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Judging Event Covariations

. I

Abstract

Past research indicates poor agreement abodut strategies people use to
assess covariation between eGEpts. This research investigates method
of assessﬁept as one possible source of‘:his law consensus. A set of
problems was developed in such a wgf that Qifferent iudzment rules would
produce different decisions about the relationships between events.
Coli;;e subjects judged these problems, then wer? aéked to explain their
judgment strategy. In addition, th;y were shown model strategies and
asked to choose the one like their own strategy and the model that would
be the best strategy. Subjects whose judgments indicated use of the most
sophisticated strategy were quite aéﬁurate in reporting their judgment
rules. Subjects uWsing the less accurate rules most commonly reported
using strategies which could not have produced' the obtained pattern of
problem solutions. These f£indings suggest that self-report is a weak

" basis for conclusions about sources of error in covari%tion judgment .

§

A

Children’s Judgments about Covariation between Events:
%‘Series of Training Studies. Appendix A .

~
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Statistical concepts represent one prime area for application of

mathematical training. In particular, statistics are necessary for
s’ -

identifying predictability in an environment where felationshlps ate
§

frequently probabilisfic (y is more likely when x is piesent} rather
fi .
than deterministic (y always occurs when x is present). Problems such

et 3
P as these are common ir identifying tegularities in scientific phenomena,
. \‘

and in evervday contexts as well. In this resgsct, statistics provide
]
a key link between basic mathematical concepts and central aspects of

scientific and e&eryday problem solving. As an area for application of;

mathematical training, rasearch on statistical reasoning may alse be

L

skills appropriately.
The focus of existing research in this area hgs been on .

probability judgments (e.g., Piaget & Inhelder, 1975; Fﬁschbein, 1975;

An individual investigating the relationship between potefitial cause x

is indicated by any difference. The comparison is made to ¥demtify .
contingency or cov;£iation between events. ScienE}fic procedu%ﬁ and
statiSticai analyses testify to rhe key role of covaciation analysis in
professional practice. Allhough-not sufficient for causal inference,

covariation is a necescarv condition between causes and events. Thus,

covariation analysis may identify the set of possible causes of an evant,

informative about children's and adult’'s abilities to apply their mathematical

Yost, Siegel & Andreus, i962). A statistical judgment common to reasoning

about cause-effect relatrionships builds oa probability assessments of tﬁis sort.

and effect ¥ would compare the likelihood of ¥y occurring when % is present
P(y/x) with the likelihood that y occurs without x P(y/%)}. The two events

are independent if these conditional probabilities are equal; vonindependence

£
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_event-state pairings (AIBZ’ AéBl, AOBZ) in defining the relationship. A

1958 Kelley, 1967; He1¢§r, 1958). That is, people search for likely

Judging Event Covariationms
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S - , e
Many psychologists further assert that everyday causal judgment is” similarly

based on a covariation analysis {e.g., Michotte, 1963: Inhelder & Piaget,

'

expldnations of everyday events by identifying event covariates. Thus, =/

competence in covariation judgment may determine a person's adequacy in

r -
fa ]

identifying real'world cause-effect relationships.

In fact, a vaxiety of investigators have founu thaibadolesdent and
adult subjects show little competence in idenfifying event covariations
(Niemark, 1975; Smedslund, 1963; Jenkins & Ward, 1965; Adi, Karplus, Lawson, i

& Pulos, 1978). While the evidence indi&ates that covariation judBments,

14

are often erronecus, those judgments may be rule~governed nonetheless, .

—

Several different rules 556é-been proPosgd,by pa§t idvestigators as

possible'Judgment strategies, These rules are disc;ssed iégterms of possible ’

relationships between two events (A and B}, eath of which occurs in one -

of two states (1 and 2). . _ -
Least sophisticated of the proposed strategies is.judngnt according

to the frequency with whicp the tafﬁet events cooccur (ALBl, cell g in a

traditionally labeled contingency table) failing Fo consider the other

subjgct using this strategy would ig@ntify a positive relationship between

Al and B1 if cell a frequency wefe the largest of the contingency table cells,

v "
a negative relationship if it were the smallest (cell a strategy). This
strategy is identified by Inhelder and Piaget (1938) as common ameng younger
adolescents. Smedslund (1963) and Nisbett and Ross (1980} suggest that the

strategy is typicai among adults as well. The strategy does consider some
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relevant information' and may result in herter-cthan-chance performance.
. -

However,-fhe rule considers only a limited portion of the information

*
I r

that defines the relationship and would result in erroneous judgment of .

many relationships. - : N

" . . N h

- A second possible approach would compare the number of times target
events Al and Bl cooceur with the times Al ocelrs with 32 (comparison of
frequencies in contingency table cells a and b; strategy a versus g)“ This
stratdgy is also identified by Inmhelder and Piaget (l95é) as a precursar of
mature judgment. Again this strategy considers some of, the relevant information
and may result in acturate judgment of many event contingencies. prever,
failure to cOnsEder frequéncies in cells ¢ and d (event combinations A,B, -
and A‘Bz) would be a particularly costl§ error when the direction of that

2 r -

frequency difference isthe same as the difference between cells a and b.-
A mpch improved approach would be the strategy defined by Inhelaer
and Piaget (1958) as characteriscic‘of formal operational thinking.

- §pecifically, cova;iation would be defined by comparing frequencies of,
events confirming (cells a and d) and disconfirming (cells b and c) the
relationship. Thus, the rule would compare the sums of the diagonal cells
in a contingency table (sum of diagonals strategy). Jerkins and Ward
(1965), however, point out that this strategy has irs limits as well.
Specifically, the rule is an effective index only when the two states of
at least one of the varisbles occur equally often. Otherwis;, a correlation
may be indicated when, in fact: independence is the case.

Instead, Jenkins and Ward (1965) suggest that covariation is more

appropriately evaluated by comparing the probabiliry of event AI given

ol
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event Bl P(AI?BI) with the propability of Al given that 52 ha;\Dccurred

P(AlfBz). This ig equivalent to a comparison‘of the frequency rétio in’
- ' - < * I .
" contingency table cells-égg with that in cells EEE' By definition,

4

-

independence is indicated by equivalence between these conditional

Fad
pr&bgpilities; nonindependence is indicated by any difﬁarence {condifional

ity strategy). This Strategy should rgsult in accurate’judgmen:

of any-contingency probleﬁ.a . . |
Thus: four alternative strategies have been ptoposeﬁ/mo account for
subjects' judgment patigrns. Many of these rules were proposed on the |

L]

basis of ;ﬁbjects‘ explanations of their j gments.' For example. Smedslund's
(1963) cell a stratégy is based on the reports of over half of hgg sample
that they judged the relation of symptom A and diagnosis F according to the

number d% AF pairings. Adi, Karplus, Lawson, and Pulos (IQ?B)Jgimilarly

In this case, however,

-

categorized subjects according to their explanations.
no su%jac:s were classified as using a cell a strategy. Rather, subjects
described themselves és using various combinations of two to four of the
contingency table cells. Thus, two samples of subjects cfferq%onsiderably .

different explanations of their judgment strategies. Two features of these
studies make it hard to reconcile these differences. First, the two reports offer

little information on the way the explanations were elicited.

We might expect that

" different questions would result in different responses. Secondly. neither

-

of the investigators repdrt the level of aére%gent with whicnh subject . .
responses were categorized, s0 we know litrle about the reliability of the
categorization schemes.

However, & more serious problem is relevant tO any explanation-based

strategy analysis. That is, such an approach is predicated on the assumption

-t
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that subjects are abla and willing to accurate}y describe their bases of ?i
-:._," 4
judgmen?. In fact, a variety of research in pSychology suggests that this KA\

assumption may not be justified. In developmental research in particular,
younlg children's poor verbal skills may hinderféheir account of systematic
judgment bases. Thus, varbal accounts frequently underestimate judgment
.competéhge in rese;rch with children (e.g., Brainerd, 1973: Bullock, Gelman,

& Bafllargeon, in press; Goldberg, 1966). Research with adults, on the

other hand, indicates that subjects’ explanations often overestimate judgment

!
-

sdphistic;tion; Both expert and nonexpert judges (e.g., Goldberg, 1968;
Nisbett & Wilson, 19573-ﬁescribe themselves as Jsing complex rules that bear
little resemblence to the simpler patterns of:their ;ctual per formance.
Ericsson and Simon (1980) note that relative accuracy of verbal reports may
depend on the conditions under which the information is gathered. These’
findings would suggest that explanation-based analyses of j;dgmenu stragegies
shodi& be treated with caution: r

An alternative approach would be to analyze judgment sStrategies on
the basis of subject's actual performance patterns (Ward & Jenkins, 1965;
Jenkins & Ward, 1965; Shaklee & Tucker, 1980). That is,-four different
rules have been proposed to account for susjects' judgéents of event
covariations., Since differeqt rulfs produce different judgments, -
COVari;tion problems could he identified which would differentiate between
those rules., In fact, careful structuring of a problem §et should allow -
us to identify the spgcific strategy a subject is using.f

A set of such problems is illustrated in Table ia., Problems are
structured hierarchically such that cell a problems are correctly sol&ed
by all strategies; strategy a versus b problems are correctly solved by
2 versus b, sum of diagona}s,and conditional probability strategies. Sum

8 >
;
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of diagonal problems will ‘be accurately judged by sum of diagonal and

conditional probabilicy stratggieg. Conditional probability problems

would be correctly solved by the conditional probability strategy. alone.

' Solution accuracy is indexzed.by the direction of the judged relgtionsﬁip

{i.e.s A mora likely given B

1 BZ’ or no difference). A Subjegt's

l’
»
solutiqn pattern on the set of problems indicates the strategy used,
Pgoblems ot the fir?& row of Table la illustrate judgments predicted by .

each of the pr0posq§ rules. All problems in the row indicate relaticanships

in which &, is more likely given B, than given B). However, an individual

1
using the cell a strategy would judge only the first problem as such a
¢

relationship (cell a is the largest bf the ceils). A peréon using .the a

versus b strategy would accurately judge the first two problems in the row.

.

but would say that Al given B1 is as likely as Ay given B2 in the third
problem (2-2),:and that A, was less likely given B, than B, in the last

problem (2-12). The sum of-diagonals rule would result in the correct
H +

'

judgment of the first three problems, but would say tha€j£1 was a&flﬁkelv .
¢ .

: - ‘t?
to occur with Bl as with B, on the last proolem (2+10) - {124+0). A subject

using the conditional.probability rule sheuld accurately‘judge all of the

~ .

first row problems. Tuable Ib-identifies the solution pattern cong;ﬁent -

z . - :
with dach strategy type. The probability of matching these judgment patternms

b t
by chance alone is .11 for cell &, .04 for a versus b?.01 for sum of

—
-

diagonal, and .085 for the conditional probability pattern,
ra

+

In two experiments, Shaklee and Tucker (1980} employed this diagnostie
f .

approach to identify judgment rules of 10th grade and college students.

. Subjects judged relationships in three problems for each proposed strategy

tvpe. Each problem consisted of 2% instances in whish event states were
L3 =
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~

'{Eﬁging Event Covariation -

§ . - , .8
-
defined for two everts. Problems were set in contexis of everwday events

-

(evg., cake rises or falls with or without "special ingredient,” plantg
healthy or not healthy which do or do not receive plant food). Subjeces’

- "
performance indicated general conformily to.the strategy set. Congruence

wich the cell a Pérategy pattern was1£{equent among the -high school subjects
", i . ' L3

“"(17%) but rare in the follege sample (1%Z). Response patterns matched that -

: " #
of the a versus b strategy for 18% of .the college sample (use of this (
strategy was nol tested among the high school subjects). Judgment patterns

. . ’ o | ' ..
weke congruent with the conditional probability strategy for 17% of .the high

—m

school subjects and 33% of the college sample. In each experiment, the modals

response patte[n

college subjects, 41% of the high school subjects). Subsequeng studies

\ & -
demonstrated ﬁbat children use increasingly sophisticated rules with

! -
increasing age in the 4th grade to college age span (Shaklee & Mims, 1981},

4
‘and that adults tend to use simpler.rules as the decision environment

becomas more complex (3haklee & Mims, 1982).

In sum, the data from several studies indicate that a carefull%

[} &y

structured problem set can be profitally used to indicate strategies under-

r _// r
lying judgments of covariations betfween events. Subjects }n these experiments

K
Pl

demonstrated at 1east‘ some sophistication about appropriate covariation
judgment, however, the_optimal judgment rule was used by a minoriFy of subjects.
Such judgments are particularly interesting since they build so directly on

the basic mathematical understanding- of ratios and fractions. That';s, people
making qyﬁariation judgments should be comparing two conditional probabzllties,

each of which is a patic between two frequencies. Qur evidence indicates

L
2

that substantiél use of such a straltegy does not occur until the 10th grade,

and then by only a minoritysof stbjects., This evidence is\fonpruenn with
% "
Ty
% 1

i

- i-'v-ﬂ—-‘-tw e s ar——unn

conformed to that of the sum of diagonals rule (35% of the’ 'S

)

N
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other research indicating that problems in application of racio concepts are
\ . ’ ‘
common among adults 28 well as children LK%xplus & Peterson, 19703 Furtz &

Karpfhs, 1979; Capon & Kuhn,;19?9):v e £y

In addition,~ these findings conflict with the past interview-based .

L

strategy .analyses. In particular, Smedslund's (1963) only commonly

: . . 3
reported strategys cell a, is rarely seen in the performance patterans ot
. . R >

gur. subjeccs. In'lighc of this conflict, a direccséomparison of explanation

and judgment-based strategy analyses wogld be profitable. By c;is approach, -
subjects would be asked to compkfte 4a diagnostic pr;gIEﬁfgéél ihgﬁ Fxplain
their judgmenc bases. Cdﬁparison.of class?ficgcion by +the two methods might
show ar@ég of systematlc disagreement.. bn a&kicion, Eggz;view responses

offer new information in evﬁluacing our judgment-based analysis. That is,

sulfjects may describe ﬂhegselves as using rules which may differ from any
of our proposed rules, bu@\which would produce a ju&gmenc'pat:ern on‘che
problem set €ovrgruent with that of one of our rules. Finally, we.learn

N -~ kY

something about subjects' insight into dhéir own reasonming. Such uader-
‘ 3
LA - * N
standing of sublects' own .impressions about thelir task solutions would be
. ’ . a ~
particularly important in any attempts to improve judgment competence.

3 Y -t

That is, craaning may be maximally effective whgn it is oriented toward

L) - , .
the individual's own understanding of his or her rule use.

A second‘incerest in this study is Eg subjects' evaluations of the
adequacy‘of ghe rule;5chey use. ThQSe using less sophiscicgged rulgé mav
é;'may not be aware of rule limits. This study will measure judgmeats of
r le'adequacy by askin; subjects to gilve confidence ratings as thev make
their judgments in the problem set. Subjects who ace less coanfident of:

erroneous responses thanm of correct .responses must be aware of their rule

»
ey )

e T T T s en e e =
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f

{ limitations., In additien, subjects will be asked to identifv the best
R

}/yule dong our set of proposed strategies.
N

Subjects for this experiment will be male and female college students,

p

since our past research suggesgé that this age group shouid provide sub-
scancial numbers of a versus b, sum of diagonals and conditional probaEility
3 judges. Sex of subject will be considereé’as a factor in the design"in
light of common findings of sex differences in math skills among adolescents (
and adults (e.g., Maccoby '& Jacklin, 1974).

1
Method

W

Squects , _ .
Subjedts in the experiment were students in an iptroductory psychology

class who participated ir the experiment as one opéion in fulfillment of a

course requirement. Subjects ranged in age from 18 to 32 years, wth a mgan aéf)

of 19,42, Sixty-two female and ‘54 male students participated. .

A ]

Problems - . ' "y
Subjects judged a2 set of 12 covariation problems, structured so that each .
¥ - . . .

of four judgment rules éould produce a distinctive judgment. pattern on & problem

4
i

set. Taple la lists the actual problems "used. ?he 12 problems include three
problems for each of the four strafegy types. One noncontingent and two'

-

contir ;ent relationships are:incluped for each strategy problem type.:

Twelve different problem contents were devéloped, eachvof &hicﬁ
consisted of a set of obse¥vations picturing one of two states for th v,
potentially related everyday events. Three p;oblems pictured baker} products

which either rose or fell in associration with the presende or absqpce of ;

™ yeast, paking powder, or a "special ingredient."” In three other problems, ) .

plants were plictured as Eealthy or sick as a pbssib}e function of the presence ) L

I ] #

. -
" .
’ P
. [ .
R ‘: B - —~
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0. absence of plant food, bag spray, or a "special medicine." 1In three
problems people or animals were pictured as sick or healthy as a possible . E
function of the presence or absence of a shot, liquid medicine, or a pill.
The remaining three problems p.Ctured a possible association between space
creatures appearing happy or sad in the presence or abs;nce of one of threa
wveather conditions (snow, fog, or rain).

For each problem, data instances are pictured in a 2 x 2 table. In
each case, the manipulated factor {(or epvironmen:al event) defined the table
columns {e.g. plant food, no plant food in example below), and the outcomes
defineg the table rows (plants healthy, not healehy in the example below).
Each problem is introduced with 2 paragraph describing 2 context in which
several observations were made on two potentially related variables.

Subjects were asked to look at the pictured information and to identify

the reldtive likelihood of one 0f the events when the second event was

7

4 plant grower had a bunch of sick plants. He gave
some of them special plant food, but some plants didn't
get special food. Some of the plants got better but some
of them didnltws In the picture you will see how many Cimes
these things happened together. The picture indicates that
plants which were given special food were:

either present oxr absent. An example problem follows:

+3 +2 +1 0’ ‘ ~1 -2 =3

much somewhat a bit Juart 4 bit somewhat  much
more nore more as lesse less less
likely likely likely likely likely likely  likely
to get better than plants that weren't given special food.
On your answer sheet write the scale number that best »*

completes the sentence. : -
In aadirion, after each covariation judgment subjects were asked to rate

their confidence as follows:

1o
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How certain are you in the accuracy of the above response?

1 2 3 4 5 7 7 8 9 10

just guessing absolutely certain
The !2 problems were grouped into problem blocks, including one
problem from each strategy type. Problems within each block were arranged
in a2 single random sequence. The three problem blocks were sequenced in
a single random order. Numbers in parentheses to the left of the problems
in Table la indicate the position of each problem in the problem sequence.
Once the problem gset was completed each subject was interviewed and
asked the following questions about his or her judgment:
l2a. You've just completed several problems 4bout the relationship
between events. Can you tell how you solved them?
ib. (Experimenter turns to the last problem in the Set - 2 conditional
probability problem.) Can you use this problem to show me how
you solved 1t? (strategy explanation)
2. (The participant'is shown models of the strategy types while
they are described.) Can,you indicate,» from the models presented,
the strategy you usaed to solve the problems? (model choice)
3. Overall, vhich do you feel is the "best" strategy? (best strategy)
Each subject was tested and interviewed indiiidually.
Instructions
Initial instructions introduced the subject t0 the concept %f covariation
in the context of "things that go together". Naturally occurring examples
were given of ;ositive relationships (i.e., tall people are more likely to
be heavy ghan short people), negative relationships (i.e , it is less likely -
t0 rain when it is sunny than when it is cloudy), and unrelated events (i.e.,

a green truck is just as Iikely to run out of gas as a red truck). Subjects

b

14 7




Judging Event Covarilations

i3 ) ’

were told that they'yould be glven some problems about hypothetical events ;

that may or may not tend &0 occur together. A sample problem involiving che
occurrence of snow as it did or did not relate to atmospheric temperature
Wwas used to explain the stimulus materials and the problem format. Each

subject gave a solution to the sample probleq and was invited to ask

. questions about the task. Subjects were allowed t0 progress through the

problems at their own pace and were encouraged fo use rthe scratch paper

provided if chey desired.

Results

Results can be grouped according to their relevance tO two issues.
First, subjects' performances can be characterized in terms of the acr-uracy
of problem solutions. Confidence ratings on these problems indicate subjects’
pbeliefs at .t their accuracy. Secondly, judgment strategies are identified
according to subjects’ solution patterns on the problem set and their
responses to the interview questions.

: Accuracy. AccuracY was assessed in terms of the direction of the
judged relationship (i.e., A1/31 more, less Or equally likely than AL/BZ)-
Data are analyzed in terms of the number of problems correct per problem
type. Relevant means for this analysis ure reported in Table 2. A sex by
problem type analysis of vag}ance shows a main effect of problem type
(F(3,342) = 164.36, p < ,001) with mean accuracy of 2.88 for cell a, 2.65
for a versus b, 1.4?‘for sum of diagonals, and 1.21 for conditional
probability problems. A main effect of sex of subject was also significant

(F(1,114) = 6.67, p < .01}, with more problems correctly solved by males

than by females. The sex by problem type interaction was also significant
(F(3,342) = 5?08, p = .03}, with the greatest sex differences in accuracy

for the sum of diagonals and conditional prob *ility problems (see Table 2).

i
15

L
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A sex by problem type analvsis of variance of confidence ratingé showed
that subjects had some iasight inte solution accuracy. This was reflected
in a significant effect of problem type cn confidence ratings, with
confidence decreasing as problem difficulty increased (F(3,342) = 25.60,

p < .001). Mean confidence ratings were 8.5 for cell 2, 8.4 for a versus b,
7.8 for sum of diagonals, and 7.7 for conditional probability problems.
Confidence ju-dgments did not differ by sex either as a main effect or in
interaction with problem type. .

Strategy. Each subjec.’'s patt.cn of solution accuracy on problems of
the four types was used to identify his or her judgment stratepy. Performance
patterns congruent with the four strategies are iliustrated in Table lb.

A subject was said to have passed criterion.on a given problem type if he
or she was accurate on twe or more of the three problems of that type. A
conditional probability subject should pass criterion on all problem types,
sum of diagonals judges should pass criterion on all problem types except
the conditional probability problems.. Judges using the a versus b rule
should pass criterion on cell a and & versus b problems. ;Cell a subjects
should pass ceil a problems alone. Someone whe passes no criteria would

be labeled Strategy 0. Judgment patterns that do not match any of these

predicted patterns =are classiiied as “other." Classification by this method

!
t

will be referred to ag the judgment-based strategy.
Distribution of these judgment-based clagsifications is illustrated #or
each of the two sexes in Table 3. These results indicate that all subjects
passed at least one criterion, indicating that they understood the stimuii
and had at least a simple understanding of the judgment to be made. Most

frequently occurring were judgment patterns congruent with a versus b and

16
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cond itional probability rules (36.2% and 31.9% of the samples respectively).
Cell a and sum of diagenals classifications were less common (5.2% and
15.5% respectively). Judgments of 13 subjects failed ro match any of our
proposed patterns and were classified as "other". Table 3 also showé;%ales
as generally using more sophisticated strategles than those used by females.

The distributions of the two sexes were compared by assigning each subject

a number corresponding to the number of problem type criterisz passed (cell

a =1, conditional probability = 4). 4 t test comparing males anc females

on strategy classification shows the sex difference in strategy use to be
reliable (£(101) = 2.68, p < .01).
A final judgment-based strategy analysis compares the confidence ratings
of subjects in each ofﬁche strategy classifications. 4 subject strategy
by problem type analysis of variance showed no significant difference as
a function of subject judgment strategy (F(3,99) = 1.54, ns). However,
subject strategy did inte;;c: with problem cype~(£(9,29?) = 2.68, p < .01). g
In this interaction, subjects classified as a versus b, sum of dilagonals,
and conditional pwobability judges showed parallel decreasing confidence
as problem difficulty increased. However, cell a judges were least confident
on a versus b problems. As in the previous analysis, confidence ratings
also showed a main effect of problem type (F(3,297) = 28.68, p < .00L).
Independent categoriz;tions of subjects' strategies were based on
rthelr responses t¢ the interview questions. Firse, subjects were asked
to state their sirategies (quastion la) and to demonstrate that strategy
on a sample problem (question 1b). These two responses were considered
together and coded according to whether they conformed to one of our four
strategies. Two alternative responses were also common. Several subjects
described themselves as using a variant of the conditional probabilicy

: a
strategy which compared ratios of cell frequencies ¢ with cell frequencies

1
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3. This strategy would produce the same judgments as our conditional
probability strategy and ‘will be labelled cell ratins. A second common
response was for a subject to say that he or sh: had just guessed. Responses
that did nor match any of these catégories were labelled "other”. all
f&épgggggwyggg“}négpendently categorized by two coders. These two raters
agreed om 89% of their ratings. Table 4 1llustrates these classifications
of subjects' explanations.

Once subjects had stated their strategies, they were shown a model
of each of the four proposed strategies and asked to identify the one which
most closely resembled their problem solving approach. This classification
is referred to as model choice. . Frequency of choices of the various models
is shown in Table 5. Responses not represented in the strategy examples
were coded as "other"”. OFf these unclassifiable subjects, six said that' they
us2d more than one rule, and the remaining subjects said that they used some
strategy not listed in the models.

Finally, subjects were asked to indicéte the best strategy among the
four examples. This cresponse will be labelled best strategy. Table 6
lists frequencies of sgbjects' choices of each of the strategies. The
group categorized as "other' includes several subjects who thought that
two or more categories were equally good, some subjécts who thought the
cell ratio strategy was best, and some subjects who preferred some strategyp
not listed in the examples.

As in the judgment-based strategy classificatiom, a subject’s strategy
classification on each of these three measures was converted to a Scale
score corresponding to *he level of his or her classification in the
strategy hierarchy. Since cell ratio judges should produce the same

iudgments as conditional probability rule users, these two rules were grouped
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together in these analyses. Subjects who ;aid that they guedsed were
given a score of 0. Comparisons between classification methBds were made
in terms of these scale scores. The unclassifiable subjects were not
included in these analyses, i ’
Cerrelations between the various strategy classifications indicate

some congruenge between methods. The correlation between judgment-based
strategy classification and stated strategy ia\.SS (p < .001). Classification
of subjects by the two methods is illustrated in Table 4. .Comparisons,

5

between these classification systems indicate thaé‘differences between
classifications by the two methods do not show a reliable direction
(tg?&) <1, ns). A close inspection of Tzble 4 shows th;t performance-
explanation congruence differed according to subjects’ strategy classifiif}ion.
Subjects whose performance patternt showed use of 2 conditional probabilit§
rule were almost uniformly accurate in describing Lheir strategies (97%
of conditional probabilit; subjects). Among the other groups combined
(excluding other”) only 24% of the subjects described rules congruent with
their performance patterns. A comparison of the two groups shows this
difference to he reliagle (x? = 45,46, df = 1, p < .001). 1

Comparison between judgment~based classifiéation and subject's mode{
chofce also showed Qeliaﬁle congruence between the two methods (r = .45,
p < .00L,. Table 5 shows|classification of subjects by the two methods.:
Compar ison between the clalsification methods shows that model choices were
neither reliably more nor less sophisticated than their judgment-based strategy
classification (t(98) < 1, ns). The correlation between “the strategy explanation
and model choice measure indicates some agreement batween these two self-

report measures (r = .33, p < .001) with the subject classifications neither

baetter nor worse by the two methods (t(99) < 1, ns).

15
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Finally, subjects' selection of hest strategy was compared to their
classifications by other methods. Model choice and best strategy used
the same multiple choice method, and were thus deemed to make the best
case for comparison (see Table 6 for classificat}gn by the two methods).
Subjects' selections of best strategy were reliably more sophisticated
than the strategy they identified as their own (t(88) = 5.35, p < .001),
suggesting that subjects recognized a better way to solve the problems
when one was provided. Their choices of be;t stratezy were also more .
sophlsticated tkan thegr judgment~based stra;egy classificatiuns (t(84) = 7.19,
p < .CQOL). |
Discussion

These results offer cons}derab;e evidence on relative cengrueﬁce
among self-report and performance~based methods of identifying strategies
underlying covariation judgments. All comparisons suggesSt some agreement
between methods, with correlations rangipg from .45 - .58, Correlations
at this level indicate that subjects have some insight into their judgment
bases. However, closer inspection of Tables 4 and 5 indicate that some
subjects show considerabl? better insight than others. In particular,
condgtional probability subjects (judgment—based classification) are
impressively accurate, with 97% describing a cond;tional probability (or
cell ratio) strategy in their strategy explanation, and 847 selecting that
strategy in the model choice measure. 1In sharp contrast, all other subject
groups show poor congruence between the performance-based and self-report
weasures, with 247 agreemént between judgment and explanation measures,
25% agreement b?tween judgment and model choice.

The strength of our judgment-based classification system is our ability

to evaluate wherher a stated rule would produce the obtained judgment pattern.

2.1 '
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A close inspection of Table g;illustrates this comparison. For example,
no subject wfth a cell 2 judgment pattern described him or herself as
using a cell & judgmenq rule. Our interpretation of this difference would
be ambiguous if these subjects described rules which would produce a cell
a judgment pattern on the ‘problem get. However, this was not the case.
Hzlf of these subjects said they were guessing, an approach which would
yield a cell a pattern og}y 11 percent of the time (i.e., the chance
probability of producing the pattern). The remaining subjects with cell
a performance patterns said they were using cell ratios, a strategy which
would result jin a conditional Probability judgment pattern. Subjects
showing a versus b patterns also showed poor insight into rule use, with
11 of 42 classifiable subjects descEibing themselves as us§$g rules which
should produce more errors than they actually showed, and 11 subjects
describing strategies which shouid have produced more accurate records
than actually obtained. Most,of the subjects whbse Sﬁdgment‘perférmance
indicared sum of diagonals strategy use described strategies thar would
produce conditional probability judgment patterns. Several subjects
described themselves as‘comparing cells S with g, a st;ategy which would

mimic a conditional probability strategy on the problem set. However, it
is interesting to note that only one of the subjects who said they were
using cell ratios produced a judgment pattern congruent with their described

rule. As noted earlier, self-report and judgment pattern were congruent-for

conditional probability judges. In these cases we are not simply noting

relative agreement between performance and explanation. Our rule diagnostic

problem set also allows us to show whether subjects' self-reported rules

would have produced their actunal perfo.aance patterns.

f
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One possible interpretation of poor agreement between judgment and
explanation might be that subjects shifted vule use at some point in the
problem set. A subject may have judged the initial problems by one
strategy, but changed strategy by thl end of the problem set. This .
individual's judgments might yield “a classification according to the
initial strategy, but he or she would be accurate in describing use of a
different strategy to solve the last ?roblem. In fact, some of our
subjects said that they used more than one rule in response to the model
choice dQuestion. This possibility may explain a few judgment-explanaci;n
discrepancies, but our rule classification system makes it unlikely as a
general account. That is, a subject had to accurately judge at least two
of the three problems of each scraceé& type to have passed criterion On
that typé. The problémsweggblocked such that one problem o; each strategy
type appeared in each third of the problem sequence. A subject would have
to shift strategy after the eighth problem of the set to have met the
criteria for his or her initial Problem solution strategy in the Jjudgment-
based classification. Shich{gc other points should produce judgment records
ch%c do not conform to any of our strategy patterns. These subjects would
be labeled “other" and not be included in our method comparisons. In fact,
such unclassifiabie subjects were infrequenc in this sample (11.2%).

These results show that agreement between different-self-report measures
is limited as well. The correlation between subjects' strategy explanation
and model choice was 2 modest (though significant) .53. Thus, the issue is
n;t simply one of the validity of self-report of strategy use. Method of
obtaining that self-report affects subjects’ responses as well.

These comparisons suggest that seif-report may be a weak data-base for

research on covariation judgment. We note, however, that there may be conditions

Q&
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under yhich self-reports ?Ould Le more acgwate, Qur subjects described
their strategies after solving a s;ries.of problems. Ericsson and Simon
(1980) argue that features of memory and’attention'might predict that
reports would be erroneous under these %onditions. In particular, subjects

must retrieve the relevant informatioﬁ from long term memory in order to
explain their judgment rule, Potential no;fces of .error include problems

in storing or retrieving the information from long term memory and incomplete
reporting of the a;ailable information. Ericsson and Siﬁon {1980) argue

that soch probi%ms are minimized by gathering self-reports through a

think aloud technique j:n which subjects verbalize their reasoning as

they solve the problem. i

Although alternative techniques may improve self-report accuracy,
our method is most relevant for coﬁparisan with past research in this area.
In particular, Smedslund (19632 and Adi and co%leagues (1978) each asked.
subjects to ?xplain their strategies after making several judgments about
event covariations. Our evidence suggests that self-report-of less-than-
optimal strategies will be inaccurate under these circumstances.

Considering covariation judgment as a problem in applied mathematics,
our findings zlso have implications for educational assessment. Thgt is,
self-report may be a poor method for diagnosing the sources of individual
student'sﬁerrors in applying ratio concepts. OQur finding of strategy
classification differences in self-repgrt accuracy are somewhat ironjc fxom)
an educational point of view. That is, the students best able to report
their strategi;; would be those who need help the least. The sdﬁcess of a
program to improve thegf judgments may well depend on the starting strategy
of the indiwvidual invol;;a. Qur evidence indicates that student self-report

b
{s unlikely to yield an accurate diagnosis of sources of judgment error.
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Our subjects do show some insight into the strengths and .weaknesses
of their chosen strategies. First, confidence ratings showed that subjects

-

weée leés confident of their accuraéy on problems where errors wére high
than on problems where error rateg were léﬁ- Secondly, twice as ﬁ;ny
;ubjects seleéfed the conditional probability rule as the best rule as
were classified as using the rule in problem solutions (32 percent vs. ..
65 percent). QOne might wonder wh& subjects would persist in using a rule

L
they knew was flawed. However, shifting rules requires that subjects be -

able to generate a better rule to use. This evidencp.indicates that subjects

»

o

are better at.recognizing good rules than at producing those rules on their

OWll.

. -

. ¢
A final consistent finding worth noting is the sex difference in .

judgmwent accuracy and strategy use. This sex difference is‘not surprisiné

i the iight of much past research showing males better than females if
mathematical reas;;}qg beginning in junior high and continuing throughout
adulthood (Maccoby & Jacklin, 1974). SincF the conditional ﬁrobgkility

rule builds so directly on comparisons of two ratios, Qe might.expect sex
differences in this juﬁ?;en: as well., Our method offers :he‘additionaf

. advantage of identifying specific strategies employed by subjects of each

*sex., "Compared to males, females were especialiy gnlikely'ﬁo use the | -
conditional probability rule (19,3 percent vs. 46.3 percént), preferring

the simpler and less accurate a versus b rule (41.9 percegg vs. 29.6 pqEFent).
- This difference could have several possigle spurces. One likely source

is simply that the twO sexes came to the ex eriment with different training
backgro;nds. Other studies have found males and females tO be substantially
different in participation in math courses by thé time they get to college

F

A . - .
(Fennema, 1977; Keeves, 1973; Hall & Shaklee, note 1, National Asgessment of )
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- . »
9 Educational Progrees, 1979). Further work would be required to assess the

role of differential math training in sex differences in covariation
LY

L

judgments. : ) . .
- a ™,

In overview,.our results indicate that subject's self-repords of

. *

covariation judgment rules show limited congruence with acfual Judgmen%
x

patterns. Self-report was an especially poor method for identifying
sources of inaccuracy in judgment patterns. Such effects of assessment
method offer a ready explanation for peoor agreement about strategy use

in past studies of covariation judgment. These results suggest :hat‘self-

report measure* are weak bases for drawing conclusions about strategy use.

These problems with self-report in covariation Judgment accord well with

”

g other research showing poof correspondence between subjects' judgments
and their explanations about those judgments. . .
’ y . F
g - i . ‘
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lwe rad some difficulty defining a noncontingent relationship for the
sum-of-diagonals problems. The pgbblem we included (middle problem, ceolumn
3, Table 1A) dev}ates slightly from independence (P(AllBl) - P(AlfBz) = -,06)
bv the condisional-probability rule. As a result we Scored responses as
correct if subjects concluded thac A1|B1 was either less likely or just as
likely aSéglle. The problﬁm does discrimina;e appropriately between the
other judgment rules. Cell-z and a-versus-b judges should say that AlfBl "

is more likely than Aliﬁz, sum-of-diagonal judges should say the two

outcome¥ are equally likely.

b s ¥
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Table 1

Cel!l trequencles used for vach problem type

} Condlcfonal
Cell a l 4 versus b Sum of Diayenal Probabtl{icy
Problems i Problems Problems Problems
B, B B8 B, B, ° B. B
(ry 1 2 e L2 () 1L _"2_ ® 1 2
‘ | ]
Ay b2 | Ay 713 ! A 2| 2 A 2112
A, 47 E A, L2012) A 2|18 LAy | 000
3 {
F
% o 21 P2 m 2L P2 jan B P
Al 6 6 Al 31 3 Al g 7 Al 1 5
Ay 6| 6 Az 91 9 Ay 51 3 A, 3115
P B @w M B oy B B (m B B
Ay o2 1l A 4 |11 A 8 A, 12] 2
) 1 1
A, 71 4 A, | 81 A, 810 Ay |10 | 0

Strategy uee and regultant patterns ot problem accuracy.

(+ = accurate, ¢ = inaccurace)

Problem Strategy Type

Cell Sum of Condicional
‘ 8 a versus b Diagonale Probability
Conditional %
Probabilities + + + +
g:m of ) + + + 0
Subject agonals
Strategy a versus b * + 0 0
Type
Cell a y o+ 0 0 0
Strategy & 0 g 0 0
L ———
Ji




a versus b
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Mean Judgment Accuracy Per Problem Type

all
types

1.90

2.20
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sum of conditional
diagonals probability
1.23 1.60
1,72 1.43
1.47 1,21

2.05
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Table 3
Judgment-Based Strategy Classifications
(percentages)
sum of conditional
cell a aversus b diagonals probability other ¥
males 3.7 29.6 11.1 46.3 9.3 54
females 6.4 41.9 19.3 19.3 12.9 62
all 5.2 36.2 15.5 31.9 11.2 116
s 1
fy
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Table 4

Frequencies of Strategy Classifications by Judgment-Based

And Strategy Expilanation Methods

Strategy Explanation

Judgment sum of conditional cell
Based guess cella avsb diagonals probability ratlos other ail
cell a 3 0 0 0 0 3 0 6
aversus b 9 2 13 2 1 8 7 42
sum of
diagonals 3 0 1 1 6 6 1 18
conditional ’
probability 0 0 o i 35 1 0 37
other +2 0 1 0 0 10 0 13
all 17 2 15 4 62 28 8 116

3a

L L |
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Frequencies of Strategy Classifications by Judgment-Based

And Model Choice Methods

Model Choice

Judgment gum of conditional

Besed guess - cella a versus b diagonals probability other all
cetl a Q 1 3 1 1 0 6 R
a versus b 6 4 14 7 10 1 42 b
di:‘é‘oﬁils 2 2 - 2 1 9 2 18
conditional 3 0 0 3 31 1 37
probabilaity
ocher 1 0 1 1 6 &3
all 11 7 20 13 51 8 116

e = A A it mRmE ARF o R v maa 4 mRRE o e L ey - e mmminin = & it M b . i
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Table €

Frequencles of Strategy Classifications by Model Thoice
and Best Strategy Methods

HModel Choice

Best‘ sum of conditional

Stracegy guess <c¢eil 8 a versus b diagonals probability other all ,
cell a 0 1 0 1 0 0 2
a versus b 2 0 4 I 0 <0 7
sum of

[ 9
diagonals 1 2 4 ! 0
conditional 49 76
probability 6 2 10 4 >
other 2 2 2 6 7 2. 3 22
all 11 7 20 13 57 8 \ 116
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