated
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a8 interval estimates of the row and column stimuli, respectively.

In fact, it has been noticed that spacing of the levels of column
factor on the abscissa of araph according to their marginal means
results in excellent set of straight lines (Dalal, 16783 Singh,

Nota 6).

ALTERNATIVE RULES

The parallelism and nonparallelism patterns in factorial plot
ars not restricted to the operation of averaging rule alone. They
can be sngendered by other rules as well., Foxr example, an adding
opsration would also produce a family of parallel lines. Similarly,
a multiplying rule predicts a linear fan shape. It is, thereforas,

proper to examine these alternative rules hera.

Averaging versus Adding
Numerical Example, To see that both the adding and averaging

rules predict parallelism, look at the numerical examples of Table
3, The first sst of nine values, on the laft side, are simple sym
of the value of the row and column factors. The other set of nine
values, on the right eide, are simple averaga of the value of the
row and column factors. Graphic plots of both sets of predicted
values will produce perfect parallelism, Parallslism pattsrn thus
supports adding =& well as averaging rule, but does not discriminate

tham.



12

Singh
Table 3
Numarical Examples of Predjicted Responses by Addin
'gng Averaging Ryles
Scale Value of Column Factor
Adding Rule Averaging Rule

Row Valye 2 4 6 2 4 8.

6 8 10 12 4 5 6

4 6 8 10 3 4 5

2 4 6 8 2 3 4

*

Note. The adding rule pradicts that Response = Row Value + Column
Value. The avaeraging ruls predicts that Response = (Row Valua +
Column Yalus)/2. The entries in the table have been prepared accord-

ingly.

- Distinguishing Tests. Can adding be discriminated from
averaging? Anderson (1965) has suggested a simple method: Ask
subjects to Jjudgs a stimulus on the basis of a highly polar infor-
mation, and also on the basis of a highly polar and a mildly polar
information. If the adding model is correct, then adding a mildly
polar information to a highly polar information would incresse the
overall rating of the stimulus. On the othar hand, if the avarag-
ing model is correct, than adding a mildly polar information to a
highly polar information would decrease the overall rating (ses
Anderson, 1974a, p. 254), The reason for this decrease is simple.
The average value of a mildly polar and a highly polar information

is less than the average of a highly polar information alone.
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T6 understand this distinguishing test between adding and
avaraging, let us examine the findinge of a study by Singh, Sidana,
Saluja (1978a). Subjocts wers told about groups of two or four
children, of varied goodnaés and badness,and judged now much hs/
she would like to play with the group on a 9-point scale. The
design can be understood most readily by referring to Table 4. B.
and G stand for very bad and very good children, respectively, %o
that BB and GG represent groups of two very bad and two very good
mombere, B and G stand for slightly bad and slightly good
children, respectively, so that BB B represents a group of tuo
vary bad and two slightly bad members, and GGG G~ represents a

group of two very good and two slightly good members.

Table 4
Maan Attractiveness of Playgroups ~s a Functionof . +

Groyp S and Composition

Group Attractiveness
GG 7.88
GGG G 6.71
BB - 2.17
BBB B 4,33

Note. G, 6 , B, and 0O  denote group members who are good, slightly
good, bad, and slightly bad, respectively. Data after Singh, Sidana,
and Saluja, 197Ba; Experiment 2. Reproduced with the permission from
the Academic Press, Inc.
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The results presontad in Tableo 4 clearly support the averag-
ing rule. The GG group with twe very good members was more attrace
tive than the GGG G group with two very good members and two
slightly good members. Comparison of groups kaving bad members
also favors the averaging rule. The BBB B~ group was more attrac-
tive than the BB group. This is comsistent with the averaging rule,
but is completely opposite to what the adding model predicts., These
results suggest that it is possible to discriminate betuween opera—

tiors of adding and averaging rules.

The averaging test can bs done in a slightly different manner
also, In addition to stimull prepared from the Row x Column des ign,
stimuli based on just the column factor can also be employed. If
the adding rule is corract, then the curve based on only the column
factor will bo one of the parallel curves in the factorial plot of
the data. The averaging operation, in contrast, will make the curve
based on column factor alone cross over at loast one row curve

{anderson, 1974b; Lampel & Anderson, 1968).

 The logic for these two pradictioms can be undarstood by
referring back to Table 3. With adding rule, respomses to the three
lovels of column factor are 2, 4, and 8, just the values given at
the top. Hence, a ocurve based on these values would be parallel to
other three curves. With averaging rule, however, the same curve

would clearly cross over the middle row curve.
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Dife 1-llg Averaging vers Mult in

Numerical Example. Table 2 gave two numerical examples for s
systematic nonparallelism predicted by t?e differential-waight
averaging model. The linsar fan type nonparallelism follows from
a multiplying rule also. If the row and column valuas, given in
Table 2, are simply multiplied and a curve is plottsd, an exact .
linear fan shape will emerge. A linear fan shape is, therefore,
supportive of both the multiplying and differential-weight average

ing rules.

Bistinouishing Tosf., The distinguishing test used to discri-
minate adding from averaging can also be employed to distinguish
d;ffarential—uaight averaging from multiplying. According to the
multiplying rule, the curve based on column factor along should
plot as the lowest curve in a family of diverging straight lines,
for the multiplier, row value, is absent. Even if the judges
imputoe somo valug for‘the missing row information, the curve based
on column factor alone would still form part of a linsar fan
(Singh, Note 6; Singh, Gupta & Dalal, 1979). The differential-
weight averaging rule, on the contrary, pradicts that the curve
for column factor alone should cross over at least one of the
curves forming the linesr fan shape. The rationale for this predic-

tion is similar to ths cross over prediction mesnticned sarlier.
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EXPERIMENTAL JLLUSTRATIONS

Affaggxge Jyudagmants

During sarly years of my career, I did three experimental
studiee of interpersonal attraction within Donn Byrne's attfaction
maradiam (1971). Bogus strangers were prepared according to a 2 X
2 {Attitude Similarity x Personality Similarity) design (Singh,
1973a), a 2 x 2 x 2 {(Subjeet's Evaluations by Stranger x Attitude
Similarity x Porsonality Similarity) design (Singh, 1973b), or a
2 x 2 (Subject's Evaluations by Stranger x Attitude Similarity)
design (Singh, 1975b), and subjects indicated their attraction
toward those strangers. In all the three studies, only the main
effocts were present; the interaction effects were statistically
norsignificant. Results thus conformed well to the parallelism

pattarn,

The third study had taken‘measuras of subjects' mood also.
The ratings of mood obeyed the parallelism pattern a8 did the rat-
ings of attraction,That effective judgments follow such a simple
procesg has further been confirmed bf a study of happiness in

children (Singh, Sidana, & Saluja, 1978b).

The studies just mentioned were not designad to discriminate
adding from averaging. Results from some other studiss, however,

suggest that it is possible to interpret parallalism in affective
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Judgment as constant-weight averaging. 1In the study by Singh
(1973a); for example, subjected had alsoc rated attractivensss of

2 strangers on the basis of personality similarity alone (see also
Singh, Note 4). A curve drawn on the basis of thess two strangers
had sloﬁe sleeper than the other two curves, a8 required by the
avaraging ruls. Similar trends are evident in the data reported
by Byrne and Rhemmry (1965) aﬁd by Clore and Baldridge (1970).
Averaging ruls can, therefore, account for the results obtained

in most of the atiraction studies (see also Kaplan & Anderson,

- 18733 Byrne, Clore, Griffitt, Lamberth, & Mitchell, 1973).

It should be added here that the averaging model predicts a
erossover interaction between weight and scale valua. This predic-
tion has indeed been confirmed with both attraction and feelings

‘measuras (Singh, 1974).

D;sgggliggr! Judoments

Figure 1 plots results from an experiment on disciplinary
Judgment. Thirty-six students @valuated complaint cases agaimst
12 hypothetical employees according to (a) how serious was the
offense, and (b) how much punishment they would recommend. ' Both
Judgments were made along a 1ﬁ-point scale. The 4 x 3 design had
rula-infraction and performance racord as the rovw and column
factors. So, mean disciplinary judgments are plotted in Figure 1

88 a function of rule-infraction by the employee (curve paramater)
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and his porformance record (listed on horizontal axis). The first
st of curves on loft side are based on poocled ratings of severity

of offense and punishment.

Figure 1 exhibits a pattern of parallelism in all three ssts
of eurves. Although minor discrepancies from parallelism are visi-
ble, they wsre not statistically significant. This indicates that
the basic property of the data is indesd parallelism. It can,
therefore, be said that information about rule-infraction and per-
formance record were averaged in disciplinary judgments. This
rosult is open to an adding interprstation also, for distinguishing

test betwsen adding and averaging was not employed.

Judagements of Groups

Does overall attractiveness of a playgroup rasult from an
;uaraging of information about tho various attributes of tha group?
To get answer to this question, look at Figure 2 which plots mean
attraction toward playgroups as a function of the number of toys in
the group (curve parameter) and the ratio of good to bad membars in
the group (listed on horizontal axis). Subjects of this oxperiment
wore 20 boys and 20 girls enrolled in Standgrd IT at Gury Nénak
School, Kanpur, Ages ranged from 6 to 7 yearsy with a mean‘of 6

years, 6 months for boys, 6 years, 7 months for girls.

Under the constant-weighting condition, the averaging model

predicts that the four toy curves should be parallsl., This appsars
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1978e; Figure %, Experiment 1. {Reprinted with
the permissicen from ths Acedemic Prass, Inc.)
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to hold quito well in Figurs 2. Statistical test of the Tﬁy x
Nature of Group Mombers offect was nonsignificant which supports
parallelism. The:threa—way interaction including sex of subject
was alsc nonsignificant. This indicates that boys and girls
followed the same comstant-weight averaging ruls in judgments of

playgroup attractivsnese.

Critical tests between adding and averaging ruled out the
former, ruled in the latter. Results related to these tests were

discussed earlier under tha alternative rules section.

That group perceptibn obeys an averaging rule hes been
demonstrated in a different study also (Singh st al, 1978).
Children of 6=7 years of age judged happiness of a child member
on the basis of the nature of two adult membere (i.e.,his mothar
and father) of a family group. The data supported the averaging
model, although with some ovidence for uwnequal weighting. Ffour
distinguishing tests betwsen averaging and other alternative
rules were also made. All four tests clearly confirmed the

operation of averaging rule in perceptioh of family groups.

These two studies have soma clear implications for the study
of cognitive processes in children. In Plagetian theory, it is
assumed that preoperational children {approximately upto 6=7 yaars),
in general, center attention on a single aspect of the stimulus

(Flavell, 19633 Ginsberg & Opper, 1969). They pay attentibn to only
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the most silent aspect of the stimulus and ignors the other aspects.
This tendency to center on just one aspect of the stimulus is known
as gontration. As age increases, children tend to divide their
attention to several aspects, and so shou decentration. Rasults
from the present sets of studiss (Singh et al, 1978, 1978a, 1978b)
argue against centration: f£hildren not only pay attention to two
aspocts of stimuli but alsc integrate them in accord with the
averaging rule. This point has been elaborated well by Gupta

(1979).

Favorableness of Leadership Situations

The contingency model of leadership offectiveness (Fiedler,
1967, 1971) conceptualizes situational favorableness as “the degree
to which the situation provides the leader with potential power and
influance over the group's behavier" (1971, p. 129). The model
further sssumes that qroup atmosphers (the degree to which the

group accepts and respects it loader), tzsk structure (tha degres

to which the task of the group is clear and well defined), and
gosition pouver (the degree to which the leader has direct powsr to
control the actions of the group) contribute to situational favor-

ableness according to an gdding rule (Nebeker, 1975) .

Singh, Bohra, and Dalsl (1979) conducted a series of four
Judgmental experiments to determine whether situational favorable-

ness really obeys an adding rule. They comstructed descriptions
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8f Leaderehip situations from a 3 x 3 x 3 (Group Atmosphers X Task
dtructure x Position Power) factorial design, and asked subjects

to judga‘hom favorable those sitUatiﬁns were to their respective
leaders. Nina situatioms were defined by just one leval of a

single varliabla. In Expariments 3-4, subjects also judged 27 situa-

tions definmed by tho three two-dariable designs.

This study had 18 separate tests for pasrallelism and 18 tests
for averaging varsus adding rules, Of the 18 tests of parallelism,
45 tests supported pafallelism; three tests yielded relatively small
doviations. Thesa deviations weras inconsistent, nonreplicable across
the foqr experiments. Quantitative evidence for the parallelism pre-

diction from addimg amd averaging models was, thersfore, strong.

Figure 3 presants results from Experiment 2 to ehow how clsar
was the support for the parallelism pattern. The solid curves are

infaet parallel.

The dashed eurve of each of the three panels in Figure 3 are
important for distinguishing adding and averaging rules, They
represont judgments based on 1nfo;mation about just one component
1istad on the horizontal axis. The adding model requirss the
dashed curve to be parallel to the solid curvess the averaging
model, as mentioned earlier also, predicts that the dashed curve

would cross over o least one row curve. The three tasts of
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Figure 3. fsan situational favorablenese as a functicn uf'group

atmosphere (GR), task structure (Ts), and positicn
power (PP) of the lcader. OQata after Singh, bYohra,
and Dalal, 1979; Figure 2, Experiment 2. (Only the
prcfiles of Z-uay interactions from tha 3 x 3 X 3y

GA x TS x PP, design are plotted. Listed F ratiocs
pertain te ths respective interacticn effect. The
gashed curves are based on only the factor listed on
the horizontal axis). (Reprinted with the permission
From the John Wiley & Sons, Ltd.)
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Fighre'3 support the averaging ruls, and oliminate tha adding one
(Nebsker, 1975). Thse other 15 tests also confirmed the averaging

pradiction.

Suyccess of the averaging rule in this judgmental task is very
important in at least three ways. First, stimulli were Qascrihed by
numbers, not verbal labels as in other studies. Second, the averag-
ing rule was supported, although the theory had predicted an adding
rule., Third, and perhaps the most important, the spacing of Fiedler's
octants, generated by two extresme levels of the thrae components, on
the horizontal axis according to their functional measurement values
generated a considerably better bow-shaped curve for correlation bet-
ween leadership style and eoffectivenass than was obtained with original
pctant scale (Nebeksr, 1975). The judgmental data thus provide a
markedly superior guantification of leadership situations than does

Fiedler's octant scals.

Job Attractiveness and Satisfaction

In organizational psychology, integration rules have baen of
concern to those who study job satisfaction. Much of this work has
related to the two-factor theory (Herzberg, Mausner, & Snyderman,
1959), which divides job facﬁdrs into coptext (ealary, working con-
ditions) and gontent (achisovement, work itself) categories. Factors

in thess two categories are assumed to have qualitatively different
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offacts on job satisfaction. Graen (1566) stated that Horzberg
ot al (1959) postulate different nonlinear relationships betusen

each of these factor categories and job 8 atisfaction.

Figure 4 presents results from a study of éxpected Joh
attrantiveness and satisfaction {Singh, 1975a) . Engineering s tu-
dants rated job descriptions according to {a) how much they would
1ike to accept tha job and (B) hou satisfied they would Pesl with
that job. Job descriptions were corstructed from a 2 % 2 desiogn,
with bad and geod l1evels of conteoxt and content factor. The mean
ratings for liking ( job acceptance), satis faction, and tﬁe combined
scores are thus plottad in Figure 4 as a function of context (curve
patameter) and content (on horizontal axis) factors. The curves
eloarly exhibit parallelism contrary to the prediction from two-
factor thoory. It ssems that tho context and content factors were
integrated in accord with a linear rule (i.e., constant-weight

averaging).

Dalal and Singh (Note 2) extended this work furﬁher.by employ-
ing more than two 1avels of each factor, using distinguishing tests
betwzan adding and averaging, and_taking procedural precautions
required by information integration theory. Graphic plots of the
fontext x Contant effect showad a good deal of parallelism, though

a amall nonadditive slement was =lso present in analysis of variance.
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More importantly, statistical snalyses of the group and individual
- subject data indicated applicebility of the avaraging ruls. The
averaging rule was able to account for.both the parallelism and
nonparallelism patterns in judgments of expected job attractiveness

and satisfaction.

A;;;ihgtiun of Pgrformgnce

How do pesople integrats information about motivation and abi-
1ity when they predict porformance? As motivation is an energizer
of ability, a multiplying rule (Heider, 1958) should naturally
operate. Studies of Anderson and Butzin (1974) and of Kun, Parsorsé,
and Ruble (1974), in fact, obtained a linear fan shape as if subjects

followed a multiplicative rule.

Singh, Gupta, and Dalal (1979) argued that the linear fan
pattern is not unique %o the multiplying rule. This pattern also
follows from the differential-weight averaging rule. If lower values
of motivation and/or ability had greater weight, then the averaging

model would produce an approximate linear fan.

To test the plausibility of a differential-waight averaging
interpretation for ths multiplying-type result obtalned by Anderson
and Butzin (1974) and by Kun et al (1974), Singh, Gupta, and Dalal

(1979) conducted a series of thres axperiments. Each experiment
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included s distinguishing test between multiplying and differen-

tial-weight averaging which was not used in the American studises,

Figure 5§ plots mean Judgment of performance e a function of
.1nterest in stuydigs (cUrvg parameter) and IQ. The 10 levels arc
spaced on the horizontal axis according to the marginal means of
the factorial design. This spacing allows the linear fan pattern
to appgar. If the two pieces of information were integrated in
accord with the multiplying ruls, then the four solid curves would

form a diverging fan of stralght lines.

1t is clear that the pattern of the data 1s contrary to the
multiplying rule. There is not any evidence for divergence at all.
Ine tead, the four solid curves display parallélism. Tha dashed
curve, which is based on I0 information alone, further indicates

that the parallelism was dus tothe cons tant-weight averaging.

This failure to roplicate a linear fan pattern was unpleasant,
but certainly not a methodological error. Similar results omerged
in Experiments 2-3., Figure 6 lists 3 two-way interactions from a
% x 3x 3 (Past Performance x Laboriousness x I0) design. The solid
curves are approximately parallel in sach panel. The dashed cuxve,
which represents judgments based on just the single cue listed on
the horizontal axis, also crossas over the lowest sﬁlid curve in
pach panal., These results suggest that attribution of performance

obays an aVeraging rule in India.
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In a developmental study, Gupta (1979) followed the logic and
methods used by Singh, Gupta, and Dalal (1979). Although sub jects
varied in age from 6-19, her results basically corroborated the
averaging rule for attribution of scholastic paerformance. Analyses
of ths data of ihdiuidual thild showed that information portaining
to past performance, ability, and motivation were avefaged in pre-
diction of scholsstic perfarmance. This result further {1lustrates
the power of integration-theoretical analysis of childrsn's social

perception and cognition,

Attribution of Gift Size

Although attribution of performance from information about
motivation and ability was not made according to a multiplying-type
rule, attribution of gift size from income {capability factor) and
generasity (energizing factor) information, a conceptually very
similar task, yilelded a linear fan shapa., Look at Figure 7 which
plots mean judgment of gift size on tho basls of income and gensro-
sity of the donors. The four solid curves display real divsrgence

8% wa8 obtained in two experiments by Graesser and Anderson (1974).

However, the dashed curve, which is based on just the genero-
sity information, does not form part of the linear fan shape as is
roequirad by the multiplying rule. According to the averaging rule,

the dashed curve should cross over at least one of ths solid curues.'
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This is indeed borne out by the data. It is striking that what
hes been considered as multiplying (Graessor & .inderson, 1974)

really turns out to be a differential-~wsight averaging.

Two more experiments were conductsd to test the plausibility
of a differential-weight averaging interpretation for the multiply-
ing-type result in attribution of gift size. In these two expari-
ments, information about income was varied along with two gaparate
cues of gensrosity, for example, two previous actions of donations,
or opinions of two fast friends. In general, results wers éupporé

tive of the differential-weight averaging.

To get an idea of the results from these 3-factor experiments,
examine Figure 8. It plots mean Judgment of gift size a8 a function
of income (curve parameter) and geﬁerosity (on horizontal axis)
information. The generesity lave1§ are products b? two previous
actions of donations constructed from a 3 x 3 des ign, but thay aro
spaced on the horizontal axis according to their functional valuss

(i.e., marginal moans).

The four solid curves in Figurs 8 1llystrate excellent linear
fan shapg. The dashed curve rules out the multiplying interpreta-

tion for the linear fan pattern, however,
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Lifg Satisfaction
Would satisfaction of a person with his life be an average

of his satisfaction with family and job? A group of sixteen
syupervisors from an indUStry made judgments of life satisfaction

of some hypothaetical workers prepared from a 4 x 4 (FamilySatis=-
faction x Job Satisfaction) design. In addition, four workers

were described by one of the four levels of just the job satis<
factionrfactor. The relevant results are presented in Figure 9.
The thres panels plot data for all sixteen supervisors, for slevan
additive suparvisars, and for five nonadditive supervisors, respec-
tively. Classification of supervisors into additive and nonaddi-
tive groups was bassd on single subject analyses of the 4 x 4

(Family Satisfaction x Job Satisfaction) design.

The four solid curves of Figure 9 exhibit near—parallelism.
The Family Satisfaction x Job Satisfaction affect was statistically
nonsignificant, mhich supports the visiual impression of parallelism.
Also notable is the result that all supervisors followed averaging

ruls.

This experimental task was used with a group of sixteen stu-
dents also. Students judged life satisfaction as did the super-—
visors. This result is important. It suggests that the often

hoard complaint against the generality of results obtained from
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student subjects is not ss serious as it is assumed to be. The

averaging process is fairly general and robust.

Other Judgments

At Indian Institute of Technology, Kanpur; two enginearing
students applied infomation integration theory to the problems
-of tranSportatioh and computer prbgramﬁ. Pradhan (Note 3) asked .
bus users to rate attractiveness of bus systems, and obtaingd
results supportive of the averaging rule. Chaudhary (1979) varied
giza, control structure, data structure, and computation structure
of computer programs and obtainmed judgments of program complexity
from computer pfogramers. A4s in other studies, Chaudhary found
clear support for the averaging rule in the ovaluation of program

complexity.

AVERAGTING AS A GENERAL RULE

Results presented in the preceding scction clearly show the
genarality of the weighted average model. Although the experi-
mente varied widely with rasﬁects to the nature of stimull, back-
ground of subjects, and dimensions of judgments, the findings con-
formad rather well to the averaging formulation. Therefore, it is
appropriate to conclude that averaging is a general rzule of infor-

mation integration.
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Most of the sxperiments indicatad that judgments follow the
simplé constant-weight averaging. Evidence for the differential~
weight averaging rule was 1imited (Dalal & Singh, Note 23 Singh,
Note 63 Singh et al, 1973). Porhaps the differcntial-weight
averaging rule is used less frequently than the cons tant=weight
averaging rule. 1t does not, however, mean that it is loss 1mpor-
tant. In fact, it is the differantial-wsight avaraging that pro-
vides validation for the weight parameter of the averaging model.
Furthermore, it suggests that the ecale value alone is not suffi-
cient to oharacterize a piece of informatién; waight parameter is

also nacessary and by no means less important.

From the vantage of the weighted average model, parallelism
and nonpafallalism patterns reflect the same bas ic averaging
operation. They are obtained bacause of different maighting
strategies, not because of different integration strategies.
Results from tho distinguishing tests really supported this inter-
pratation. This powsr of the averaging model to unify a wide variety
of seemingly different trends in human judgments is indesd commenda—

blae.

The position that averaging rule underlies much of human judg-
ments is not new at alls The congruity model of Osgood and Tennenbatm

(1955) is a weighted average model, so is Byrne's (1971) lauw of attrac-
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tion {ses Kaplan & Anderson, 1973). Manis, Gleason and Dawes (1966)
have also argued for an averaging model. The problem with these
models , however, is that they are not as clearly spelled out as is
Anderson's modal. Also, they have lass solid axparimental base than
has the Anderson model. Bacauses Anderson's modsl has passed many
demanding experimantal tests, qualitative as well as quantitative,
its portrayal of human organism as "an analog computer of stimulus
averages™ (Anderson, 1968, p. 731) seems to have merit. In fact, the
weighted average model has received unambiguous support in so many
difforent stimulus situations and with so many subject populations,
including young children, that it can be Tegarded as a gensral prin-

ciple of_human Judgment and decision.
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