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The present study deals with problems of estimation,
specifically the kind performed by military officers under
conditions of uncertainty and stress. Two types of estimation
were examined: estimation of factual quantities, and revision
of probability in base-rate type problems. Twn corrective
procedures were tested. The first procedure was Algorithmic
Decomposition, in which the target estimate is divided into
simple and known sub-estimates. These are combined, according
to a rule, to yield the target estimate. The second procedure
was Tutorial, and involved creating mental images and
explaining the normative solution of base-rate problems. The
Algorithmic Decomposition was tested in Experiments I and II.
Subjects had to estimate unknown quantities under both normal
and time stress conditions. In Experiment I an algorithm was
provided as an aid, while in Experiment II, the subjects were
trained to compose their own algorithmic aid. The results
showed that, although subjects were able to compose algorithms9
this aid was not optimal, and failed to improve estimation.
The training method for probability assessment, in base-rate
problems, was tested in Experiment III and IV. In Experiment
III two aids were tested: algorithm and tutorial. The results
showed that both aids were effeccive. However, only the
tutorial resulted in generalization. In Experiment IV The
Training by Mental Image (TbMI) method was tested. The results
showed that the TbMI method was efficient in training and
improving performance, relative to the control group.
Generalization was observed for trained groups, under all
conditions. It was concluded that the algorithmic
decomposition approach was inadequate for a non-academic
military population, since it imposed high mental lcad and
diverted attention to the creation of the algorithm. It may
have been effective, however, if it were adjusted to the
differential cognitive styles of the user populations. Since

* the incorporation of mental images into the Tutorial aid
contributed to better understanding and improved performance,
the possibility of applying this method for training for the
first type of estimation. It is recommended that the use of

* mental images should be further developed and expanded to be
.used in a Computer Aided Instructions (CAI) plan.
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The present study deals with problems of estimation,
specifically the kind performed by military officers under
conditions of uncertainty and stress. Two types of estimation
were examined: estimation of factual quantities, and revision
of probability in base-rate type problems. Two corrective
procedures were tested. The first procedure was Algorithmic
Decomposition, in which the target estimate is divided into
simple and known sub-estimates. These are combined, according
to a rule, to yield the target estimate. The second procedure
was Tutorial, and involved creating mental images and
explaining the normative solution of base-rate problems. The
Algorithmic Decomposition was tested in Experiments I and I1.
Subjects had to estimate unknown quantities under both normal
and time stress conditions. In Experiment I an algorithm was
provided as an aid, while in Experiment 1I, the subjects were
trained to compose their own algorithmic aid. The results
showed that, although subjects were able to compose algorithms,
this aid was not optimal, and failed to improve estimation.
The training method for probability assessment, in base-rate
problems, was tested in Experiment III and IV. In Experiment
III two aids were tested: algor'ithm and tutorial. The results
showed that both aids were effective. However, only the
tutorial resulted in generalization. In Experiment IV The
Training by Mental Image (TbMI) method was tested. The results
showed that the IbMI method was efficient in training and
improving performance, relative to the control group.
Generalization was observed for trained groups, under all
conditions. It was concluded that the algorithmic
decomposition approach was inadequate for a non-academic
military population, since it imposed high mental load and
diverted attention to the creation of the algorithm. It may
have been effective, however, if it were adjusted to the
differential cognitive styles of the user populations. Since
the incorporation of mental images into the Tutorial aid
contributed to better understanding and improved performance,
the possibility of applying this method for training for the
first type of estimation. It is recommended that the use of
mental images should be further developed and expanded to be
used in a Computer Aided Instructions (CAI) plan.
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KENERAL INTRODUCTION

Modern military decision-making is based, in many casesp on
probability assessments and estimation of unknown quantities.

A These have been extensively studied by philosophers,
* •mathematicians and statisticians as well as psychologists.

Modern cognitive psychology has revealed many cognitive
biases and limitations which endanger the rationality and
optimality of estimation, assessment and decision making (e.g.,
Koriat, Lichtenstqin & Fischhoff, 1980; Kahneman, Slovic &
Tversky 1982; Zakay & Wooler, 1984). Tvursky & Kahneman
(1972a, 1973, 1974,) showed that contrary to the accepted
assumption that people perform such mental operations, in an
optimal and ratioial manner, the principles and logic
underlying such judgments are much simpler than those expected
according to the normative models. These principles are
heuristic rules tha-. lead to judgements that may differ
essentially and consistently from those derived by normative
principles.

For example, Kahneman & Tversky (1973) showed that subjects
* use the availability heuristic to assess the probability of an

event. That is, the probability of the event is assessed by
the ease with which instances or occurrences can be brought to
mind (Kahneman, Slovic & Tversky, 1982). If this ease is
influenced by the relative frequency of the event, a
probability estimation, based on this heuristic, would be a
better estimation of the objective probability. This ease,
however, is also influenced by factors not related to the
relative frequency, such as familiarity, emotional salience and
the like. These would cause uystematic biases since, for
example, a single dramatic event would be more easily
remembered and therefore would be judged as more probable.

A One of the most intensively investigated heuristics is the

representativeness heuristic. (Kahneman & Tversiky, 1972a;
Tversky & Kahneman, 1982b). This heuristic is used in
performing two types of judgments: What is the probability that
object A belongs to class B? or what ip the probability that
event A originates from process B? People tend to rely on the
degree to which A is representative of B. When A is highly
representative of S, the probability that A originates from B
(or B generates A) is Judged to be high. This
representativeness can be expressed by the degree to which A
resembles B, by the statistical relation or causal relation
between the two events.

r p
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One implication of the representativeness heuristic, is the
Base-Rate Fallacy. When asked to assess the probability of
occurrence of an eventp in light of previous probability
information, people tend to neglect the some of the relevant
information (the base-rate), which must be taken into account.
This is called the base-rate fallacy, and it illustrate* the
insensitivity of people to tlp sample domain from which a
certain event was selected.

In making estimates of unknown quantities, people often
start from an initial value, or starting point, and then make
adjustments to produce the final estimate. Different starting
points yield different estimates, which are biased toward the

N anchor which is the initial values (Kahneman & Tversky, 1982).

The commander in the future battle field will have to
estimate unknown quantities and assess the probabilities of
occurrence of various events. This will be done under
conditions of uncertainty, time stress and information load.
The stress factor, which is a characteristic of battle field,
as well as, many other decision making situations, affects
estimating and probability assessing. Tec~hnological aids that
may be available for use in such situations, will help the
expert commander to utilize more information and to make better

"¶ decisione as compared to the present commander. However, the
tasks of estimating quantities, assessing probabilities and
evaluating the validity and correctness of data presented to
him by these aids, will still be of utmost importance, since
the commander will have to evaluate the information presented
to him and decide how to use it properly. Therefore it is
vital to find ways, or aids, for helping an expert commander in
optimally performing these tasks. Since research has shown
that strategies, effectively applied to normal conditions, are
not transfered to stress conditions (Zakay & Wooler, 1984),
such aids will have to be adjusted to stress conditions.

Various such aids were sugested and tested. For example,
the algorithmic decomposition technique for estimating unknown
quantities (MacGregor, Lichtenstein & Slovicq 1965). As aids
in probability assessment, mainly for solving base-rate
problem, a number of techniques were suggestedg For example,
the Subjwctive Sensitivity Analysis (SSA) (Fischhoff, Slovic &
Lichtenstein, 1979; Fischhoff & Bar-Hillel, 1984), the Balanced
SSA (BSSA), Isolation Analysis (AI) and Minimal Focusing (FM)
(Fischhoff & Bar-Hillel, 1984), and Structuring Base-Rates
(Lichtenstein & MacGregor, 1985). These aids were shown to
influence people's Judgments, however, there was no



contribution to their understanding, or constructively change
the way in which people conceputalized the problems (Fischhoff
& Bar-Hillel, 1984).

The general objectivms of the present study are as follows:

a. To examine the effectiveness of two aiding methods, the
algorithmic decomposition technique and Training by
Mantal Images (TbMI); and

b. To validate the utility of applying these aiding methods
by testing them on military officers, under stress
conditions.

The study was carried out in two phases. Phase A focused
on the following goals%

a. Testing the effectiveness of the algorithmic
decomposition technique, previously investigated by
MacGregor, Lichtenstein & Slovic (1985), on Israeli
military population under time stress conditions;

b. Development and testing the application of a training
method for creating algorithms by the user himself, and
testing its effectiveness in performing general
estimation tasks under time stress conditions.

Phase B focused on the following goals:

a. Testing the effectiveness of the general training
methods in solving base-rate problems, developed by
Lichtenstein &-MacGregor (198x), on Israeli population.

b. Improving this aiding method by introducing mental
imagery and testing its effectiveness on military
population, using problems of military content and under
time stress conditions.

This report is divided into three parts. In part A the
experiments involving estimation of unknown quantity are
described and discussed. Part B describes and discusses the
experiments involving base-rate problem solving. Part C is a
general discussion of the results obtained in the expaeriments
described in part A and B of this report, and general
conclusions.
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EMLA
ALGORITHMIC DECOMPOSITION A8 AN AID FOR ESTIMATION

Introduction

In many decision making situation 1 decisions are based on a
set of data concerning different aspects of the situation at
hand. These aspects usually involve the values of certain
quantities. Some of these values are readily available and
easily obtained by reference to various information sources.
In many cases, howeverp the necessary data is unavailable and
therefore has to be estimated. This is especially true for
battle-field situations, when the availability of information
is restricted.

If reliable decisions are to be made, then the estimates
must be made as accurately as possible. In addition, in many
decision making situations the time factor is very critical,
and thus the estimates must also be made as quickly as
possible.

When considering the cognitive strategies people adopt in
making estimates, it is realized that such strategies are
usually ineffective and lead to inadequate estimates. For
example, one approach is to consider one's knowledge of the
quantity being estimated, and intuitively guess an estimate
that seems reasonable in light of whatever- knowledge comes to
mind (MacGregor, Lichtenstein & Slovic (1985). Another
approach is to start from an initial value, and then adjust it
to yield the final estimate (Kahneman, Slavic & Tversky, 1982).
Estimates performed according to such approaches, are highly
influence by irrelevant and biasing factors. For example, the
initial values may become anchors, therefore the estimates are
biased toward them (Tversky & Kahneman, 1974). In addition,
recency, salience and emotional factors influence the ease with
which information is retrieved from memory. This may affect
the adjustments of the initial values (Nisbett & Ross, 1980).
Since the resulting estimates are determined by subjective
factors, they do not represent the state of the world.
Decisions based on such intuitive estimates may be erroneous.

The inefficiency of the intuitive strategiesp and the
frequent demand for accurate estimates, which have to be made
as quickly as possible, make way to development and application

.4



of aids, specifying alternative approacher to making estimates.

The algorithmic decomposition in one such approach. It
involves the division of an estimation question to a series of
sub-questionso the answers for which ore more accurate, easily
obtained and of which one is more likely to have available
knowledge. The answers to the sub-questions can then be
combined, according to a rule, to yield the answer to the
original estimation question. The resulting estimate would be
more accurate than a direct estimate. The approach of analysis
and decomposition is based on the concept of structuring
information in accordance with knowledge organization in human
memory, in order to obtain and utilize information from various

Sexternal sources, as well as retrieval from memory. It is
assumed that an intuitive wholistic strategy of estimation,
which incorporates less knowledge, creates a "vacuum", into
which the heuristics are introduced. By using the algorithmic
decomposition approach, this "vacuum" can be filled with
knowledge, and reduce out the biases.

The utility of the algorithmic decomposition approach, was
tested by MacGregor, Lichtenstein, & Slovic, (1985). Their
subjects had to estimate the answers to various questions
concerning unknown quantities. This was done under five aiding
conditions, constituting different structuring levels, as
follows:

a. Full Aloorithm. In this condition, each question was
decomposed into a complete algorithm. Subjects had to
estimate the answers to the sub-question and then
combine the sub-estimates according to the provided
arithmetic rules that were provided.

b. Partial Algorithm. This condition, was similar to the
full algorithm, however, the arithmetic rules were not
provided.

c. Li'st & Estimate. In this condition, subjects, first,
listed components or factors that they believed were
relevant to estimating the target quantity; they then
estimated each of the components they had listed; after
completing these tasks, the subjects made the target
estimates.

d. JJ&J. This condition was similar to list & estimate,
however, the subjects were not requested to make
estimates of the factors they have listed.



a. Unaided. In this condition, no aiding was provided to
subjects in making the target estimates.

The results of this experiment showed that accuracy and
consistency was improved with increasing the structuring level.
That isthe partial algorithm and full algorithm condition
produced more accurate and consistent estimates then the list &
estimate, list and unaided conditions. Similarly, the list
condition led to more accurate estimates than the unaided
condition, however, the list & estimate condition did not help
the subjects {ocus more directly on the magnitude of the value
they had to estimate.

In their discussion, MacGregor, Lichtenstein, & Slovic
(1985), pointed out that, although their results showed that
people can perform estimates according to specified algorithms,
in evaluating the quality of such an approach one has to take
into consideration the representation of the estimation
questions. Ectimation question can be represented in several
ways, each of them may influence the subject's performance in a
different manner. A representation which is effective for some
people may be biasing and misleading for others. This means
that to be a useful aid, an algorithm must be compatible with
the specific needs of each user. In addition, in everyday, and
especially, battle-field decision making situations, algorithms
are not provided, instead they have to be produced by the
decision maker.

Battle-field decision making, is performed under time
stress conditions, and is known to be characterized by unique
cognitive processes. Ben Zur and Breznitz (1981) found that
under high time pressure, a filtration mechanism was activated,
that is, "Information which was perceived by the individual as

* most important was processed first, and then processing was
continued until time was up" (p. 102). Research has shown that
framing is not transferred to stress conditions. In addition,
Zakay, (1985) found that time pressure would lead to more
frequent use of non-compensatory strategies.

• .In view of the above, the algorithmic decomposition may
become an effective aid, if taught and used as a mental model
of estimation. This would enable people to compose their own
individual algorithms, which would be compatible with their own
mental processes and needs. Since, the utility of this
approach may be dependent on the user, and can be affected by
stress conditions (similarly to other cognitive aids), it is



important to test its effectiveness on various populations,
mainly military populations, using stress conditions.

The purpose of the present study is to evaluate the algorithmic
decomposition, as a method for estimating quantities p by
military officers under normal and time stress conditions. An
additional goal is to develop and validate a method, based of
the algorithmic decomposition approach, for training military
officers in composing and using their own algorithms when
estimating quantities, under normal and time stress conditions.

Experiment I

Experiment I was designed to test the effectiveness of
algorithmic decomposition, as an aid in estimating unknown
quantities, on military population. Experiment I is a partial
replication of the study carried out by MacGregor,
Lichtenstein, & Slovic, (1985). However, of the five
structuring levels used in the original experiment, only the
full algorithm, which was found to be the most effective, and
the unaided control levels were used in the present experiment.

SUb Je~t,. Seventy one IDF junior officers participated in
experiment I. The subjects have had secondary education.

Estim.ftion tasks. All the subjects were asked to perform 8
different estimation tasks. The questions were of the type
"How much i•od (in Kg.) does one person eat during his entire
life". The correct answers to the questions varied in
magnitude from 27,040,000,000 to 100. The estimation question
and the correct answers are show in Appendix A. The questions
were based on quantities contained in statistical almanacs. A
pilot study, revealed that the subjects were unlikely to know
the exact quantities to which the estimation questions related,
however, the they did have some relevant knowledge, on which
the sub-estimates could be based.

EMierimentgl desion. Two independent variables were
manipulated in this experiment, aid type, and time restriction.

Aid typeu In the aided condition a full algorithm was
provided as an aid in answering each estimation question.
Under this condition subjects had to estimate each component of
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the algorithm and then combine the estimates according to the
arithmetic rule provided (this condition is denoted AL). For
example:

How many cioarettes are consumed in Israel in a year?

a. What is the population of Israel?

b. What proportion of the population smokes?

c. What is the number of smokers in Israel?
Emultiply (a) by (b)0.

d. How many cigarettes does the average smoker consume per
day?

e. How many cigarettes are consumed in Israel per day?
Cmultiply the answer to (c) by (d)].

4. How many days are there in a year?

g. How many cigarettes are consumed in Israel in a year?
Emultiply (e) by (M)].

In the unaided condition, which served as the control
condition, no aid was provided. Under this condition the
target quantities had to be estimated directly (this condition
is denoted C). Each target quantities used in the study was
estimated directly.

Time restriction: There were two time restriction
conditions. In the unlimited time condition, subjects had to
make the estimates without any time restriction (this condition
is denoted NTL). In the limited time condition subjects had to
answer each estimation problem within 2 minutes (this condition
is denoted TL). The 2 minutes limit was determined by running
the unlimited time AL group first, and measuring the time
required to make each estimation. The minimum time was
selected as the time limit for the time restricted groups.

The experimental design with two independent variables,
* which make up 4 different groups, is presented in Table 1.

,p
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Table la The Eoerimental Desion of Exoeriments rand 11

AID AIDD UNAICEDV
TIME LIMI ____, __

The deoendent variables. Two dependent variables were
measured in this experiments subjects' estimates and subjective
mental load.

V Subjects' estimates. Subjects' responses for each
estimation task were recorded. The measure for accuracy of
estimation was computed as follows:

Ix-VI
V

Y

Where V is the measure of accuracyl X is the subject's
estimation and Y is the correct answer. This transformation
was selected to enable direct comparisons between different
estimates, regardless of their actual magnitude. Absolute
value were used, since the direction of the error is
irrelevant.

Subjective mental load measures. Subjective ratings of
subjective mental load were used to measure the subjects'
subjective mental load in the various experimental conditions.
Subjects rated the extent of difficulty, mental effort,
fatigue, frustration, and time limit they have encountered
whila working on the problems. The rating were made on a seven
point scale ranging from "very easy", "little effort", "not
tiring at all", "not frustrating at all" and "enough time" (1)
to "very difficult", "a lot of effort"p "very tiring". "very
frustrating" and "not enough time". These were later used for
obtaining a measure of subjective mental load. The scales
(shown in Appendix B) were adopted from Vidulich & Tsango
(I1985).
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e"ocedurs. The subjects were randomly assigned to four
groups of 15 to 20 officers. Each group of respondents was run
separately in small classrooms at an army base. The
instructions preceding each session, indicated that the purpose
of the study was to examine the ways in which military decision
makers solve various problems. It was emphasized that
participation in the experiment was anonymous, and that
subjects' performance would not affect their career.

The experimental sessions were the same for all the groups.
Subjects were given a brief introduction to the study and then
filled in a standard form containing details such as age, sex,
months of service, current jobp command experience, education
and the like. The subjects thvn received the eight estimation
problems, and answered them under the experimental
conditionsto which they were assigned. During the sessions,
pocket calculators were available for use, in order to avoid
arithmetic errors which might affect the estimates. Subjects
in the TL groups were not told at the beginning of the
experimental session, that they would be time restricted later.
In this condition all the subjects in a TL groups were asked to
make each estimate wiLhin a fixed time interval, whose starting
and ending points were signaled by the experimenter. After
completing the above, the respondents completed the subjective
mental load questionnaire.

Resgiii

&ccuracy ot- Estimation

The means and standard deviations (s.d.) of the accuracy
measures are presented in Table 2 for each estimation question.

Table 2: Means and Standard Deviations of Accuragy Measurea
(ULoer no.- mean: Lower no.- i.d.)

OETIMN

1.53 4.04 .78 2.15 28 .22 3.4 .40 27.49 15.30 5.65 28.89 1.03 .36 4.97

.73 .69 . 5 S AS 7 .96 .74 .69 1.04 1.091 . 154 .9 1.28 .80 .9 .731

1.80 1.37, .27 .95 A04 M08 .96 1.23 .89 0 .73 .55 2.11 . 3 1 .6



each estimation question# are shown in Table-3. No interaction
&ffects were obtained.

Table 3: Summary Table of ANOVA of Accuracy Measures for
each Estimation Question, (No. indicate F(1.67)

CUESTION ~4 S V

VARIABLE-

AI YE 1.140 *4.255 "11.121 .164 3.274 *3.991 .217 2.113

TIM LIIT A4N 2.g28 .120 .1 .220 111 1.348 .2
-6 -02 - -- -*P<.O5

**P<.01

Table 3 shows that the mean accuracy measures are higher
for the AL groups than for the C groups, for the Majority of
quest.ions (e.g., V1, V21 V40 V~v V6p and VS). The opposite is
observed only for questions V3 and V7. The mean accuracy
measures are higher for the NTL groups than for the TL groups
'for questions VI, V2, V3,, and V6~. The opposite is observed for
questions V40 V~p V7, and VS.

Subjective mental load

Difficulty. The difficulty mean ratings and s.d. are
presented in Table 4.

Table 4: Mean~s and Standard Deviations of Diffiawlty
Rat ing s QUgoer -No.= -M~ea~n _LwerN~o.,_S d.

AID

TIME _

-.- NLMIED 3.14 4.75 4.09
1.16 1.65 1.80

LIIT 2 3.75 4.07 3.88
1.66 1.64 1.64

TOA...3.48 4.47 3.99
164 166 17

I 71IIFR
Nod FJ



-1L2-

Table 4 indicates that the mean difficulty rating across
all groups is 3.99. The mean ratings are higher for the C
groups (4.479 s.d.-l.66) than for the AL groups (3.48p
sed.inl.64). The mean ratings are higher for the NTL groups
(4.09p s.d.-I.80) than for the TL groups (3.60, o.d.-In.64).

An analysis of variance on these data indicated significant
effect of aid (F(1,63)-5.77v p<.05).

Mental effort. The mental effort mean ratings and s.d. are
shown in Table 5.

Table 5: Means and Standard Deviations of Meontal Effort
Ratings (Upper Not- Means Lower No.inS.d.)

N, AIDEDUNA DED OTAL
TIMIEA
..UNLIMI.TED'ý 3.29 4.40 3.94

NI1.88 1.93 1.87
L1MITEW..' 3.68 4.07 3.85

______ 1.45 1.44 1.44

TTL 3.52 4.26 3.90

1.54 1.73 1.66

The data in Table 5 indicate that the mean mental effort
rating across all groups is 3.90. The mean ratings are higher

* ~for the C groups (4.260 s.d.-l.73) than +o'r the AL groups
(3.52, s.d.-1.54). The mean ratings are higher for the NTL
groups (3.94, s.d.-1.87) than for the TL groups (3.85,

An analysis of variance on these data showed no significant
main effects.

Fatigue. The fatigue mean ratings and s.d. are shown in
Table 6. The data in Table 6 show that the mean fatigue rating
across all groups is 3.55. The moan ratings are higher for the
AL groups (4.060 s.d.-1.75) than for the C groups (3.03,
s.d.ml.87). The mean ratings are higher for the NTL groups
(3.84p s.d.-I.86) than for the TL groups (3.27, s.d.-1.94).



Table 6t Means and Standard-Deviationo of Fatiguff
Ratings (Ugngr Ng.w-M&Ans Lowor NomwS.d.)

An analsis of ArIaneD hs aainiae infn

main ~fectfor TIdMyE(F16)b3,p..

s~~d.-1.80).~1.7 m.an raig1rehge frteTLgop

(4.1n thanc for the NTLe grou6)=3ps p<.051.dm.9)

Frustration.~~ Th frsrto enrtnsadsd r

shownin Tale 7
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An analysis of variance on these data failed to reach
significance.

SubJective time stress. The time stress mean ratings and
s.d. are shown in Table B.

Table 8s riwsnS and Standard Deviations of Time Stroll
RatingsACUggar No... Meant Lower No.ftS~d.)

AIDD NADED, TOTAL

:UNliMITED 1.84 1.39 1.50
1.39 .83 1.09

LIITD 2.68 3.71 3.12
2.60 1.94 2.01

TOAL 2.24 2.41 2.3
1.82 1.82 1.81

The data in table 6 indicate that the mean time stress
rating across all groups is 2.32. The mean ratings are higher
for the C groups (2.41, s.d.=1.82) than for the AL groui.ps
(2.24, s.d.-1.82). The mean ratings are higher for the TL
groups (3.12, s.d.-2.O1) than for the NTL groups (1.50,

An analysis of variance on these data indicated significant
main effect for time restriction ((,)172 p<.01).

Bubiective mental load. The computed values o+ subjective
mental load are shown in Table 9.

Table 9% i bJIective Mentl±ALoadji.Ž1LJUC

;:UNLIMITED, 3.33 3.62 3.49
1.30 1.21 1.24

LIITD 3.63 3 69 3.65

1.27 .88 1.09
TTL 3.50 3.65 3.57

1.28 1.06 1.17
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The data in Table- 9 show that the mean subjective mental
load, across all groups, is 3.57. These valueL are higher for
the C groups (3.65) than 4or the AL groups (3.50). The values
are higher for the NTL groups (3.65) than for the TL groups
(3.49).

An analysis of variance on these data failed to reach
significance.

The results of Experiment I show that the algorithmic
decomposition aid, for estination of unknown quantities, did
not lead to more accurate estimates, but rather, it caused
enlargement of the errors. That is, the difference between the
subjects' estimates and the correct answers is usually larger,
when performed with the algorithmic aid, than without any aid.

* These results are not in line with those found by MacGregor,

Lichtenstein & Slovic, 1985. Their results indicated of more
accurate estimates, when the algorithmic decomposition aid was
provided. The reason for these contradictory findings, may lie
in the difference between the populations tested in each
experiment. The subjects, participating in MacGregor,
Lichtenstein & Slovic's experiment were university students.
For members of such a population, strategies such as the
algorithmic decomposition, may be compatible with their own way
of thinking, which was acquired as a habit, and became more
intuitive. On the other hand, the population tested in
Experiment I, was IDF Junior officers, whose formal education
was non-academic. These subjects are likely to have different
and unique patterns of thinking, adapted to their usual tasks
and acquired while performing them. These intuitive patterns
may be quite different than those imposed by the algorithmic
decomposition aid, thus, leading to inaccurate estimates.

Apart from the adequacy or inadequacy of the algorithmic
approach, one should consider the fact that estimation errors,
occurring in making the sub-estimates, influence the odds for,
and the size of error in the target estimate, relative to
wholistic direct estimates. For example, suppose a user
exhibits a tendency for over estimation, therefore over
estimating each component of the algorithm. The accumulated
effect of this over estimation would lead to target estimates

6?
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which are much larger then estimates performed directly.

I:n addition to the problems caused by the algorithmic
decomposition, as a strategy of estimation, the content of the
algorithms (e.g., the specific sub-estimates, The number of
sub-estimates, estimation of proportion Vs. integers, etc.)
may influence performance. However, this aspect may be more
dependent on the cognitive style of the individual user, than
on the characteristics of the population in which he/she is a
member.

This suggests that the aiding approach, and its content
have to be adapted to the specific user population. This is
especially important when dealing with military population and
should take into account the unique conditions under which it
operates.

The subjective mental load measures, obtained here, seem to
support these interpretations. Subjects in the aided groups
reported higher difficulty and mental effort than those in the
unaided groups. Subjects in the time limited groups, also
reported higher difficulty and mental effort than those in the
unlimited time groups. This may indicate, that wholistic
direct estimation cause high subjective mental load that can be
reduced by aiding. The higher degree of fatigue and
frustration, however, reported by the aided subjects, may be a
result of the incompatibility of the specific aid tested.

Exoeriment 11

SExperiment I examined the effectiveness of the algorithms,
when it is fully provided, as an aid, by the experimenter.
Since in real life an algorithm must be composed by the user, a
method was developed in order to train people in creating their
own algorithms. Experiment II was design to test the
effectiveness of such a training method, on military
population.

Sub.ectl. Seventy one IDF Junior officers participated in
Experiment I1. The subjects have had secondary education.

Estimation tasks. The estimation questions employed in
Experiment 11 were the same as those used in Experiment I.

S.., .. .. . .•



Experiment II were the same as those used in Experiment I.'

Exgerimental dernion an rctre The experimental design
and procedure in Experiment II was similar to those of
experiment 1. However, no algorithms were provided, instead,
before answering the questions,, the aided subjects had to read
a detailed tutorial, describing the algorithmic decomposition
approach and why it should be used, The tutorial, shown in
Appendix C, also explained how to create an algorithm, and
contained two training estimation questions.. No training was
provided for the control groups.

A4ccuracv of-E~timation

The mean and s.d. of the accuracy measures are presented in
tablP 10 for each estimation question.

lable 10: Men andi dtjard Deviations of Accuracy
M'easures (UDoog og= ean: Lower noo.o sed4)

QUESTION 3 V, 5 -6

1.85 .62 1.74 1.17 1.00 .89 5.59 1.07 8.33 2.8 31 .1 .7 .7 3.4 13

_____ 2.83 .52 2.06 1.70 .16 .25 20.58 1.05 16.87 3.00 05 9.30 .3 25 13.30, 3.05.
U ~ ~ 6 .7 1.3 1.JDD:01 .97 .99 4.,451 4.921 3.92 6.12 1.14 8.55 .75 .77 1.481 .73

.42 .69 1.97,17 1 .03 .41 L10.9w 3.30 11,71 .57' 33.12 .18 .213 .31 .5

The main effects, obtained in analyses of variance, for
Jneach estimnation question, are shown in Table 11. No main or
interaction effects were obtained.

4 Table11: ,jary Table _o.ANOVf Acuracy Measures
for each Estimation Questioni. (N9. jndicate

.il~~~ QUESTION'

VARIABE I / V3 4 V5 V V7 V

AI YE 2.368 .344 1 -W6 .027 .610 .155 .006 1.725

~TMELIIT 3.366 li16 3i~ o 1.204 .8 .045 .2
-. - -.- 2-7

P%718



* Table 11 shows that the mean accuracy measures are higher
* for the aided-groups than for the-unaided groups'for questions

VI, V2, V4, V5, and VS. The opposite is observed for
questions V3 and V6. The mean accuracy measures are the same'
-for the. aided and unaided groups for question V7. The mean
.Accuracy measures are higher f or then unlimited time groups than.
for the limited time groups for questions V4, and V6. The

* opposite Is observed for questions V2. V39 V5v V7p and VS.

SUbjeci ve_.Mnal load

Difficulty. The difficulty mean ratings are presented in
Table 12.

Table 12: Means and BtAnda-I.A Devi.ton on.. Difficulty

*~AID
ADDUNAIDED -TOTAL,

TIME

VNLM~D 3.81 4.40 4.14
.... 1.28 1.98 1.69

LIM:TED 3.39 5.15 4.50
1.28 1.68 1.16

TTL 3.87 4.70 4.32

1.26 1.88 1.64

The data in table 12 indicate that the mean rating, across
all groups, is 4.32. The mean ratings are higher for the
unaided groups (4.700 s.d.-1.e6) than for the aided groups
(3.870 s.d.=1.26). The mean ratings are higher for the limited
time groups (4.509 s.d.-I.16) than for the unlimited time
groups (4.14, s.d.-1.69).

An analysis of variance on these data indicated significant
effect of aid (F(1,6O)-4.639 p<.05).

-. Mental effort. The mental effort mean ratings are shown in
Table 13. The data in Table 13 show that the mean rating,
across all groups, is 4.30. The mean ratings are high~er for
the aided groups (4.29p s.d.-In.40) than for the unaided groups
(4.27, s.d.w1.91). The mean ratings are higher for the limited
time groups (4.46, s.d.-I.,84) than for the unlimited time

groups (4.14, s.d.ml.55).

IV'
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Fabl' '13.: &lAU~~. *tanard'DYik6j OfMM~. 4C

IMILMIED 4.38 3.95 4.14,
1.36 1.70 1.55

lITD 4.20 4.77 4.1

______ 1.47 2.21 1.84
TOTAL 4.29 4.7 4.30

1.40 1.9 1.67

An analysis of variance on these data showed no significant

* main effects.

Fatigue. The fatigue mean ratings are shown in Table 14.

Table 141 Mlai ndtnda d-Deviatio~ns of Eatju

Rat i ngs (UvLXar lgnn, LphVC,.NL.9,dL_

AID
AIDD UAIDD OTAL

TIME

LJLII ED 3.53 3.28 3.39

1.36 1.51 1.44

_____ 1.58 1.29 1.44

TO. 3.40 3.06 3.24

146 1.41 1.44

In Table 14 it zan be seen that the mean ratingo across all
groups, is 3.24. The mean ratings are higher for the aided

groups (3..40p s.d.ml..46) than 4or the unaided groups (3.06
s.d.-1.41). The mean ratings are higher for the unlimited time
groups (3.39, s.d.m1..44) than for the limited time groups
(3.07, s.d.=1.44).

*~' '0 YWN 00 ~ r
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An analysis of variance on these data showed no significant
main effects.

Frustration. The frustration mean ratings are shown in
Table 15.

Table 15: Mjeans and Stancar-d Dgvyi~At.Jprs of Frustation

AID
AIDED -:-.UNAIDED: TOTAL

TIME
JN.UM.I TE.D. 3.27 4.78 4.09

______ .75 2.24 2.07
LIMITED..ns 3.53 4.21 3.86

________ 2.00 2.08 2.03
TTL 3.40 4.53 3.98

____1_ 184 2.15 2.04

The data in Table 15 indicate that the mean rating, across
all groups, is 3.98. The mean ratings are higher for the
unaided groups (4.53, s.d.in2.15) than for the aided groups
(3.40, s.d.=1.84). The mean ratings are higher for the
unlimited time groups (4.09, s.d.-2.07) than for the limited
time groups (3.86, s.d.=2.03).

An analysis of variance on these data indicated significant
main effect of aid (F(1;58)in4.f88 p<.O5).

Subjective time stress. The mean time stress ratings are
presented in Table 16. The data in Table 16 indicate that the
mean rating, across all groups, is 2.66. The mean ratings are
higher for ttIe aided groups (2.90, s.d.inl.99) than for the
unaided groups (2.44, s.d.inl.81). The mean ratings are higher
for the limited time groups (3.31, s.d.-In.91) than for the
unlimited time groups (2.90, s.d.-172).

r\ ½I -
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Table 161 titans and Stnard Deviations of TJIOW Strnss
l~tig IMgNo. - Meani Loe _Ng S

AID '

TIMEe
i;VNLIMITED- 1.87 2.28 2.09

1.55 1 1.87 1.72
LIITD 3.93 2.54 3.31

..... ; 1.87 1.78 1.91
1OAL 90 2.4 2.66
1.99 1.91 1.90

An analysis of variance on these data indicated significant
main effect for time restriction (F(i,58)=6.94, p<.05).

Subjective mental load. The computed measures for
subjective mental load are shown in Table 17.

Table 17: SubJec-tiyVe M~ntal-Load- Values

7 AID AlbfbD UNA'IDE P"Y.*.OTALý
TIMEN " .

UNLIMITED 3.37 3.72 3.56
______ 1.04 1.40 1.25

LIMITED. 3.77 3.81 3.79
1.17 1.01 1.08
3.6 3.76__ 3.67

1.11__ 1.18

The data in Table 17 show that the subjective mental load
measure, across all groups is 3.67. These measures are higher
for the unaided groups (3.76,) than for the aided groups
(3.57). The mean ratings are higher for the limited time
groups (3.79) than for the unlimited time groups (3.56).

~i ~ *~~%'~ - -
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An analysis of variance on these data failed to reach
significance.

Discussion of Part A

Content analysis of the questionnaires, used in Experiment
IS, indicated that the subjects did learn to compose
algorithms and were able to apply them successfully. Howeverp
the results of Experiment II showed that the training method
for building algorithms was not effective. It did not lead to
more accurate estimates, but caused enlargement of the
estimation errors. That is, the difference between the
subjectsP estimates and the correct answers was usually larger,
when pnrformed with the algorithmic aid, than without any aid.
These results are in line with those found in Experiment I.
Therefore, it is likely that the reason for the subjects' poor
performance, is the inadequacy of the algorithmic decomposition
approach. As shown in Experiment I, this is due to the
incompatibility of this approach with the characteristics of
the military population, used in these experiments, and to the
accumulated effects of biased sub-estimation.

When considering the subjective mental load measures, the
results showed that the untrained subjects found their task to
be more difficult and frustrating than the trained subjects.
This indicates the need for aiding. The higher degree of
mental effort and fatigue, reported by the trained subjects,
however, suggests that the actual creation of an algorithm may
be highly demanding, and may divert the users' attention from
the estimation itself.

Both Experiments I and I1 suggest that in developing an aid
or training method, based on the algorithmic approachp one
should take into account the unique characteristics of the
target population, and adjust the aid accordingly. Such an aid
would be more compatible with the thinking patterns and
cognitive style of the target population. Only after the aid
and training method, are adapted to the population, its
cognitive style and thinking patterns, an efficient aiding
method can be introduced.

U
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TRAINING TOR DVERCOMING THE BASE-RATE FALLACY

S1 NITRODLCT-LON

In problem solving and decision making, people tend to
ignore some of the available information even though it is
relevant. Base-rate problems are inference problems containing
base-rate information about a certain phenomenon (prior odds),
information about the degree of accuracy of a given diagnostic
device or method (usually referred to as the diagnostic or
specific information), and a question concerning the
probability of a particular event. Base-rate fallacy is the
tendency to neglect the Base-rate information when attempting
to solve such problems.

The most common example of the base-rate problem is the Cab
Driver problem (Tversky & Kahneman, 1972a):

A cab was involved in a hit and run accident at night. Two
cab companies, the Green and the Blue, operate in the city.
YOU are given the following data:

a. 85% of the cabs in the city are Green and 15% are Blue.

b. A witness identified the cab as Blue.

The court tested the reliability of the witness under the
same circumstances that existed on the night of the
accident and concluded that the witness correctly
identified each one of the two colors 80% of the time and
failed 20% of the time.

What is the probability that the cab involved in the
accident was Blue rather than Green?

Research has shown that when presented with this problem or
variations of itp people tend to consider only the diagnostic
information (e.g., Kahneman & Tversky,1973; Lyon & Slovic,
1976). Therefore the answer, usually given to the above
problem is 80%.

The normative statistical model applicable In solving such
problems is Bayes' rule or theorem. It is useful in computing
probabilities of various hypothesis which have resulted in a

I S ' jW'VuVU
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given event (BDyth-MArom & Fischhoff, 1983). Bayes' rule
maintains that in re-evaluating the' state of the world, one
should consider both the new evidence and previous knowledge.

This rule is formulated as follows.

P(EI) * P(A/El),
P (El/A) a

P(El) $ P(A/El) + PCE2) * P(A/E2)

Where P(El) and P(E2) are the possible states of the world,
and P(A) is the new evidence.

Extensive research was done in order to find the conditions
under which base-rate information is neglected or used. Some
reseachers argued that the biased responses of their subjects
stemmed from the content of the problem story. Hammerton
(1973) asked subjects to solve base-rate problems in which the
diagnostic information referred to the degree of accuracy of a
medical diagnostic test. The results showed that subject's
judgment were dominated by the diagnostic information.
Hammerton argued that the reason for this result was that the
subjects had "rigid prior expectation" that such tests are
infallible, and therefore neglected the base-rate information.
When the problem story was changed to prevent this bias,
subjects' responses shifted from the diagnostic value, yet were
still higher than the bayesian answer.

Lyon & Slovic (1976) investigated the effect of various
aspects connected with the problem story on the degree of the
bias. They investigated aspects of content, extreme base-rate
values, presentation order of the information and response
format. The base-rate fallacy was observed under all of these
conditions.

There are many practical contexts, in which people use
.. diagnostic tools, in order to decide which of two, or more,

hypotheses is correct. Such contexts are, for example,
medicine, law, and especially intelligence and other military
"domains. In this cases, ignoring base rates, may have
undesirable and severe consequence. In light of the above
empirical evidence, it is vital to develop aids in order to
direct people in probablity assessment of this type.

I . . .. •



"Fischhof4, Sloviclk Lichtenstein (1979) developed the
Subjective Sensitivity Analysis (BSA) procedure. Using base-
rate problems, previously involved neglect of base-rate, the
BSA procedure, directed the subjects to first consider how they

would perform the same Judgment with various base-rate values,
and only then respond. The results showed that this procedure
affected subjects's judgment in the sense that they were closer
to the normative (Bayesian) answer than is usually found.
However, this improvement was not generalized. That is, after
solving base-rate problems, using the BSA procedure, subjects
had to solve other similarly structured, base-rate problems,
without BSA. Again, the base-rates were ignored.

Fischhof4 & Bar-Hillel (1984) further investigated the
effect of the GSA procedure. They found that although SSA
consistently increased usage of base-rate information, it did
so as a mechanical procedure, rather than contributed
qualitatively to subjects' comprehension.

Fischhof4 & Bar-Hillel also tested three alternative
techniques of enhancing a variable's salience (focusing
techniques): Isolation Analysis (IA), which encourages
subjects to consider each information in turn, judging how they
would respond if it was the only information available, Minimal
Focusing (MF)p which instructs subjects explicitly to consider
both items of information, and Balanced SSA (BSSA) which
applies SSA separately to both items of information. These
techniques were effective in changing subjects' performance, in
the sense that subjects did not ignore the base-rate
information. However, this change can not be attributed to
better understanding, since the base-rate information was also
considered when subjects responded to other problems not
requiring utilizing the base-rate information.

Fischhoff & Bar-Hillel concluded that "It is not enough to
motivate subjects or clarify instructions or give problems with
a familiar content. In order to improve intuitive judgement a
manipulation must constructively change the way in which people
concepualize a problem, or give them new cognitive skills with
which to examine it. Thus, instead of debiasing procedures,
there may be a need for training programs" (p 193).

The effectiveness of various structuring aids, in solving
base-rate problems, was investigated by Lichtenstein &
MacGregor (19B5). Their subjects were required to solve base-
rate problems under the following experimental conditions:

-kM-* -V WI Al AAV '%. V
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a. Control. In this condition, the subjects had to solve
the problems without any aid.

b. LLI&. In this condition, the subjects had to list
factors, that they believed were relevant to the answer;
this was done before answering the problems.

c. alig in. In this condition, the subjects were given a
full algorithm specifying all the stages of the correct
solution. They were required to extract the information
from the problem, assign it according to the
instructions and do the specified arithmetic.

d. Tutgri&l. In this condition, the subjects read a seven-
page tutorial, specifying the way of solution and
explaining why this was the correct one.

The results shown that the list condition had no effect.
On the other hand, the algorithm and the tutorial aids did
affect performance. However, generalization was observed only
for subjects, previously aided by the tutorial. This was
manifested by the fact that some of these subjects were able to
solve a second base-rate problem, without the aid of the
tutorial.

Lichtenstein & MacGregor (1985), concluded that "the
tutorial approach holds great promise" (p. 20), since their
results had shown that subjects can be taught how to solve
base-rate problems successfully, in a relatively short period
of time, without individual tutoring, practice, or feedback.
This tutorial, howeverp led to systematic errors in calculating
the target probability. In their opinion, this conceptual
problem might be rectified by re-writing and expanding the
tutorial.

The tutorial aid should be modified, not only in order to
over come "built in" errorsp but also to increase its effect on
the user. In addition, it is important to examine the

-" applicability of this aid to various populations. That is, the
* subjects who participated in the above were American college

students. Different populations have unique and specific
characteristics, that may effect the capability of their
members to learn and generalize the material, presented to them
by such aid. Therefore, it is important to examine this aid,
and any modification applied to it, on various populations.
One important population is the military one, whose members are
potential users of cognitive aids. This population is

A k, "1ýz
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characterized by a unique way of thinking, and furthermore,
these tasks are usually performed under conditions of stress.

One purpose of the present study Is to test the
applicability of the tutcrial aid, employed by Lichtenstein &
MacGregor (1985), to Israeli university students. The second
purpose is to modify this tutorial in order to obtain the above
goals. An additional purpose is to test the effectiveness of
the modified tutorial on Israeli military population,
especially under time stress conditions.

The basic concept underlying this modification is Paivio's
dual coding hypothesis. According to this hypothesis, learning
involve bnth mental images and verbal processes$ operating
simultaneously (Paivio, 1971). The tutorial, used by
Lichtenstein & MacGregor (1985), verbally explained the base-
rate problem and the way of solution. This natural language
mediation is a verbal strategy for learning process. Imagery
can be used as a non-verbal strategy for learning process.
That is, images can be used as a way of organizing verbal
items. This method is an effective mode of learning (Adams,
1976). In the modified tutorial, the material is presented
both verbally and by images. This is called Training by Mental
Image (TbMI). The actual images used, are based on the concept
of representation by Ven Diagrams. The application of images
can contribute to a better understanding, by turning the
somewhat abstract situation, described in base-rate problems,
into a more concrete and clear one.

An effective aid is one that improves intuitive
performance, and gives new cognitive skills. Such an aid
should be effective regardless of variations of content and
structure. One content factor, which is another source of
emotional stress, that can influence performance, is risk. For
example, in solving base-rate problems, the two types of
information are interpreted and their relevance is determined.
If a problem's content indicate some risk, it may influence
these interpretations and the judgement of relevance. This may
cause one type of information to be Judged as more salient and
thus, the availability heuristic may be used. That is, thL
more salient type of information will be judged as more
"relevant, and therefore will be the only basis for assessing
the required probability. However, 1f the aid is effective,
the salience of one information would not influence the
conceptualization of the problemp and the assessed probability.
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The effectiveness of the modi4ied tutorial, will also be
examined when the problem content indicates various levels of
risk. It Is hypothesized that if this aid is effective, it
will remove the influence of the risk elements.

Exoeriment III

Experiment III is a partial replication of Lichtenstein &
MacGregor, (1985). Of the four experimental conditions
employed in the original study, only the algorithm and the
tutorial condition were used in the present one. This
conditions were selected, since they were found to be
effective. The purpose of Experiment III was to test the
effectiveness of these aids in solving base-rate problems, on
Israeli student population.

Method

rk•._ a. Sixty students participated in Experiment I11.
The respondents were recruited from the Tel-Aviv University
Introductory Psychology subject pool.

Base-Rate problems. The experiment employed the Light Bulb
and Dyslexia problems used by Lichtenstein & MacGregor (1985).
The problems are presented in Appendix D. All aspects of the
problems were accurately translated into Hebrew.

Exoerimental design. Two independent variables were
manipulated in this experiment: Aid type and Problems' type.

Type of aid. In the first condition, subjects were aided
by an algorithm in answering the first base rate problem. This
condition is denoted AL. In the second conditionp subjects
were aided by a tutorial. This condition is denoted TU. Both
the algorithm and the tutorial were adopted from Lichtenstein &
MacGregor (1985). The algorithm, and the tutorial (Light Bulb
version) reoorted in the original study, were translated to
Hebrew. A corresponding algorithm was composed for the
Dyslexia version. The algorithm and the tutorial are presented
in Appendix E.

Problems' type. As in the original study (Lichtenstein &
MacGregor), in one condition, subjects received the Light Bulb
problem as a training problem. In the other condition,
subjects received the Dyslexia problem as a training problem.
Both problems were o4 similar structure, but the diagnostic
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* information in the Light Bulb problem related only to the
* probability of correct diagnosis, while in the Dyslexia

problem, it related also to the probability of incorrect
diagnosis. For all the subjects the first problem, used as
training, was given with either the algorithm or tutorial as an
aid. The second problam, used As a generalization problem, was
presented without an aid.

The experimental design with two independent variables,
which make up 4 deffrent groups, is presented in Table 16.

Tabi. 181 The Experimental, Desicn- Of Extoeriment III

TYPE OF AID

TRMAINNG ALOReM UORA

XI-

LhX ft~pdepArt variables. Three dependent variables were
measured in this experiment: response mode, and the degree af
confidence and reasonableness for the training problem.

Rnsaon~sg mode. Subjects' probability assessments for each
problem were classified as follows:

"Correct" - If subject's answer was equal to the normative
solution according to Bayesp Theorem.

"'Diagnostic" - If subject's answer was equal to the diagnosticI value given in the problem.
"Base-Rate" - If subject's answer was equal to the Base-Rate

value given in the problem.

"Conditional" - If subject's answer was equal to the Base-Rato
value multiplied by the. diag~nostic value.

"Other" - If subject's answer wasn not equal to any of the
above values.

Degree of confidence. After completing the training
problem, the subjects had to rate the degree of confidence they
had in the accuracy of their responses$ on a scale of 1 to 7,
ranging from-, "not at all confident" (1) to "very confid-?nt"
(7).
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Reasonableness. The respondents answered "yes" or "noll, to
the question "Dows the answer you have reached seem reasonable
to you?"1. If they answered "no", subjec-.s in the algorithm
group were also asked to provide a reasonable answer.

ProcedureI. The subjects were randomly assigned to four
groups of 15 students. They were run in groups of 3 to 5
people In small classroom at the university.' During the
sessions, pocket calculators were supplied, in order to avoid
arithmetic errors, which might affect the assessed
probabilities, in solving both problems. The experimental
sessions wvere the same for all the groups. Subjects first read
the instructions, and thean solved the training problem (Light
Bulb or Dyslexia) with the aid of the tutorial or the
algorithm. All materials used in the performance of the
training problem were then collected and subjects were asked to
work on the generalization problem (Light Bulb or Dyslexia)
without any aid.

Results

Response cate ories

The distributions of subjects' response mode in both
problems whether aided or unaided, are shown in Table 19.

Table 19a Freguencies and Prooortions of Subjecýýs' Re1oonse
Mode for Trainina and gieneralizationprqbpj~l

1A0 iAT 3
- 321% 3.2.1% 10.34% 10.34%

0ODTOA 1 3 60
-'0% 0.5% 10.34% 20.48%

0 0 1 6

32.14% 2%20.68% 2.3
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The data in Table 19 show that the proportion of "correct"
Sresponses for the training problem is almost the same for both

Al (39%) and TU (36%) groups. On the other hand, when
* considering the generalization problem, this proportion is much

higher for the TU group (56%) than for the AL group (10%). For
both aid types, the proportion of "correct" responses is higher
for the Light Bulb problem than for the dyslexia problem, when
given as training problems. When given as generalization
problems, this proportion is equal for the group aided by the
algorithm. For the tutorial group this proportion is much
higher for the Light Bulb problem than for the Dyslexia one.

A chi-square test performed on the response frequencies for
the training problem, failed to reach significance. A
significant effect was obtained, however, for the
generalization problem (chi-square=16.31, df=4, p<.01).

"* Conflidec__e

The mean confidence ratings are shown in Table 20, for all
subjects in each aiding condition and for each base-rate
problem (across groups).

Table 20: Veans of Confidence Ratinos nfor Training Problems

GRU .UTOýRIAL ALOIHMARS RUPS
PROBLEM OR___,_H_,M._ A__ __ _ _-_C ____R_:_0

LiHTBUB3.33 5.27 4.3

DYSKEA 3.73 4 3.86

PI PROBLEM S 4.66 3.35 4.8

Table 20 indicates that subjects reported higher confidence
in the accuracy o+ their answers to the Light Bulb problem than
of the answer to the Dyslexia problem. Subjects in the TU
qroups reported higher confidence than those in the AL groups.

A t-test performed on the difference between confidence
ratings of the two groups was found to be significant (t-2.45
d+-57 p<.01). The difference between confidence ratings %ir
Light Bulb and Dyslexia problem failed to reach significance.



SReaSonablenegss

The proportions of "yes" and "no" answers to the question
"Does the answer you have reached seem reasonable to you?" are
shown in Table 21.

Table 211 Proportions, of Reasonable and Unreasonable
Responses for-Trainino oro . .ms

'.4" .66% 114.28"% 31%: 3•:• 6,0 % 5.71% 18 3 3 41.377% 11.53% 27

.. .53.33% 80.71% 69% 2 91.6% 78% 58.63% 88 73%

The proportion of subjects reporting of reasonable answers
(an5wered "yes" to the above question) was higher for the
Tutorial group (41%) than the Algorithm group (12%). A chi-
square test on these data was significant (chi-square-4.74,
df-l, p<.05).

Experiment III examined the effectiveness of the algorithm
and tutorial aid in solving base-rate problems, on an Israeli
students sample. The results showed that both the algorithmic
aid and the tutorial aid were effective, as direct aid, and led
to higher proportion of correct responses. Howeverp the
tutorial aid led to essential change in thinking and in the way
subjects' conceptualized the problems, as manifested by the
generalization observed under this condition. The poor
generalization found for the algorithmic aid, indicates that
this aid was technical and did not give the subjects new
"cognitive skills with which to examine the base-rate problem.

This is also supported by the degree of confidence and
reasonableness, reported under the two aiding conditions.
Subjects aided by the tutorial reported higher degree of
confidence than those aided by the algorithm. The proportion

of subjects reporting tf reasonable answers was higher for the
subjects aided by the tutorial than for those aided by the
algorithm.



algorithm.
An interaction existed between the aiding method and

problem type which determined training effectiveness. The
tutorial aid wns more effective, in solving the Light Bulb
problem, than in solving the Dyslexia one. Had this difference
between the two generalization problems been observed under
both aiding conditions, it would have indicated that this was a
result of the different content and structure of the problems.
Since this is not the case, it may indicate that the
explanation was not clear enough and had only limited
contribution to the understanding of the situation described in
base-rate problems.

Experiment IV

Experiment III examined the effectiveness of the algorithm
and tutorial for aiding Israeli students in solving base-rate
problems. The results showed that, although both aids were
effective, only the tutorial led to generalization of the
correct way of solution. Experiment IV was designed to further
develop this aid by introducing mental images. This was tested
on military population, using base-rate problems of military
content, and under normal and time stress conditions.

Method

Subjects. Two hundreds twenty-two IDF maintenance junior
officers participated in Experiment IV. The subjects have had
secondary education.

Base-Rate frobleps. All the subjects were asked to solve 6
different Base-Rate problems. The problems are presented in
Appendix F. All problems were similarly structured. Each
contained base-rate information about a certain phenomenon,

* information about the degree of accuracy of a given diagnostic
device, a - a question concerning the accuracy of a particular
"diagnosis. Subjects were to answer in terms of a probability

* .or a percentage as discussed below.

The Color Blindness problem was used for illustration, the
Parachute and Jaundice problems were used as training, and the
Missile, Seals and Masks problems were generalization problems.

The three generalization problems were of a military
content, which was relevant to the subject pool, and were
presented in three different forms specifying different levels
of risk: neutral, general and personal (see Appendix F). The

Vv .' -w ý -A k1.'" 11 -III I
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Missile problem read as follows"
Intelligence sources revealed that a hostile Army had

purchased sophisticated 6-7 anti aircraft missiles.

Israeli industry had developed a special device,,.
capable of receiving the signals broadcasted from anti
aircraft missiles that enabled identification of missile
type. The device is known to be accurate in 80% of the
cases, that is, a G-7 missile type and missiles of "other
types' will be correctly identified as such in 80% of the
cases. Knowledge of the exact type of missile, improves
the defense profile an aircraft flying in a bound area.

Researches done by the Tactical Warfare Development
Committee show that the chances for launching a G-7 type
missile is 10%.

"An anti aircraft missile has been sent to a certain are
and was identified by the device as being of type G-7".

What are the chances that this missile is really-a tvye 6-7
missiile?

Egperimental design. There were three independent
variables: Provision of an aid, time restriction and levels of
risk.

The TbMI Aid: In the aided condition, (denoted A) the
subjects were presented with a tutorial, which was a modified
version of the one used by Lichtenstein & MacGregor (1985).
The modification involved changing only the mode of
presentation of the problem situation, not the method of
calculation (which was an expansion of the explanation of base-
rate problems given by Beyth-Marom, Dekel, Gombo, and Shaked,
1985). The Tutorial (shown in Appendix G) contained a detailed
analysis of the situation described in the Color Blindness
problem, represented pictorially. A "true" structure was used
as the method of focusing the subject on the target sub-
populations. (i.e., those who were diagnosed as color blind,
and of those diagnosed as such, those who w*re, in fact, color
blind). The tutorial was accompanied by verbal explanation and
slides. This was 'followed by the two training problems
(Parachute and Jaundice). After completing the first training
problem, these subjects were given feedback by showing them the
correct solution. In the unaided condition, (denoted UA) the
subjects read a short essay discussing general statistical
subjects.



Risks In the neutral condition (denoted NR), the subjects
* hal t6 solve generalization problems describing situations of
. • neutral risk. By "Neutral risk' is meant that in the problem

it was not indicated of any danger to the reader himself or to
relevant others. For examples

"An anti aircraft missile has been sent to a certain are
and was identified by the device as being of type 6-7".

In the general risk condition (denoted GR), the subjects
had to solve generalization problems specifying general risk.
By "General Risk" is meant that in the problem a hint of
potential danger to some one other than the reader him/herself
was given. For examples

"An anti aircraft missile has been launched to a certain
area where only Israeli aircraft fly, and was identified
by the device as being of type G-7".

In the personal risk condition (denoted PR), the subjects
were given generalization problems specifying personal risk.
By "Personal Risk" iT meant that the problem described
situations endangering the reader himself. For example:

"Suppose you are a pilot flying an Israeli aircraft. An
anti aircraft missile that had been launched to the area
where you are flying was identified by the device as
being of type G-7".

Time restrictions There were two time restriction
conditions. In the unlimited time condition (denoted NTL)p the
subjects were to solve each generalization problem without any
time restriction. In the limited time condition (denoted TL)p
the subjects had to solve each generalization problem within 4
minutes. The 4 minute limit was determined by running the
NTL/A groups first, and measuring the time required to solve
each one of the generalization problems. The time limit for
the "time restricted" groups was chosen by taking the lowest
time-to-solution with the highest frequency, provided that two
or more subjects achieved that time-to-solution.

The experimental design with three independent variables,
which make up 12 groups, is presented in Table 22.

1r% W U. VI %eU q



Table 221 The ExperiMental Dg•LW__pj_&LkUn=_ rffMJ.

* -; UNLIMITEDýVLMTED,/. __ /L.
NEUTRAL

A GENERALWIPER SONA'L - _ ,,, . ,

AIDED UNAIDED.

AID
IfThdepadent aArismabi.. Four dependent variables were

measured in this experimenti response mode, the degree of
confidence in the accuracy of their answer, reasonableness and
subjective mental load.

Response mode. The answers to each generalization problem
were classified in the same manner as done in Experiment I11.

Confidence. The degree of confidence in the accuracy of
each response was rated in the same manner as in Experiment
III.

Reasonableness. As in Experiment 111, the respondents
answered "yes" or "no", to the question "Does the answer you
have reached seem reasonable to you?".

Subjective mental load. After completing all three
generalization problems, subjects filled the subjective mental
load-questionnaire$ used in Experiments I and I1.

P'rocedure. The subjects were randomly assigned to 12
groups of 15 to 20 officers, each was run separately in small
class rooms at an army base. The instructions preceding each
session indicated that the purpose of the study was to examine
the ways in which people solve various problems. It was
eInphasized that participation in the experiment was anonymous,
and that subjects' performance would not affect their career.
During the sessions, pocket calculators were supplied for use,
in order to avoid arithmetic errors in solving the problems.
The experimental sessions were the same for all the groups.
Subjects were given a brief introduction to the study and then
filled in a standard form containing details such as age, sex,
months of service, current Job, command experience, education
and the like.
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All subjects were first administered the Color Blindness
problem. After sol~ving this problem the subjects read the
tutorial or the general essayp accompanied by the verbal
presentation and the slides. This was followed by the training
problems. During training, the subjects who read the tutorial
were provided with fenedback, and were allowed to ask questions.
All material used in the performance of the above problems were
then collected, and subjects were asked to work on the
generalization problems, again unaided. At this point, the
risk aiid time restriction conditions were manipulated, without
prior notice, i.e., subjects were not told at the beginning of
the experimental session, that they would be time-restricted
later. The respondents final task was to fill in the
subjective mental load questionnaire.

Validity of Time _6trgssa manLioRul~t~f

The time stress manipulation was validated based on
subjectsP subjective ratings of time stress (Appendix B4, item
5). The mean ratings and s. d. for all the groups are
presented in Table 23.

Table 23: Means and standard Deviations of Timj, Stress
Ratina Jjjooe-r NO.O Mean: Lowler Nogý SS.d.

UNLMIED 1.81 1.45 1.61
1.53 1.14 1.34

LIITD 2.78 1.58 2.17
1.62 1.10 1.50

.1OTAL 2.31 1 1.61 1.89

1.64 1.12 1.44

Table 23 shows that the mean rating for all the TL groups
across the "laid"e and "'risk" conditions is higher than the mean
rating for the NTL groups.
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. An analysis of variance performed on these data showed a
significant main effect for time limit (F(1,192)-7.88, p<.01).
The aid x time limit interaction was also found to be

S" significant (F(1v192)w5.06)0 p<.01). This interaction is shown
in Figure 1.

3.0

2.5

2.0 LIMITED

TIME
STRESS 1.5

(MEAN
RATINGS) UNLIMITED

TIME
1.0

0.5

0.0 I
AIDED UNAIDED

Figure It Mean Time Stress Ratin-s-as EWnction of Time
Restriction and Aidina Conditions

Resoonse Catenories

The Aidina Manioulation

A and UA groups. The distribution of subjects' response
mode for each generalization problem is shown in Table 24.

Table 24 shows that in the UA groups, the most frequent
response category is the "diagnostic" one (56% for Missile, 53%
for Seals and 49% for Masks), while the proportion of "correct"
responses is always 0. In the A groups the most frequent
category is the "correct" one (48%. for Missile, 62% for Seals,

ar NO ¶L R^APA*
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and 65% for Masks), while the proportion of "diagnostic"
responses is very low. Note that the. proportion of
"conditional" responses in the A groups (21%. for Missile, 20%.
for Seals and 23% for Masks) decreased relative to the UA
flraucs,

Table 24v Freouuncieg and Proportions gf Subjectu' Resmonse
Made for Each Generalization, PrqblejM

53 23 3 22 12
CONDITONAL 8.38% 261% 62.77% 190% 09% 2.2

OTHER5 50 20 337 3 2

45.45% 227% 28.7 24.32% 22.77% 23.63%

A chi-square test on these data indicated a significant
difference between the response distributions of the A groups
and the UA groups for Missile (chi-squareul36.78, df=4,
p<.Ol)p Seals, (chi-squarew127.46p df=4p p<.O1)p and Masks
(chi-square=124.50, dfw4, p<.01).

The proportion of correct responses across all three
generalization problems was computed for each subject. This
proportion is, on the average .57 for all the A groups and 0
for all the UA groups. Analysis of variance on these data
showed a significant main effect for aid type (F(lIv62)-248..958
p<.01).

NTL/A and NTL/UA groups. The distribution of subjects'
responses, with regard to the NTL groups, to each
generalization problem is shown in Table 25.

The data in Table 25 show that the proportion of "correct"
responses is higher for the A/NTL groups than for the UA/PITL
groups, and the proportions of "conditionial" responses in the
A/NTL groups decreases relative to the UA/NTL. groups.

11 AN A C11) 4
111'4CI I~
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Table 251 Freouencies and Proportions of Subjects' Resgonsg
Mode for Each rGeneralization Problam for: NTL

37 4 05 0 i~-
ASE5ATE' 2% 7.400 .% 61.93% 0.s% _

1 132 3 14 4 19
C5DTOA .35% 23.214% 5.5 25% -.9 4.7

0% .14 0% 3.3%3.92%3.%

S19 7 13 11 12 1
OTHR .gv.12.% 3.3% 19.64% 23.07% 21.42%

-3.2 -25 36% ... a...

A chi-sq~uare test performed on these data indicated a
significant difference between response distributions af the A
NTL groups and the UA NTL groups for Missile (chi-squarew76.85,
d+-4, p<.O1), Seals (chi-square=69.32. Jfa-4p p<.01) and Masks
(chi-square-67.640 d+-40 p<.01).

The distribution of subjects' responses, when considering
the TL groups$ to each generalization problem is shown in Table
26.

Table 26: Freguencigs and Pr~opor~tion3s of Sub~ect%,:_F.pn
tLod e fo~r _.Each Generalization ProbleM for .TL.

3TE 7.3% 205% 33.96% 2909% 22.21% 259%

29313
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Again, the data in Table 26 indicate tha~t the proportion of
"correct" responses is higher for the A/TL groups than for the
UA/TL groupas and the proportions of "conditional" responses in
the A/TL groups decreases relative to the UA/TL groups.

A chi-square test on these data indicated a significant
difference between response distributions of the A groups and
the UA groups for Missile (chi-equare-6l.13, df-4p p<.Ol)p
Seals Cchi-squarein63.03, df-4. p<.O1) and Masks (chi-
square=57.SB, df-4p p<.01).

Risk. The distribution of subjects' response mode, in the
various risk levels groups, to each generalization problem Is
shown in Tables 27 to 29.

Table 271 Ertguencies an~d Prooortions of Subjects' Resgonse
Mode f.or Each Generalization _Problem for _Nutr~al
Ri-sk Grouos

........... 2 0 210 2

0%: . 0% 5.55% 61.11%32% 6.3
.1 22 01 0

AS AE 2.77% 61.11% 0% 2.77% 0% 1.8

OfDTQIL2.77% 13.88% 0% 11.11% 0% 0%
13 13 9 6
36.11% t25% 36.11% 25% 25.8% 18.18
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Table 28s Froauengialu and Prougrtions of Subjects' Resoonst

Mode for Each Generalization Problem for rgeneral

0 2 3 0 1 9 10
DASE.19 0AE 0 .4 % 27%53.03% 3.%

CODI2OA 20 10 1 1

5.71% 24.32% 2.94% 27.02% 3.03% 33.33%-

OHR16 7 9 IC 8 1
47.71% 18.91% 26.47% P.7.02% 24.24% 3.7

Table 29: Fryouencits and Proportions of Subjects' Respgonne
Mode fgr--.a-ch Generalization Probilem-for P!erasoial
Risk IGrouu%

RESPONSE IE NI~DADD UADD ADD UAD.

DIGOTC 2.56% 55.55% _5.6 55.26% 5.4% 44.73%

M1 9 2 a0i
ONTIN A 2.56% 25% 5.26% 21 .05% 0% 26.31

THR21 4 9 8 7 9
53. 8 404,l1.11% 23.68%1 21.05% 18.42% 23.68%
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As for-Time limit and Aidp the data in Tables 27 to 29
* 'ndicate that the proportion of "correct" responses Is higher

for the A groups than for the UA groups, and the proportions of
"conditional" responses In the UA groups decreased,,for all

* risk levels.

A chi-square test%. on the data for each risk level,
indicated a significant differences between response
distributions of the A groups and the UA groups for each
generalization problem. The test results are summarizud in
Table 30.

Table 30: Chi-Spuare Test* Resul-ts-o-f Sublects Response
.A Al -eeaiation Problems. for Each
ji~sjkLeveL (Uoper -No.-Chi-Sguatre. Middle No.-df
Lower No. mSioni-f icance)

RISK
NEUTRAL ~ GEEAL PROA

PROBLEM -____ ____

MISIE43.57 42.15 54..12
3 4 4

__________ 0.00 0.00 0.00

43.39 4.642.68
SELS .4 4 4
__________ 0.00 0.00 0.00

48.20 32.95 47.29
MAS1KS . 4 4 4

... . .... . _ 0.00 0.00 0.00

DXe Tinm Limit Majniodlation_

This manipulation seemed to have only a minor effect on
response distributions. The response distribution for the TL
groups and the NTL groups are shown in Table 31. A chi-square
test comparing the responses distribution of the TL time and
NTL groups failed to reach significance, except for Missile
problem (chi-squareinl0.10, d4- 4, p<.05). This indicates a
greater proportion of "correct" and "diagnostic" responses in
the NTL groupl, and a higher proportion of "other" responses in
the TL groups. Significance was reached for the following
specific comparisons:



-44-

Table 31: Freauencies and Prooortions of Qubimc-tse-Aes"one-
~ .Mode for Each Gener-alizatioan P~roblem= or TL and

DIGOTI 9 37 33 27 3

31.3% 27.1% 27.0% 30.6% 25.0% 33.0%

AEsAE. 4 1 3 2 3 6BAS RAE 36% .0% 2.7% 1% 2.8% 5.8%

14 13 16 9 19 7
CNIONL 12.5% 12.1% 14.4% 8.3% 17.6% 6.8%

OHR26 44 24 34 24 25

*23.2% 41.1% 21.6%1 31.5% 22.2% 24.3%

For the Missile problem only - the proportion of "correct"
responses in the A groups, is higher for the NTL groups than
the TL groups (chi-squAre-1O.04, d4=39p<.05).

For the Seal problem only - in the A/NR groups, the
proportion of "correct" responses is higher -for the NTL groups
(chi-squarern11.57, df4-4 p<.05).

For the Masks problem only - in the UA groups, the
proportion of "diagnostic" responses is lower for the NTL
groups, while the proportion of "conditional" responses is much
higher (chi-square-8.270 df-3, p<.05). In addition, in the
UA/GR groups, the proportion of "diagnostic" responses is lower
for the NTL groups, while the proportion of "conditional"
responses is higher (chi-square-8.76, d+-3, p<.05).

1h~e R~IL. ftnivutl ion

The risk manipulation was found to have no effect on

response distribution under any of the conditions.
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The mean confidence ratings and s. d. for each
generalization problem are shown in Table 32.

Table 32: Mean -and s.d. of Confidence Ratings_ For all

RESPONS AIE ::. ý.'x;UNAIDED;. :ADE!' ý:UNAIDED.,I•
Xi

5.2 5.02 5 .67 ! 5.02 5.6 5.10
1.5 1.57 I .69 1.56 1.0 1.34

5.17 5.58 6.17 5.69 6.29 5,86
1.51 1.67 1.33 1.39 1.64 1.49

Table "2 shows that, for all three generalization problemL,
the mean ratings are higher for the NTL groups than the TL
groups. The mean ratings are higher for the A groaps than for
the UA groups, for the missile and masks problems. For the
seals problem, the mean ratings are higher for the UA group
then the A group under time stress conditions. With regard to
the risk groups, the ratings are highest for the NR groups,
followed by the GR and then the PR groups.

Analyses of variance on these data for each generalization
problem, indicated significant main effect of time limit, for
the Seals (F(1,176ý=8.71, p<.01) and Masks (F(1,176)=10.51,
p<.01) problems. A significant main effect of aid conditinn
was also found for the Seals (F(l9176)0=.45, p<.01) and Masks

*• (F(1,176)=7.58j p<.O1) problems. The two-way interaction
effect of time limit x risk was significant for the Seals
problem (F(1,176)=5.23, p<.01). This interactions is shown in
Figure 2.
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Figure 2a M1e .-Conf ence Ratings as Fun!ction of Time~
Restrirtp -and Risk Conditions

6.5 TUNLIMITED

6.0 1 1'IME

5.5

4.5 TIMIED
4.0

CONFIDENCE 3.5
(MEAN

RATINGS) 3.0.
2.5.
2.0-

1.5

1.0

0.5

0.0 I

NEUTRAL GENERAL PERSONAL

An overall measure of confidence was obtained by averaging
the ratings across all three generalization I.roblems. The mean
confidence ratings alid s. d. for the various groups are shown
in Table 33".

Table 33: (leans and s~d.. of Confidence Ratinas for all

UNIIE.97 5582 5.6.2 4.8 5913 .3 5.86

1.45 1.28 1.04 1.06 .98 1.37 1.22

5.90 : 5.52 5.92 5.43 5.45 5.5A 5.60

-. - ... . ................. .
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Estimation problems

* Vl. How much food (in Kg.) does an average percon consume
during his entire lifetime.

V2. What is the number of beds in all the general hospitals in
Israel?

V3. How many liters of water, for home usago, are consumed in
Israel during one year?

V4. How many cars are onwed by the' Israeli population?

V5. How many students graduate scondary school in a year?

V6. How many airplanes land and takeoff (in season) in one day
at the Ben-Gurion Airport?

V7. What is the number of members of the academic stuff
employed in Israeli universities?

VB.How many active bus drivers are employed in "EGED"?
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Subjective mental load ouestionnaire

1. What was the degree of difficulty you encountered in
answering the questions?

Very mEsy very difficult

2. How much thinking effort w~s required to answer the
quesi tons?

Little Effort ' A Lot of Effort

3. Was answering the questions tiring?

Not Tiring Very Tiring
at allL-.- V T

4. Was answering the question frustrating

Not Frustrating
at all Very Frustrating

5. Did you have enough time +or answering the questions?

Enough Time , , Not Enough Time
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Trainino for Usina Algorithmi"c Decomposition

In many situations in everyday life we have to make a vast
amount of decisions. Each decision is usually based on a set
of data concerning different aspects of the specific situation
at hand. For example, a commander has to decide how to deploy
his forces in a certain area. To make such'a decision, he

*needs a large amount of data. For instance, he has to know the
number of soldiers in his forcel how many arms are at his
disposal; the amount of available ammunition; what are the

* terrain conditionsl what is the enemy's troop deployment; etc.

That is to say that any and every decision must be made
after taking into account the answers to a series of questions,
some of them quantitative. Some of these answers are readily
available and easily obtained, e.g. the number of arms and
soldiers in the commander's force. Other relevant information
can be obtained through various military services. But in many
cases the necessary data is unavailable. In these cases we
must estimate the values.

If reliable decisions are to be made, then th2 estimates
must be made as accurately as possible. In addition, in many
decision making situations the time factor in very crucial, and
thus the estimates must also be made as quickly as possible.
For example, if the commander errs in underestimating thri
enemy's arms, he may decide on a force deployment that
endangers his soLdiers. Similarly, if he spends too much time
in gathering the relevant information his decision, although
correct, may be made too late.

Therefore, it is important that he uze a method which will
help him reach the most precise estimates possible, in the
shortest possible time. One of the possible methods is the use
of partial knowledge to estimate relat.ed quantities, and
applying this to generate the target estimate.

Research has shown that people tend to make lot of mistakes
when required to estimate unknown quantities. To be more
accurate and to avoid errors one has to use an effic.ent method
of estimation.

In this experiment you will be presented with a method
based on utilizing partial knowledge or sub-estimites of
related quantities. The method involves the following three
elements:
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1. The sub-division of the target question into a number of
sub-questions.

2. Assigning values to the sub-questions.

3. Combining these values, by rule, to arrive at the target
answer.

The method is illustrated using the following example.
Suppose the question is: Wbh iLsIh number of beds in a
ce tAi n aen a CL~hpDi~ta!?

Since it is unlikely for this answer to be known, the
correct answer must be estimated. To do this the target
question must first be divided into sub-questions that are
related to the target answer. For example:

1. How many departments are there in a general hospital?

2. How many rooms are there in each department?

3. How many beds are there in each room?

In the next stage we can try to answer these questions.
The approp iate values may be available or more easily
estimated than the target value. For instance, based on the
knowledge we have, we can count the names of various department
and reach an accurate estimate. In the same manner we can
estimate the number of rooms in each department and the number
of beds in each room.

The next stage is to define a rule for combining the
v, ious values we have reached in order to arrive at the target
estimate. In our example, the rule is:

1. Multiply the number of beds in each room by the number
of rooms in each department. The result is the number
of beds in each department.

2. Multiply the number of beds in each department by the
number of departments in the hospital.

In this way we obtain a value which is an accurate estimate
of tt-. target value. This value may be not identical to the
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. target value, but it is probably a good approximation of the
real value and more accurate than any guess.

* The set of sub-questions and the rules for combining the
estimated values are called Algorithm.

There are many ways to compose an algorithm. For example
one can retrieve from one's memory partial knowledge which Is
relevant to the target value, and define a rule for combining
these pieces of knowledge. It is also possible to develop a
set of sub-questions and a rulep and estimate the values
required by the sub-questions.

Algorithms can involve sub-estimates of values that are
larger or smaller, in magnitude, than the target value.
Algorithms can involve integers or fractions (proportions),
e.g., the proportion vs. the number of smokers in Israel.

In defining an algorithm one has to use appropriate
measurement unitsp for example the distance between point A and
point B is best estimated in Km. than in Cm.

It is advised to avoid composing very long algorithms,
since a long one may increase the error in the target value,
and lengthen the time required to reach it.

The above method can be applied when estimating the

following quantity:

How many cinarettg ae manufactured ael

We will define an algorithm that will aid us in making as
accurate an estimate as possible. Work according to the
following stages:

a. Lqcate relevant knowledge domain.

At this stage we have to locate and count relevant domains
of knowledge, on which we can base rules of calculations in
order to answer the target questions. We therefore have to find
topics for which we have available knowledge. For example, we
can define rules of calculations according to one of the
followinq domains of knowledge:

1. The consumption of cigarettes in Israel.

2. The production capacity of cigarette manufacturers in
Israel.
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3. The amount of cigarettes sold in Israel.

b. Determine the knowledae domairnon which thu alaorithm will

At this stage we have to examine each domain of knowledge,
and decide which one offers the most available information.
For example, we will oxamine the amount of information required
for estimating how many cigarettes are manufactured in Israel
in a year, based on to the consumption of cigarettes in Israel.
This information caLn be as follows:

1. The number of smokers in Israel.

2. The number of cigarettes consumed by each smoker in a
certain period of time.

Now we will examine the amount of information required for
this estimation, based on to the production copacity of
cigarette manufacturing factories in Israel. This information
can be as follows:

1. The number of cigarette manufacturers in IsraeL.

2. The production of each factory in a certain period of
time.

Finailly, we will examine the amount of information reqired
for this estimation, based on the amount of cigarettes sold in
Israel. This information can be as followg:

1. The number of stores selling cigarettes.

2. The amount of cigarettes sold in each store during a
I certain period of time.

Obviously the information available to each one of us is
different, and it is possible that one may prefer to compose

.. algorithms based on a certain knowledge domain, while the other
may prefer another domain. It is likely that, for most of us,
the most available and accurate information of all three
knowledge domains, discussed above, is the one related to the
consumption of cigarettes in Israel. It would seems easier to
estimate the number of cigarettes consumed by each smol:eer,
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and thus the consumption uf all smokers, than to count all the
stores and the amount of cigarettes sold in each one.

Therefore we will chooue knowledge domain (1)3 The

consumption of cigarettes in Israel.

c. Lgcate a basic information unit.

One we choose the knowledge domain on which the algorithm
will be based, we can start composing it. First we must locate
a basic information unit that will serve as the starting point.
This unit must follow the following criteriat

1. It must be relevant to the target question.

2. It can be assigned an estimable value.

3. Its value can be changed by adding new information.

A basic unit can be, for example, the average amount of
cigarettes consumed by one smoker per day. This will determine
one of the sub-questions in the algorithm.

d. Comoose the aloorithM

Based on the sub-question defined above, we will now define
other sub questions, each referring to any information that may
bring the initial value closer to the target estimate. Also,
we will define the rules of calculations according to which the
sub-estimates are combined.

The resulting algorithm may be as follows:

How many cioarettes are manufactured in Israel in a veer?

a. What is the population of Israel?

b. What proportion of the population smokes?

c. What is the number of smokers in Israel?
(Multiply (a) by (b)3.

d. How many cigarettes does the average smoker consume per
day?

e. How many cigarettes are consumed in Israel per day?



C-'

.Multiply (c) by (d)0.

f. How many days are there in a year?

g. How many cigarettes are consumed in Israel in a year?
(Multiply (e) by (f)3.

e. Makina the estimation

Now we will try to make the sub-estimates and generate the
target estimate. Please work according to the above algorithm.

After you have completed the cigarettes questiont consider
the following question:

How many Ka. of fish are cauaht in Israel in one year?

We will present you two different algorithms for making this
estimation. Read through the algorithms carefully and decide
which one is more effective and yield a more accurate estimate.

Alaorithff. 1.

a. How many fishermen are there in Israel?

b. How many Kg. of fish are caught by one fisherman in one
day?

c. How many Kg. of fish are caught by all the fishermen in
Israel in one day?
[Multiply (a) by (b)3

d. How many working days are there in one year?

e. How many Kg. of fish are caught in Israel in one year?
[Multiply (c) by (d)3.

Aloorlthm 2.

a. What is the population of Israel?

b. How many Kg. of fish are consumed by one person in one
year?

c. How many Kg. of fish are consumed by the entire
population in one year?
[Multiply (a) by (b)3

. ..
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d. What is the proportion of imported fish of all fish
consumed by the entire population in one year?

e. How many Kg. of fish are imported each year?
ClMultiply (c) by (d)3

f. How many Kg. of fish are caught in Israel in one year?
CSubtract (e) from (c)].a -

Which of the previous two algorithms seems more effective,
Sand why?

------------------------------------------------------------------------
-----------------------------------------------------------------------
------------------------------ --- ------------------------------------

When you have finished please report to the experimenter.

Ep• nt•njsJ~ From among the two algorithms presented above,
the more effective would seem to be Algorithm 2. The answers
to the sub-questions of Algorithm 2, are more available than
those to Algorithm 1.

In the course of this experiment you will be presented with
a number of estimation problems similar to those you have
solved. You are required to solve these problems according to
the method described above.

Before proceeding please reread the method, and if you have
any questions ask the experimenter.
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Baug-rate problems for Exoeriment-III

Thg Lioht Bulb Problem

A light bulb factory uses a scanning device which is supposed
to put a mark on each defective bulb it spots in the assembly
line. Eighty-five percent of the light bulbs on the line are
OK; the remaining 15% are defective.

The scanning device is known to be accurate in 80% of the
decisions, regardless of whether the bulb is actually OK or
actually defective. That is, when a bulb is good, the scanner
correctly identifies it as good 80% of the time. When a bulb
is defective, the scanner correctly marks it as defective 80%
of the time.

suppose someone selects one of the light bulbs from the line
at random and gives it to the scanner. The scanner marks this
bulb as defective.

What is the orobabilitv that this bulb is really defective?

The Dyslaxia Problem

Dyslexia iu a disorder characterized by an impaired ability
to read. Two percent of all first graders have dyslexia. A
screening test for dyslexia has recently been devised that
can be used with first graders. The screening test is cheap
and easy to administerl it identifies those children who will
later be given a more extensive test to determine for sure
whether the child has dyslexia. The screening test is not
completely accurate. For children who really have dyslexia,
the screening test is positive (indicating dyslexia) 95% of
the time. But it also gives a positive (dyslexia) result for
5% of the normal children, the ones who do not have dyslexia.

A first grader is given the screening test and the result is
positive, indicating dyslexia.

What is the orobabilitv that the child really has Dyslexia?

'- ,..-'~ p % *,.P~~-.-
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Tutorial (Liaht bulb version)

Consider the following problems

A cab was involved in a hit and run accident at night. Two
cab companies, the Green and the Blue, operate in the city.
You are given the following data:

a. 90% of the cabs in the city are Green and 10% are Blue.

b. A witness identified the cab as Blue.

The court tested the reliability of the witness under the
same circumstances that existed on the night of the accident
and concluded that the witness correctly identified each one of
the two colors 70% of the time and failed 30% of the time.

What is the probability that the cab involved in the
accident was Blue rathpr than Green?

Research has shown that people often have trouble answering
problems like this. In this portion of today's experiment, we
are presenting you with a mini-tutorial to see if instruction
will help you solve such problems. Please read through the
tutorial carefully. We have allowed time in the experiment for
you to do that.

The class of problems here addressed are problems for which
two kinds of information are given and a probability is
requested. One kind of information is about the population or
populations in question. The other kind of information is
specific to the case at hand.

In the problem given above, the population is the
population of cabs in the city. The population information is
tnat 90% of the cabs are Green and 10% are Blue. The specific
information concerns the specific cab that was involved in a
hit and run accident. The witness said that the specific cab
was Blue. But we also know about this testimony that the
witness is not perfectly accurate. The witness is able to
correctly identify the color of the cab 70% of the time.

The way most people usually go wrong in solving these

K -_ _ - _ _i
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problems is that they concentrate too much on the specific
information and tend to ne&lect the nogulJtJgn information.
Maybe the specific informatiQn seems more immediately relevant
to them. Or perhaps they jast don't know how to go about
combining the information tn produce a single answer. Here is
a way of doing just that:

Steo 1. Draw a table. Begin by drawing a "two-by-two"
table, that is, a diagram with two rows and two columns, like
this:

EI ,,

Step 2. Label the table. We'll label the columns for the
population information. The population is cabs in the city,
which are either Blue or Green. The rows get the specific
information, that is, the witness testimony, which was Blue--
but for completeness, we'll also label the other row Green,
because thap witness Qould have said Green. No now our table
looks like this:

Cabs in the City
Blue Green

Blu
Witness said: I I

Greet;I

Labeling the table is .iot quite as simple as it may first
appear. Notice that the sub-labels, "Blue" and Green", are the
Ism- for the rows and the columns. This should denerally be
true in such problems. It jould be a mistake to label the rows
"according to whether the witness was accurate or inaccurate:

Right
Witness said:

Wrong

The problem g be so.1,viad with such labeling, but not
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using the method we are teaching you here. In general, the
sub-labels are the two possible states of the world. The main
labels (e.g., "Cabs in the City" and "Witness saids") indicate
the source of information. One source is always population
information (here, the relative number of cabs in the city)l
the other source is always specific information (here, what the
witness said).

Notice that if there were numbers in the four cells of the
table, we could calculate row totals and column totals and a
grand total for the whole table. The places for these totals
are shown below with dashed lines.

Cabs in the City
Row

lue Green Totals:
Bl u

Witness said: fl--E -

brand
Column Totals: --.....- Total

Sten 3. Assion an ar itrý_gra•j total. ao Qt started,
we'll fill in the grand total. That should be the t~tal number
of cabs in the city. But we dor't know how many cabs therw are
in the city. So we pick an arbitrary totai of 1,00^. We could
use 10 or 100 (or any other number,, but using 1,000 will make
later calculations eat-,ier.

Cabs in -the City

•li I @is Green

Witness said:

Grc.3100

t • jte 4. Estimate the ý 1op~lation o10.tls. If there were
1,000 cabs in the city, how ma:ri of them would be Blue?
According to the story, 10% are Blue. That means 10 out of
every 100 or 100 out of every 1,000 are Blue. That number,

m - - . . . . . . . . . . . -
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S100# is the left column total. The rest are Green. So 1,000 -
100 - 900 is the right column total. We put these column totals
into the table:

Cabs in the City

Green ee

100 90 1000

WARNING. The method we're teaching you for solving these
problems won't work if you start out estimating the wrong

totals. It's important in this stop to correctly identify

which part of the problem gives pooulotion information and
which gives specific information that does not indicate any
specific case. The specific information fingers a particular
case.

Step 5. Fill in the cells. Working with each totals divide
it among its two cells. First, for the 100 blue cabs, how many
would the witness correctly see as Blue, and how many would the
witness incorrectly see as Green? The story states that the
witness is correct 70% of the time. So: 100 x .70 - 70 is the
number of Blue cabs the witness would correctly call Blue, and
the remaining, 100-70 - 30, are the number of Blue cabs the
witness would incorrectly all Green.

Now consider the 900 Green cabs. Again the witness'
accuracy is 70%: 900 x .70 = 630 is the number of Green cabs
the witness would have correctly called Green. This number,
630, eoes in the Green-Green cell. The rest of the Green cabs,
900 - 630 - 270, is the number of Green cabs the witness would
have incorrectly called Blue.

Our table now looks like this:

Cabs in the City

•lue Green

Blue 70 270
Witness said:

Green 30 63

100 :70 1000

P.k SA
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Comment. Notice that we now could, if we wished, find the
last two totals, the total number of times the witness would
have said "Blue", rightly or wrongly:

70 + 270 - 340

and the total number of times the witness would have said
"Green", rightly or wronglys

30 + 630 + 660

These totals are not intuitively obvious. The reason is
that these totals are the total number of times the witness
says "Green" and Blue". What the witness says dopends not only
on the witness' accuracy but also on the relative proportions
of Blue and Green cabs the subject might have seen. You have
to take both these facts into consideration to calculate the
totals. In contrast, the population totals make a lot of
sense, because they depend on only one kind of information, not
two kinds. The total number of Blue cabs in the city is
directly calculated as a percentage of the total number of
cabs, regardless of what the witness might testify. This
distinction is important because it shows you another way of
telling, in any problem, which is the population information
(that you start with in Step #4) and which is the specific
information. The population information is information that
directly translates into number totals. The specific
information is information that does not translate into number
totals because those number totals depend not only on the
specific information but also on the population information.

In summary, here are two criteria (one discussed earlier)
for telling which is which:

The pgoulat• n information:
(a) is general, background information and
(b) can be translated directly into number totals.
The specific information:
(a) specifies or identifies one case and
(b) cannot be directly translated into number totals

because those totals also depend on the population
information.

Stop 6. Cross out the false. The witness in the story in
fact testified that the cab was Blue. So the number of times
the witness might have said "Green" is irrelevant to the
problem. We cross out these false cells so we won't be tempted
to use them in the next step:

4'
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Cabs in the City

BIU• 70 270-
Witness saids

: Greeppo not 4orget to cross

100 900 1000

Step 7. Find the needed probability. The two remaining
cells arv what we need to answer the question. They show that
the witness would have said "Blue" o 70 times and would
have said "Blue" incorrectly 270 times. From these two numbers
we can get our probability.

If you're not used to thinking about probabilities, a nice
way to think about them is to imagine that you fill an urn with
70 balls labeled "cab is really Blue" and 270 balls labeled
"cab is really Green", for a total of 340 balls. Now sample
one ball at random from the urn. What is the probability that
the ball will be labeled "cab is really Blue?" the answer is
the number of "cab is really Blue" balls divided by the total
number of balls in the urn:

70 70
---------- --- =.21 (well, it;s really .2058...but we rounded it)

70+270 340

In other words, we divide the number in the TARGET cell tv the
jium of the two numbers left in our table. The TARGET cell is
the one cell identified by both the specific information given
in the problem ("a witness identified the cab as Blue") and the
question asked at the end of the problem ("What is the
prob'bility that the cab involved in the accident was Blue?").
So the target cell is the "cab is Blue/Witness said Blue" cell.

That it. The answer, .21, is the probability that the hit-
and-run cab was a Blue cab.

Are you surprised by the answer? Most people think that
the correct answer should be .70, the same as the witness'
Accuracy. They tend to forget the population information, that
is, they fail to notice that because there are so many more
Green cabs than Blue cabs, there are also many more
opportunities for the witness to be wrong when saying Blue.
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* et.- While It's not necessary to solve th& rblem, it
might help you to understand what's going on by thinking about
thise What if the witness had testified that the cab was
Greon? Look back at the last table, the one with two crossed-

*" out cells. Those crossed-out cells show 30 really Blue cabs
and 630 really Green cabs. So the probability that the cab Is
really Green, if the witness said it was Green, Lai

830 630
----------------. 95

630+30 660

This probability is higher than either the proportion of Green
cabs in the city (90%) or the accuracy of the witness (70.1).
That's because in this case both pieces of information-- the
population proportion and the witness' testimony, point in the
same direction, towards Green.

Intermediate probabilities like .21are found only when the
two pieces of information point in opoolite directions: the
witness said Blue but most cabs are Green.

That's the end of the tutorial. On the next page is a
problem for you to do. Before doing the problem:

1. Review the tutorial to make sure you understand it.
2. Ask any questions you have.

When you are ready, proceed to the problem on the next
page. We are interested in how effective the tutorial is in
teaching you how to do such problems. So while you are doing
the problem, feelJfrom toi

1. Review the tutorial again.
2. Use a hand calculator.
3. Ask question.

Please work the following problem using the method just
described. We've drawn you a table to work with

A light bulb factory uses a scanning device which is
supposed to put a mark on each defective bulb it spots in the
assemble line. Eighty five percent (85%) of the light bulbs
on the line are OK; the remaining 15% are defective.



The scanning device Is known to be accurate in 80% of the
decisions, regardless of whether the bulb is actually ok or
actually def ective. That Is, when a bulb is good, the scanner
correctly identifies it as good 80%. of the time. When a bulb
Is defective, the scanner c-irrectiy marks it as defective 80%
of the time.

Suppose someone selects ..no rf the light bulbs -from the
line at random and gives It to thus scanner.' The scanner mearI~z
this bulb as defactive.

What is the probability that this bulb is really defective?

------------.

a;teL DR~aw a table. Done.

Stepn 2. label-the table.

Stj 3 Asign an arbitrary gr-and otalj Use 1,000.

Sten 4. Ertimate the pgoulation-to .,''s. First decide which set
of ihformation is population information. Then divide thiu
1,000 into two parts, using information from the problem.

Ftr - Fill-in th-e-cellsi. Dividis each of your estimated
totals among its two cells, according to the information in the
problem.

Steo 6. CQross% out the-false. Cross out the two cells that are
* clontradicted by the information given in the problem.

.g,7. Find-the needed-probabililtv. Write the relevant numbers
* in the top and bottom o+ the fraction and convert the fraction

to a decimal answer.

# in target cell
---------------- ~ ~ ~ ~ ~ - - - - -- - - - - - -answer.

Sum of 4*'s in both cells
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* Aloorithm for the light bulb orobleM

A. Out of 1,000 light bulbs produced by the factory, How
many are defective? Multiply the percentage of
defective bulbs by 1,000. (First convert the percentage
value to a decimal value before multiplying).

1,000 x ........... -..... a -------- (A)
Proportion of
Defective Bulbs

B. Subtract you estimate in (A) from 1,000 to get the
number of bulbs out of 1,000 that are NOT defective.

1,000 - (A) - ----------------- ------- (B)

C. What percentage of the time is the scanner able to
"correctly identify light bulbs that are actually
defective? (from the problem) ............- (C)

D. What percentage of the time is the scanner able to
correctly identify light bulbs that are actually Dot
defective? (from the problem) ------------- (D)

E. Look over the following table:

LIGHT BULBS ARE:

Defective

Scanner

Says is NOT Box # 2 Box * 3
Defective

(A) + (B)

F. Write the number of defective light bulbs from (A) on
the line labeled (a) in the table above, just below Box
# 2.

G. Write the number of non-defective light bulbs from (b)
on the line labeled (b) in the table above, just below
Box # 3.

S... ..'4• • • • •. . .i, ,• • • • • • • j • • = • •• •
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H. Multiply the percentage value in (c) by your estimate
from (A). (First convert the percentage value to a
decimal value before multiplying).

(A) ........ x (C) .----- w ------- (H)

Write you value for (H) in Box # 1.

I. Subtract you value in (H) from you value in (A).

(A) --------- (H) ........---------- (I)

Write you value for (C) in Box # 2.

3. Multiply the percentage value in (D) by your estimate
from (B). (First convert the percentage value to a
decimal value before multiplying).

(B) -------- x (D) ---------- -------- (3)

Write your value for (Q) in Box # 3.

K. Subtract your value in (3) from your value in (P?.

(B) ----------- (3) ---------- =------------(K)

Write you value for (K) in Box # 4.

L. Add the numbers in Boxes # 1 and # 4.

Box # 1 + Box # 4 - -------- (L)

Write you value for (L) on the line labeled (L)p to the
right of the boxes.

M. To get the final answer, divide your value in Box #1 by
your value for (L).

Box # I ........ ------- (M)

S" ,
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Training Problems

The Parachute Problem

A factory that manifactures parachute-brakes for aircrafts,
uses a special device for checking the parachutes.

Eighty five percent of the parachutes are in order; the other
15% are defective.

The device is known to be accurtate in 70% of the cases. That
is, 70% of the parachute that are in order and 70% of defective
parachues will be correctly identified as such.

A parachute was randomly selected from the line, and was
checked by the device. The device identified it as defective.

What arj.the chances that the garachutt is really defective?

The Jauldice Problem

.Jaundice is a disease that may occur in two different forms:
viral and infectious.

Twenty percent of jaundice cases are infectious; the other 80%
are viral. The symptoms of the two forms are identical, but the
treatment is different. Inadequatu treatment may cause severe
side effects, and therefore the type of jaundice in each case
must be identified correctly.

A certain blood test is used to distinguish between the two
forms of Jaundice. The test results are known to be accurate in
80% of the cases. That is, both infectious and viral Jaundice
will be correctly idenfitied as such in 80% of the cases.

A soldier who had symptoms of jaundice was administered this
blood test. The test results indicated infectious jaundice.

What are the chances tha-thne soldier really had Infectious
jaundi~e?

L-



Generalization Problems

The Missile Problem

Intelligence sources revealed that a hostile Army had purchased
sophisticated G-7 anti aircraft missiles.

Israeli industry had developed a special device, capable of
receiving the signals broadcasted from anti aircraft missiles
that enabled identification of missile type. The device is
known to be accurate in 80% of the cases, that is, a G-7
missile type and misslies of "other types" will be correctly
identified as such in 07% of the cases. Knowledge of the exact
type of missile, improves the defence profile an aircraft
flying in bound area.

Researches done by the Tactical Warfare Development Committee
show that the chances for launching a G-7 type missile is 10%.

Neutral risk - An anti aircraft missile has been sent to a
certain areap and was identified by the
device as being of type 6-7.

General risk - An anti aircraft missile has been launched
to a certain area where only Israeli
aircraft flyp and was identified by the
device as being of type G-7.

Personal risk - Suppose you are a pilot flying an Israeli
aircraft. An anti aircraft missile that had
been launched to the area where you are
flying was identified by the device as
being of type 6-7.

Whagt are the chances that this missile is really a type G-7
missile?
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* - The Masks Problem

Due to failures in production 20% of NBC (Nuclear biological &
Chemical) Masks are defective; the other 80% are in order.

A defective mask can be identified by using a simple device.
This device is known to be accurate in 95% of the cases. That
is a defective mask and a mask which is in order will be
correctly identified as such in 95% of the cases.

Neutral risk - A mask was identified as defective.

General risk - A mask, which is part of the personal
equipment of a certain soldier, was
identified as defective.

Personal risk - Due to warning of potential NBC attack,
soldiers were given personal masks. Your
mask was identified as defective.

• What are the chances that the mask is really defective?
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. The Seals orablem

Ten percent of brake-cylinder seals, used as spare parts for
armoured vehicles are defective.

A special device is used to check the seals. The device is
known to be accurate in 95% of the cases. That is to sayo a
good seal and a defective seal will be correctly identified as
such in 95% of the cases.

Neutral risk - A seal was checked and was found to be in
order.

General risk - A seal was checked and was found to be in
order. The seal was Instaled in an armoured
vehicle which was sent on a dangerous
mission.

Personal risk - A seal was checked and was found to be in
order. The seal was instaled in an armoured
vehicle in which your are a crew-member,
and this vehicle was sent on a dangerous
mission.

What are the chances that the seal is really in order?

J'



* Trainino by Mentgl Imaoe (TbMI)

Consider the folloWing problems

8% of the male population is color blind.

A test of color blindness is known to be accurate in 90% of
the cases, that is, 90% of color blind men will be
correctly identified by the test as color blind. Of those
who are not color blind, 90% will be correctly identified
as having normal color perception.

A certain man was classified, according to test results, as
color blind.

What are t-he-chances that this man is really color blind?

Answer

Research has shown that, when presented with such
problemsprobability estimates tha vary as followss 90%; B%;

M 7.2%; 41%.

The reason for such a variety of answers is that people
understand the problem and its solution, in different ways, not
all of which are correct.

In the following pages we present a tutorial to help you
solve such problems correctly. Please read through the

* tutorial carefully, and solve the problems that will be
presented to you, according to the instructions.<"
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Iutgrial
The Population discurisod in the previous problem is the

male population. Suppose the circle we have drawn represent
this population.

We already know that 8% of this populatior. AS color blind.
The following drawing illustrates the division of the overall
population (the male population) into two sub populations
(those who are color blind and those. who have normal color
vision).

Ara represet. toe men who are color bind;

Area repreent the men who have notmai color v~ison.
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The problem's storyline states that "A test of color
blindness is known to be accurate in 90% of the cases". If the
entire male population were tested, it would be possible to
divide the population into two grt'ups of people. One group
would contain those men who would a identified as colol blind
and the other would contain those oen who would be identified
as having normal color vision. But, since the test is only
partially accurate, division of the population .2ccording to
test results would not represent the actual "state-of-the-
world". The division according to test results is illustrated
in the following drawing.

Area ropuents fte men OWM would be kdentlie
by de tam w color bLnd Ohio are wnas origally red);

Area repreeet the men hma would be klentad
by tam n havbi nomm alolor vlon (ft ar
em o*ina yellow

J-.ýo

-,J

.1i
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To illustrate the inaccuracy of the test we can superimpose
the two drawings.

Area represents the color blind men that would be Identified
bythe test as color blind;

Area J represents color blind men that would be kIentilled
by the test as havg nonmal color vision;

Area represents men having norml color vision that
"would be idenifed by the test as oobr blind;

Area represents men havtng noma color vision that
would be identified by the test as having normnal color vision.

Note that in some of the cases the test results are in
error, that isp they do not reveal reality. In fact there are
two types of errors:

"Miss.: A color blind man, who is identified by the test as
having normal color vision.

"alfeJ AMl' A man having normal color vision. who is
identified by the test as color blind.
An alternative way to present the total population and its

division to the various sub population is by using a "tree".
Look through the "tree" carefully.

S
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:• . Male
Populaton

Color Blind Man Having
Men Normal

Color vision

Identified as ant ad as Idenifiied as
Normal Having Normal Identified asCoor8lor Vision Color Vision Color Blind

0 
050.0

- I
r 

a

a as0ý

as Color Blind ClrVso
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The problem's storyline also states "A certain man was
classified, according to test results$ as color blind". This
means that this man is a member of the sub population entitled
"total identi4ied as color blind" in the "tree%,

We already know, that this sub population ("identified as
color blind"), includes two kinds of mans

a. Color blind men who were identified by the test as color
blindl

b. Men having normal color vision who were identified by
the test as color blind (false alarm).

We are requested to indicate" What are the chances that
this man is really color blind?". In other words, out of all
the men who were identified by the test as color blind, what is
the actual proportion of color blind men? The appropriate
calculation is:

Color Blind Men
Wentilled a Such The Checes tat

i the Man Is Reall
The Total No. of Nor bind
Men ldontafled
as Coor blind

In order to calcuiate this, we have to determine the
appropriate values for each the -ub-population represented in
the "tree" and the dravi.ng. This can be done by using data
extracted from the problem itself, and according to the
following instructions.

1. Suppose the male population contains 1000 men. This
value will be written In the "tree" on page 9, in the
frame marked A.,

2. Of these 1000 men, how many are really color blind?

1000 X .8 - so-----------------------------------
The toal The Pmpction of ThToCN.
populson Color Ud Men Cobr BWnd Men

This value will be written In the "tree" on page 9, in
the frame marked B.
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3. Of these 1000 men, how many have normal color vision?

1000 80 . 920

TM., The total taxn. of The To No.of
Population man gColor BUnd

Normal Color Vison

The resulting value will be written In the "tree" on
page 9, in the frame marked C.

4. Of all color blind men, how many will be identified as
color blind?

s0 X 90 - 72

The Total No. of The cuayo oa o of
Color Bind test results Color Bind Men

IdentIlfied as
Color Blind

The resulting value will be written In the "tree" on
page 9, in the frame marked D.

5. Of all color blind men, how many will be identified as
having normal color vision?

so 72 8

The Total No. of The Total No. of - Color Bind Identified
Color Blind men Color Blind Men as Having Normal

Identified as Color Vision
Color Blind

4• The resulting value will be written In the "tree" on
page 9, in the frame marked E.

6. Of all the men having normal color vision, how many will
bs. identified as having normal color vision?

920 X .90 - 828
.------ ---------

The W -TotaNo."of The accuracy of men havlng Normal
Man Having test results color vision
Normal Color Vision Wientifled as such

The resulting value will be written In the "tree" on
page 9, in the frame marked F.

4
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7. Of all men having normal color vision, how many will be
identified as color blind?

9 28 92
Mhe Toaul No. d Man Having Man Having Normal
Man Having Normal Color Vision Color Vision Identified
Normal Color Vision Identfled " Such - Color Blind

The resulting value will be written In the "tree" on

page 9, in the frame marked G.

8. What is the total of men identified color blind?

72 + 92 - 164

The Total No. ;I Man Havng Nornmal The Total No. of
Color Blind Men Colo( Vision identifled Men Identified as
Identified as as Color Blind Color Blind
Color Blind

The resulting value will be written In the "tree" on
page 9, in the frame marked H.

9. What is the total of men identified as having normal
color vision?

828 +8 836

- AntalWng .... Color Blind Id;eniid T'h'eTotalNo.of"
Norm,,J Color Vision u Having Normal Men Identifleo as
Identified as Such Color Vision Having Normal

Color Vision
The resulting value will be written Xn the "tree" on
page 9, in the frame marked 1.

V . . . .4 1

p . ----
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Now we have all the data required to calculate the target
probability. The calculation will be as followst

72 164 - 0.41

coo r Wnd Men The Chance ha
Idengled as Such Men IdenMed the Man W ally

SColor Blnd Cor BlUd

Notice! The correct answer is 0.41, that is, 41% chance
that a man who was identified according to test results as
color blind, is really color blind.

This answer may seem unreasonable to you. In this case,
you are advised to go over the tutorial again. You may be able
to understand the situation discussed in the problem better,
and the method of solution, if you think about how the final
results (i.e., the chances that a man who was identified
according to test results as color blind really being color
blind) would change, if the percentage of color blind men in
the overall population was different.

This will be illustrated by drawings. Each one of the
following drawings represents agulation in which the
percentage of color blind men J _ is different. The dwgree
of accuracy of test results rem...An constant.



... .. :.....

.. .. ... .
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Notice! In each drawing, you can note the size of the area
marked M relative to the area marked This is the
proportion of color blind men who are, in---ct, color blinds
and who were identified as such. In addition you can note the
size of the error - misses + false alarms - of the test
results.

The situations discussed here, contain two "rules" used to
determine the target probability. These "rules" areu

1. The distribution of the phenomenon in the population.

2. The degree of test accuracy (to what degree they reveal
reality).

Changing the value of either "rule" will change the size of
the various errors, and therefor the target probability.

A special case is that in which the percentage of color
blind men in the population is 50. Here, the phenomenon of
color blindness is distributed randomly. That is, the
phenomenon is not distributed according to any "rule", and
therefore this information has no influence. In this case, the
only relevant information is the percentage of cases in which
the test results are accurate (in our story, 90%).

This is the end of the tutorial. In the following pages
you will be presented with additional problems. You are
requested to solve these problems according to the tutorial.
Before continuing you are advised:

1. To read the tutorial again, and make sure you understand
it.

2. If you have any questions, you may consult the
experimenter.

When your are ready, go on to the next. page. while

answering the next two problems, ypu may:

1. Read the tutorial again.

2. Use a calculator.

3. Ask questions.

------
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The data in Table 33 show that on the average subjects are
generally confident in the accuracy of their answers. The mean
confidence rating across all the data is 5.60. The mean
ratings are higher for the A groups than the UA groups. The
mean ratings are also higher for the NTL groups than the TL
groups. Of the various risk level groups, the mean confidence
rating for NR groups is the highest, followed by the PR groups
and then the GR groups. An analysis of variance performed on
these data showed significant main effect for the aid condition
(F(1,151)=8.42, p<.01).

ReaganabIeness

The Reasonableness judgement were found to be unaffected by
the aid, time limit and risk conditions. The number of "yes"
responses for all three generalization problems for each
subject was computed. An analysis of variance performed on
these data failed to reach significance.

SuJective Mental Load

The mean ratings and s. d. for difficulty, mental effort,
fatigue, frustration, subjective time stress and the subjective
mental load measure, are shown in Tables. 34 to 38.

Table 34: akn .and s.d. of Difficulty .Ratina (Uppgr No.=
M1ean1 LopWer No. -s. d.)

AID
AI D :D. UADDTTAL

TIME

UNLIMITED'. 2.98 2.75 2.85

______ 1.78 1.75 1.76
-LIMITED" 3.20 2.91 3.05

1.55 1.89 1.76
:TOTAL: 39 28.3 2.5
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Table 35: Mmeakn an-d---d, of Mental Effort Ratj!na (Uooer No.=.

AID

TIME

UNIMTE L291 3.27 3.11

1.40 1 160 1.51
'"ImITD Q 3.60 2.79 3.18

-1.64 1.35 1.49

TOT&AL : 3.27 3.04 3.15

1.50 10 1.50

Table 36: ean an rj d. of Eaiue Ratipa (UpperAq.=

AID
- IDED UNAIDED: TOTAL

TIME

-U'NLIMITED-: 3.32 2.77 3.02
1.93 1.81 1.88

LtMIED.-I.... 3.36 2.23 2.76

1.69 1.17 1.55

OTL 3.34 2.50 2.90

1.80 1.55 1.72

Table 37: Mean and s.d. of Frulstat-ion Riktini -(Uvpper No.=

AID
AIDED.1 WNIED O

'.UNLIMITED 3.04 3.38 3.22-
______ 2.14 1.89 2.00
LIIE~ 3.14 3.27 3.21

1.83 2.00 1.91
TOTAL: 3.09 3.32 3.21

1.97 1.94 1.95
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Table 38: rMean and s.d. of Subjective Mental Load (Uooer
No.-Meani Lower Nommsede)

AIDA

UNMTD .1 2.72 2.77

_____ 1.56 1 91.9 1.75

-1.1.57 1.21.77
TOAL 3.01 2.64 2.82

Tables 34 to 38 indicate that the mean ratings of
difficulty, mental effort, fatigue and the computed subjective
mental load measure were higher for the TL groups than the NTL
groups, and higher for the A groups than the UA groups, the
ratings are also higher for NR groups followed by GR groups and
the PR groups, in that order. The mean ratings for- frustration
were similar to the above for time limit and risk, but higher
for the UA groups than the A groups.

The mean ratings were similar for difficulty, mental effort
and fatigue ratings for aid and risk, but higher for the TL
groups than the NTL groups.

An analysis of variance on these data indicated significant
effect of time limit (F(i,192)=7.EB6, p<..O1) and aid
(F(1,192)=17.76, p<.O1) on subjective time stress only. Other
main effect failed to reach significance. The two-way
interaction of time limit x aid was found to be significant for
the mental effort (F(1,192)-2.56, p<.05), fatigue
(F(1,192)=13.310 p<.01) and time stress (F(1,192)-5.06, p<.05)
dimensions. The two-way interaction for time limit x aid was

found to be significant for the effort dimention
(F(1,192)=n7.98), p<.01). The two-way interaction for time
limit x risk love was found to be significan for the fatigue
(F(1,192)=13.31, p<.05) and subjective time stress
(F(10192)-4.419 p<.05) dimensions. The interactions are shown
in Figures 3 to 5.



-50-

Figure 3: Mgan Mmntal Effort_..a Dgs sYnFtion of .m_•
"Restrigction and Aiding Cont.djon
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Figure 4: Mean Fatigue Ratings as Function of Time
Restriction and Risk Condit.ions
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Figure 5: tbean TiMe Stress atAnVs asFpnctiLon of Jijm
j~j~ Ri sk j- U-m
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SiMpl.e tutorial Vs. TbMI

* 4The results of Experiment III, obtained with the aid of the
tutorial, were compared with those obtained with the TbM1 aid
under unlimited time conditions and neutral risk, when
performing the missile problem in Experiment IV. This group
was selected since it represents experimental conditions
similar to those of Experiment III. The Missile problem was
selected since it was the first generalization problem
presented to the subjects. Subjects' responses to the compared

* generalization problems are shown in Table 39. The data in
Table 39 show that the proportion of "correct"m responses was
higher for subjects in Experiment IV (72%) than for subjects in
Experiment 111 (55%/).



Table 39: Freausriciesi and, Prooortions of Sub-iocts' rwuoonse
Mode when-Aided by Simple Tutorial -and TbMI

AID TrYPE TOAL bM

RESPONS ____

Al .~16 1
CQR~T "'552 72.2%

31
DIANO$IC~ 10.3% 5.6%

3 0-BASERATE 0.3% 01BS 0%

C~lIITONL 3.4% 0%
OTER~** 6 4

20.7% 22.2%

W~hile no significant difference, between the two response
distributions, was shown by using a chi-square test, Table 39
clearly shows an overall trend, which indicates the relative
advantage of the TbMI miethod.

UN

I. 11,1 A



Discussion of Part B

The major finding of experiment IV, is that the use of
mental images, for presentation and organization of the verbal
explanation in the Training by Mental Image TbMI, contributed
considerably to the effectiveness of this aid, under all the
experimental conditions. The results indicate that the TbMI
method succeeded in improving performance, creating
constructive change in the conceptualization of base-rate
problems, and in acquiring new cognitive skills with which to
examine these problems.

The way of solution specified in the tutorial used by
Lichtenstein & MacGregor, (1985) and in Experiment III, was
similar to the one specified in the TbMI. This enabled
comparison between the two tutorials that would reveal the
contribution of the mental images as a way of presentation.
This ccmparison showed that the TbMI led to a better
generalization than the original tutorial.

The risk manipulation did not influence performance. This
may indicate that the risk element in the generalization
problems did not affect the interpretation and judgements of
relevance of the different information types. An alternative
explanation is that, as hypothesized, the cognitive skills
acquired through the TbMI method, were strong enough to
overcome the risks influence. This is also supported by the
interaction effect of time limit x risk for the confidence
ratings. That is, if risk had no influence at all, the
confidence rating would not be influenced, but since they were,
it means that this influence was removed after training.

The time limit manipulation had a minor effect on subjects
performance. This also indicates of the effectiveness of the

* aid and its generalized effect, especially in view of previous
findings that framing is not transferred to stress condition
(Zakay, 1984), and in view of the validation of time

restriction manipulation in Experiment IV. However, this
manipulation did affect confidence ratings for one
generalization problem. This may indicate that although the
training method was effective, more training is required, in
order to make the new way of conceptualization more intuitive.

The degree of confidence, in the accuracy of the answers,
to two of the generalization problems, was influenced by the
time restriction and aiding manipulations. Trained subjects

reported higher confidence then untrained subjects. The

;.
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subjects who had to solve the generalization problems under
time limit conditions, reported lower confidence than those who
were not time restricted. This indicates that the training
method decreased confusion and uncertainty with which the
untrained subjects had to deal. However, more training may be
required for time stress conditions.

The reasonableness judgements were not affected by the time
restriction and the training manipulations. This is
surprising, in light of their influence on confidence ratings.
This may be the result of cognitive dissonance.

The subjective mental load measures were affected by aiding
and time limit. Higher subjective mental load was reported
when subjects performed under time limit condition, and when
presented with the training method. Similar finding was
reported by Einhorn, (1970), who found that using heuristics
require less effort. It should be noted, that the subjects
answered the subjective mental load questionnaire after
completing the training and the generalization problems.
Although it was emphasized that the questionnaire related only
to the generalization problems, it is like]y that the training
had an efiect on these measures.

The use of mental images for presentation and organization
of verbal material, can be applied in developing Computer Aided
Instruction (CAI). An attempt in this direction has already
been made. Preliminary program for interactive learning, using
IBM-XT computer, was developed. This program focuses only on
training for base-rate problems solution, according to the same
method used in the TbMI. Pretesting has revealed that this
concept is promising, but needs further developement.

W 1

'.4. ..

I~A



'GENERAL CONCLUSIONS

A. Regarding the algorithmic decomposition aid for
estimating unknown quantities, the results suggest that
in developing an aid or training method, based on the
algorithmic approach, the unique characteristics of the
target population, should be taken into account. The
aid and the training method must be adjusted
accordingly, in order to be compatible with the thinking
patterns and cognitive style of the target population.
Only after the aid and training method, are adapted to
the population, the members can compose individual
algorithms to match its content and organization to
their own cognitive style and thinking patterns.

B. The TbMI method in solving base-rate problems is
effective and led to systematic change of the way in
which people conceptualize and solve base-rate problems.
This method should be further developed.

C. The use of mental images for presentation and
organization of verbal material, can be applied in
developing Computer Aided Instruction (CAI).

D. In view of the success of the TbMI method, in solving
base-rate problems, it is recommended to apply this
approach as a training method for general estimation
problems.
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