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The purpose of this research is to study and improve
decision accuracy in the real world.

Spot price prediction

of petroleum products, in a budgeting context, is the task
chosen to study prediction accuracy.

Prediction accuracy of

executives in a multinational oil company is examined.

The

Brunswik Lens Model framework is used to evaluate prediction
accuracy.
Predictions of the individuals, the composite group
(mathematical average of the individuals), the interacting
group, and the environmental model were compared.
Predictions of the individuals were obtained through a
laboratory experiment in which experts were used as
subjects.

The subjects were required to make spot price

predictions for two petroleum products.

Eight predictor

variables that were actually used by the subjects in
real-world predictions were elicited through an interview
process.

Data for a 15 month period were used to construct

31 cases for each of the two products.

Prediction accuracy

was evaluated by comparing predictions with the actual spot
prices.

Predictions of the composite group were obtained by

averaging the predictions of the individuals.

Interacting

group predictions were obtained ex post from the company's
records.
The study found the interacting group to be the least
accurate.

The implication of this finding is that even

though an interacting group may be desirable for information
synthesis, evaluation, or working toward group consensus, it
is undesirable if prediction accuracy is critical.

The

accuracy of the environmental model was found to be the
highest.

This suggests that apart from random error,

misweighting of cues by individuals and groups affects
prediction accuracy.

Another implication of this study is

that the environmental model can also be used as an
additional input in the prediction process to improve
accuracy.
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CHAPTER I
INTRODUCTION
Decision making is an intrinsic part of current
accounting practices.

The demand for accounting information

is based on its use for decision making, and the quality of
decisions depends on the accuracy of the information.

Not

only do accountants provide information for decision making
to investors, lenders, employees, government and management,
but they also make countless complex decisions.

For

example, they determine the contents of the reports provided
to the decision maker.

Hence, the quality of the decisions,

for which accountants are directly or indirectly
responsible, determine the degree of their success and the
importance of their role.

It is, therefore, vital for

accountants to be concerned with improvement of both their
own decisions, and the ones based on the information they
provide.
Accounting researchers have focused on two approaches
to improve decision accuracy.

The information gathering

approach seeks to improve the quality and quantity of data
used for decision making.

The underlying assumption of this

approach is that the type of input data determines the
quality of decisions.

The information utilization approach

is concerned with improving decision accuracy with the
1

existing data.

The focus in this approach is to minimize

and eliminate errors in decision making.
Accounting Association

The American

(AAA) endorsed the first approach.

The AAA Committee (1972) recommended the use of Brunswik's
Lens Model

(BLM) in accounting research.

It identified

three research areas applicable to the lens model framework:
(1) the descriptive model applicable to the decision maker's
cue-weighting scheme;

(2) the descriptive model applicable

to the environmental cue-weighting scheme; and

(3) the

decision maker's response accuracy, i.e., the correlation
between the prediction and the criterion value (actual value
of the forecast event).

Environmental models can be

constructed and decision accuracy evaluated only when the
criterion values are available.

This could pose a problem

as specification of criterion values in accounting contexts
is not easy.

Criterion values, if at all available, could

be imprecise and separated from the cues by a considerable
period of time.

If the time elapsed is too long, evaluation

of prediction accuracy could be meaningless because of
either a change in the decision maker's perceptions or the
decision maker himself

(R. Ashton, 1974).

The AAA Committee

recognized the criterion problems and recommended the use of
descriptive prediction models of decision makers as the
basis to determine the accounting data to be supplied.

This

is the information gathering approach to improve decision
accuracy.

The information gathering approach implicitly confines
the research effort to laboratory settings.

In order to

evaluate cue utilizations, orthogonalized cues need to be
used which is only possible in laboratory settings.

The

findings of such studies usually have poor external validity
and are limited in real world
relevance.

R. Ashton

(a business environment)

(1975) suggests use of the information

utilization approach to improve decision accuracy.

The

focus here is not so much on individual cues as on
improvement of overall decision accuracy by replacing or
combining the decision maker with a mathematical model.

As

the objective is prediction, multicollinearity does not
cause a serious problem

(Hu, 1982).

Research can be based

in real world settings as artificiality need not be
introduced by orthogonalizing the cues.

The Purpose
This study is concerned with the information
utilization approach and focuses on improving prediction
accuracy in the real world.

Most studies based on the BLM

framework have been done in artificial laboratory settings.
They lack practical orientation and have serious external
validity limitations.

The focus should be on real decision

makers and real decision tasks.

Libby

(1976) and A. Ashton

(1984) used the lens model framework in realistic settings

and their conclusions differed from those of laboratory
studies.1

While most laboratory studies conclude that the

decision maker's model is superior to the decision maker,
Libby and Ashton found that the decision maker's predictions
were superior to both the environmental and the decision
maker's model.

Although several explanations were offered,

no firm conclusions can be drawn until further research is
done in real world settings.

The purpose of this study is

to extend and refine decision based research in accounting.
This study also focuses on accuracy of individual
decisions versus group decisions.

While a number of

behavioral studies on group decision making have been done
in other disciplines^, most studies in accounting have been
laboratory studies focusing on individual decision making.
In the real world, however, decision making is mostly done
by groups and few important decisions in organizations are
made by individuals

(Hart, 1985).

It is presumed that

critical dimensions of complex problems are recognized by
wider participation.

It is important to understand how

groups perform such tasks and explore strategies to improve
performance.

If the findings of decision making research in

accounting are to be extended to the real world, it is

*An excellent review of accounting research using the
lens model framework can be found in Libby and Lewis (1982).
^See Weldon et al.(1985), Hart
al.(1977).

(1985) and Einhorn et
—

important to understand individual and group decision making
behavior.
The objectives of this study can be stated as follows:
1. To study ways of improving decision accuracy without
changing the information set,
2. to compare individual and group decision accuracy
and,
3. to evaluate and compare actual decisions made in the
course of a real world activity with predictions of
the model of the decision makers and the model of
the environment.

The Scope
Research of this nature is restricted to the prediction
task studied.

In order to evaluate accuracy, criterion

values must be available.

Therefore, only tasks with

precise criterion values can be selected for study.

The

task in this study is the prediction of petroleum product
prices on spot markets.

The accuracy is evaluated ex post

by comparing predictions with actual spot prices.

The

results of this study will provide a better feel for
decision making behavior in the real world.
For reasons of model stability, a large number of
predictions made in a fairly short period of time need to be
studied. 3
3

The nature of this task limits the study to a

S e e p. 24.

small number of decision makers.

The scope, therefore, is

restricted to investigating prediction accuracy of a small
group of individuals in a single firm.

The inability to

extend this study to a larger group limits external
validity.

Since this study is set in the real world, the

results are better indicators of the real world decision
making than most laboratory studies.

The study will provide

insights into real world decision making and demonstrate the
usefulness of the lens model framework for evaluating
prediction accuracy.
The General Hypotheses
The primary concern of this study is to improve
prediction (or decision) accuracy without changing the cues
actually used in making those predictions.

This research

investigates the issue of replacing the decision maker with
two types of mathematical models.

First, can a model of the

decision maker replace the decision maker?

Second, can an

environmental model replace the decision maker?

The

questions are answered by testing the following hypotheses:
1.

Predictions of the decision maker's model are more
accurate than the predictions of the decision
maker.

2.

Predictions of the environmental model are more
accurate than the predictions of the decision
maker.

In addition to these hypotheses, the relative accuracy
of predictions made by individuals, composite and
interacting group is studied.

Are predictions made by an

individual more accurate than those made by a group
individuals?

How do composite group predictions

(mathematical average of individual predictions) compare
with interacting group predictions?

The hypotheses tested

to research these questions are:

1.

Predictions of the interacting group are more
accurate than predictions of the individuals.

2.

Predictions of the composite group are more
accurate than predictions of the individuals.

Finally, a field test of the lens model was conducted
to explore the relevance of the model for studying real
world problems.

The hypotheses of whether a model of the

real world decision makers (or task environment) is more
accurate than the decision makers themselves is tested.

The

hypotheses tested are similar to the first set of
hypotheses.

The difference is that predictions obtained in

a laboratory experiment are used to test the first set of
hypotheses, whereas in the field test, real-world decisions
are evaluated ex-post and compared with the models of the
decision makers.

These hypotheses and their implication are

discussed fully in the following chapters.
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Methodology
This study is based in a real world setting and was
done in two parts.

In the first part, an experiment was

conducted using real data and real decision makers as
subjects to research prediction accuracy.

Six executives of

a large multinational oil company, responsible for
predicting spot prices, participated in this study.

They

made price forecasts based on cases constructed from real
data.

The cues provided in the cases were earlier elicited

from the subjects through a series of exploratory
interviews.

Individual and composite group prediction

accuracy were evaluated.

In the second part of the study,

group predictions, over a period of fifteen months, were
examined and compared with predictions of models.

The group

was comprised of the same executives used in the first part
of the study and the group predictions were real world
predictions.

Finally, a comparison of predictions made by

individuals was done with that of composite and interacting
groups to evaluate relative accuracy.
Limitations of the study
Several limitations stem from this research design.
First, predictions of individuals made in a laboratory
experiment are compared with real world predictions of the
interacting group.
also be real world.

Ideally, individual predictions should
This is not feasible because real-world

predictions for spot prices are not made on an individual
basis in the firm studied.

The alternative is to use

interacting group predictions in a laboratory setting.
However, time constraints of the executives did not permit
such an experiment.
Second, the sample size of six executives is small to
test the effectiveness of combining man and model (clinical
hypothesis).^

However, while no firm conclusions can be

drawn, the results provide an initial evidence of the
usefulness of the environmental model as a decision aid.
Other limitations arise from problems of uncoded
varibles in the prediction process.

While attempts were

made to provide all information used in real world
predictions, decision makers may have used some qualitative
or extra information for real world predictions.

This may

limit the comparability of real world predictions with those
made in a laboratory setting.

Implications
If this research confirms the hypotheses, the study
will further validate the experimental research findings in
Human Information Processing.

Most laboratory studies use

oversimplified tasks that are not appropriate
representations of the real world tasks.

Winkler and Murphy

(1973) contend that simplified experimental tasks do not
^Statistical synthesis is another way of combining man
and model. See p. 32 for discussions.
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adequately capture subjects' judgment processes that have
been developed in a complex real world.

As a result,

Winkler and Murphy argue, decision makers may perform more
poorly in experimental tasks than in real world settings.5
This study uses a real world task and thus its findings have
higher external validity.
Use of expert decision makers in realistic tasks makes
the research more credible to practioner groups who comprise
the accounting researcher's audience (managers, auditors,
bankers, financial analysts, etc.).

Results of such studies

are more likely to have an impact on accounting practice.®
The subjects in this study are real world decision makers
and experts in the spot price prediction task.
The implications for individual versus group decision
making behavior are substantial.

If individual decisions

are more accurate than group decisions, the real world must
be aware of this fact before investing large resources in
group decision making.

In situations where interaction of

individuals is essential for exchange of information,
predictions can be made individually after the interaction.

M Q - 7 ^ \ d ^ f e f ! n t V i e w b y s l o v i c ' Fischoff, and Lichtenstein
u y 7 7 ) holds that experimental tasks provide all the
relevant information for optimal responses and exclude all
ambiguous information.
6

Slovic, Fischoff, and Lichtenstein (1977) report that
research in psychology has shown more concern for expert
decision makers responding to realistic tasks and this has
resulted in the research being taken seriously by real world
decision makers in several disciplines.
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Chapter Organization
The following chapters clarify the goals of this study
and provide a means for obtaining those goals.

Chapter II

reviews decision based research in accounting and discusses
the relevance of the Brunswik Lens Model framework to
accounting research.

The chapter concludes with a

discussion on the need for research in real world settings.
Chapter III reviews literature on group decision making
and discusses the issues involved in accuracy of group
decisions.

Factors affecting quality of group decisions and

phenomenon of Social Loafing are reviewed.
Chapter IV contains a discussion of the econometric
methods used for spot price predictions.

The variables

likely to affect spot prices are enumerated.

An attempt is

made to explain relationship of the variables and spot
prices with appropriate theoretical frameworks.
Chapter V develops the specific hypotheses to be tested
resulting from the theory developed in Chapter II, III, and
IV.

Then an experimental design appropriate for testing the

hypotheses is discussed.

Data collection techniques for the

experimental design and the field test are also explained in
this chapter.
The results of the research are presented in Chapter
VI.
VII.

Conclusions from these results are reported in Chapter
Limitations of this study and avenues for future

research are also discussed in Chapter VII.
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CHAPTER II

BEHAVIORAL DECISION MAKING RESEARCH IN ACCOUNTING

Behavioral decision making or Human Information
Processing (HIP) refers to research that analyzes and
examines decision making in accounting settings.

This

chapter examines the salient features of HIP research.

A

research paradigm of HIP, the Brunswik Lens Model, and its
relevance to accounting, is discussed.
studies are reviewed.

Relevant lens model

The limitations of the lens model

paradigm and the need for lens studies in real world
settings is examined.

Research in Human Information Processing
Carl Devine (1960) was one of the earlier accounting
researchers interested in the behavioral aspects of
accounting.

He emphasized that accounting and human

behavior were strongly interrelated and that efforts to
develop accounting theories while ignoring behavioral issues
were undesirable.

Although interest in behavioral

accounting research increased in the sixties and seventies,
there was a lack of suitable theoretical frameworks.
Birnberg (1973, p. 125) states: "...we lack at least a
tentative theory of how accounting information is processed
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by users.

Such a theory once developed would permit the

generation of new studies.

These studies could explore the

implications of the theory and investigate inconsistencies
between the model and isolated studies."
In the early seventies, accounting researchers, in
search for a suitable framework, borrowed two frameworks
from psychology, economics, and statistics literature.

Two

paradigms, the Brunswik Lens Model (BLM) 1 and the
Subjectively Expected Utility (SEU) guided much of the
research in decision making.

The BLM paradigm involves the

construction of linear models that represent the information
processing activities of decision makers.

It emphasizes

accuracy of intuitive decisions relative to those prescribed
fc

y formal models, the extent to which the intuitive

decisions of expert decision makers agree with each other
(consensus), and means of improving accuracy and consensus.
The SEU paradigm entails decision modeling and
emphasizes the relationship between intuitive decisions and
those prescribed by formal models.

The underlying

assumption of the SEU model is that individuals make choices
that maximize mathematical expectations.

The SEU model does

not hold that individuals actually assess probabilities and
Brunswik (1952) first proposed the lens paradigm and
Hammond (1955,1966) later refined it. Hammond, Hursch and
Todd (1964) and Hursch, Hammond and Hursch (1964) made
significant methodological contributions. The paradigm was
introduced in accounting by the AAA Committee on Accounting
Valuation Bases (1972).
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utilities, calculate SEU's, and consciously choose the
alternative with the highest SEU
1972).

(Rapoport and Wallsten,

It assumes, however, that the model enables

prediction of individuals' decisions.

The model further

assumes that individuals' decision-making behavior conforms
to a set of relatively simple and intuitively plausible
axioms of "rational" choice. 2
The introduction of these two paradigms in accounting
decreased the concern for external validity and increased
the emphasis on internal validity of behavioral
decision-making research (R. Ashton, 1982) 3 .

External

validity requires extensive data gathering from real world
situations.

This data is extremely difficult to obtain as

organizations are unlikely to volunteer the information.
a result, most researchers concentrated on replication and
refinement of laboratory studies in artificial settings. 4
The BLM and SEU models have features that make them
useful for accounting research.

They involve rigorous

methodologies that can be applied to a wide range of
2

R . Ashton (1982) discusses criticality of this
assumption. Because conformity to axioms implies SEU
maximization, if a decision maker accepts all the axioms,
SEU maximization is assumed to be the choice criterion
3

While this was true in the early phase of Human
Information Processing Research, a concern for external
validity has now re-emerged (A. Ashton, 1984).
4

Use of student subjects in simple tasks not
representative of real-world tasks.

As
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research questions.

They enable the researcher to

investigate how information is used in decision making.
However, research on SEU models suggests that the models
become poorer predictors with an increase in task complexity
(Rapoport and Wallsten, 1972).

Hence, the BLM framework is

better for evaluating how well information is used.

The

focus of this study is prediction accuracy and the way it
can be improved with the existing level of information.
Therefore, the BLM framework is better suited for the task.
The salient features of the BLM framework and its use in
accounting research are discussed next.

Brunswik's Lens Model
The philosophy underlying Brunswik's work is that
decision makers must frequently rely upon probabilistic
information in making judgments or predictions of the
environment.

The basic tenets of the Brunswik Lens Model

(BLM) framework are:

1) Behavior is primarily a function of the nature
of the environment
2) Numerous cues evident to the individual are
usually imperfect and redundant predictors of
environmental states, and
3) Individuals develop a range of substitutable
processes, in response to this unpredictability
and uncertainty.
(Brunswik, 1952, 1955)
The BLM framework is relevant, to situations where
predictions are based on a set of explicit cues or pieces of
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information that are probabilistically related to a the
criterion value (actual value of the forecast event).

The

model separates the world into two parts (see Figure 1): the
environment (represented by the left side of the lens) and
the decision maker (represented by the right side of the
lens).

The left side of the model describes the

relationship between an information set (X) and a relevant
criterion event (Y e ).

The correlation coefficient, r£ e ,

called the ecological validity of the cue, defines the
relationship between each individual piece of information or
cue (Xi) and the criterion event to be predicted.
Relationships on each side of the lens model have been
described via linear multiple regression equations, although
linearity is not a requirement of the model.5

The

environmental side of the model may be summarized as
follows:
Y e = a e + b e iXx + b e 2 x 2 +
The dependent variable, Y S f

+

b

enxn

(D

is the predicted value of the

criterion event, given cues 1 through n and each b e i
represents cue weighting, determined by the validity of
5

The original model expressed the relationships via
correlation coefficients. Dudycha and Naylor (1966) were
the first to use a linear model to describe the
relationships. Research shows that a linear model
effectively captures individual judgments. Even though
individuals may behave in a configural fashion, the power of
the linear model is such that it obscures the configural
process (Goldberg, 1968). Also see discussions on p. 22.
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Fig. 1 - - Regression Formulation of the Lens Model.
Source: Dudycha and Naylor (1966).
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sn n
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each cue.

Environmental predictability, R e >

is the

correlation between the actual criterion values (Y e ) and the
predicted criterion values (Y e ).
The predictive ability (left) side of the model does
not explicitly consider the decision maker.

The right side

of the model is the behavioral or decision maker system.
The relationship between the individual cues and the
decision maker's or subject's prediction (Y s ) is defined by
its correlation coefficient r^g and is called the
utilization coefficient.

The right side relationships can

be similarly summarized:
A

Y s = as + b s l X i + b s 2 X 2 +
+ bsnXn
(2)
/s
The dependent variable, Y s , is the predicted value of the
subject's decision.

Response predictability, R s , is the
/s
correlation between Y s and Y s #
A
A
The values Ye, Ys, Ye and Ys can be used to evaluate
the quality of judgments made by an individual (R. Ashton,
1982).

As shown in Figure 2, the following six judgment

indices^ can be computed by correlating every pair of these
four sets of values:
Re : Environmental Predictability: indicates the
degree to which the cues can be used to predict
the criterion event.

6
See R. Ashton (1982, pp. 16-17) for a detailed
explanation of these indices.
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Fig. 2-- Indices of Human Judgment
Source: R. Ashton (1982).
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Rs

: Consistency index: the degree to which the
individual consistently utilizes his/her
judgmental policy. The judgment policy refers to
the extent to which each cue is utilized or
weighted.

ra

: Achievement index: indicates individual's
prediction accuracy by correlating the predictions
with the criterion values.

r

• Optimality index: indicates the relationship
between individual responses and the optimal
multiple regression prediction of the criterion.

o

G

: Matching index: degree to which the regression
equation of the individual "matches" the optimal
regression equation of the environment.

r a i: Indicates the degree to which the multiple
regression equation, that represents the
individual, can predict the actual criterion
values.

The individual's prediction accuracy r a can have linear
as well as non-linear components.

Tucker (1964) represented

this with the following model:
r

a = GRsRe + c j l

- R e 2 J1

- Rs2

(3}

The term G R s R e is the linear component of accuracy; the
second term
component.

c J l ^ R ^ J1 - Rs2

is the nonlinear

Goldberg (1968) and Dawes and Corrigan (1974)

show that addition of nonlinear terms add little to
accuracy.

The second term may, therefore, be eliminated.

The lens model equation then becomes:
ra = G R s R e
This relationship implies that prediction accuracy (r a ) may
be improved by an increase in matching index (G) and/or
consistency index (R s ).
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Criterion Problems
Evaluation of an environmental cue-weighting scheme and
prediction accuracy is possible only if criterion values are
available.

Several problems exist in availability of the

criterion values.

In many accounting decisions, the

criterion event is not always specified (R. Ashton, 1974).
But even if it were specified, the researcher is faced with
other problems.

The criterion value of "no go" decisions

are impossible to obtain.

For example, bankers are seldom

aware of the success or failure of rejected loan
applicants.

The AAA committee (1972, p. 550) suggests

limiting the scope of studies to the right side of the
model.

The committee's

position is:

"...if criterion information ...(is) not available, one
may evaluate such bases via experiments that provide
judges with data secured via alternative weighting
scheme. In effect this type of approach attempts to
provide evaluations based upon the judge's choices."
In the absence of criterion information, the committee
suggests limiting the scope to formulation of a prediction
model and evaluating the cue-importance on the basis of beta
weights (standardized regression coefficients).

Such an

approach is confined to a laboratory setting as the cues,
selected on a normative basis, must be orthogonalized if
keta weights are used as a measure of cue importance (R.
Ashton, 1975).

In a real world setting, multi-collinearity

between the cues does not permit such an approach.

Hence,
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if the criterion information is not available, the
application of BLM framework is limited to artificial
laboratory settings.

Relevance of Lens Model in Managerial Accounting
The AAA committee (1972, p. 544) considers the lens
approach more feasible in the context of managerial
accounting than in the context of financial accounting.

In

managerial accounting, "...the recipients of accounting
numbers can be identified and ... the selection of the
decision and prediction model(s) may be guided by the
hierarchial relationships that characterize the group
recipients and the accounting process."
R. Ashton (1974) suggests that BLM research is more
relevant in managerial accounting settings but he cautions
against the use of invalid models.

Individual prediction

models may have to be reassessed periodically for two
reasons: 1) change of individuals in a job may lead to a
change in the prediction models used since individual
differences can result in a lack of consensus (consensus
problem); and 2) change in an individual's perceptions over
a period of time may result in a change in cue-weightings
(model stability problem).

Goldberg (1968) considers the

consensus problem more severe than the stability problem.
In addition, there is the problem of prediction situation
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stability^ which may require the use of a different model.
Instability in the environment may cause individuals to
constantly change the cue-weightings.

Consequently,

individuals' models need to be reassessed frequently.
R. Ashton

(1974) states that if remodeling costs are high,

the lens model approach is most suitable in stable (high
task predictabiliy) situations where an individual makes a
number of predictions based on the same set of cues.

If a

large number of observations are available, a robust
cross-validated model can be constructed.

Lens Model Studies in Accounting
Problems in obtaining criterion values prompted early
human information processing researchers in accounting to
build mathematical models that represented the relative
importance of individual information cues and measurement of
between-judge consensus.

Such studies were suited to

laboratory settings since orthogonalized cues, selected on
an a priori basis, could be used
Libby, 1981).
consistent.

(Hammond & Stewart, 1974;

The findings of these studies were
Models of subjects were found better predictors

than the subjects.

?Such a situation exists when the environmental model
is unstable. The Chow test (Chow, 1960) may be used to test
for structural stability of the model.
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Much of the recent research is a replication of earlier
work.®

In addition, a number of studies have addressed the

more difficult issues of how judges learn information
processing rules and the impact of data presentation,
feedback, information search, and other contextual variables
on behavior.

Swieringa et al.(1979) examined whether

decision makers adjust their cue-weightings to changes in
accounting rules used to produce the cues.

They measured

the change in the regression model of subjects' responses
resulting from a change from variable to full costing.
Their conclusion was that accounting changes have no effect
on subjects' cue-weightings.

Harrell (1977) in a

performance rating task studied the impact of feedback on
decision accuracy.
officers.

The subjects were 75 Air Force

They rated the performance of 32 hypothetical

pilots based on five cues.
influenced by feedback.

He concluded that decisions are

Moriarity (1979) examined the

effectiveness of multidimensional graphics in place of
financial statements.

Student subjects predicted the

failure of 22 discount retail firms on the basis of
financial data presented.

He found an increase in

prediction accuracy with use of graphics as a decision aid.
8

For instance earlier studies by R. Ashton (1974) and
Joyce (1976) were later replicated by Hamilton & Wright
(1977), Mock & Turner (1979), Ashton & Kramer (1980), and
Ashton & Brown (1980).
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The lens studies can be classified into three
categories on the basis of the information processing
issuesof primary interest (Libby & Lewis, 1982).

The first

category consists of Policy capturing studies that examine
the importance of different cues in the judgment process and
consensus among decision makers (R. Ashton & Brown, 1980; R.
Ashton & Kramer, 1980; Hamilton & Wright, 1977).

This

category of studies emphasizes information gathering.

The

second category evaluates the accuracy of judgments made
from a given data set (Libby, 1975; Abdel-Khalik &
El-Shesha, 1980; A. Ashton, 1982 & 1984).
model' studies fall in this category.

The 'man versus

Here the focus is on

information utilization and ways of improving accuracy
without changing the information cues is examined.

Accuracy

of environmental models, individuals' models and composite
groups is compared.

The third category includes studies of

the effects of task characterstics on achievement and
learning (Swieringa et al., 1979; Harrell, 1977; R. Ashton,
1981).

Since the focus of this study is improvement of

prediction accuracy, the second category is of primary
interest.

Man Versus Model of Man
One of the areas that lens studies research is the "man
versus model of the man" question.

In other words, can the

model of the decision maker replace the decision maker?
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Studies in the psychology literature agree that an
individual's model will typically outperform the individual
in a prediction situation.

In the Goldberg study (1970), 29

clinical psychologists made a diagnostic prediction on the
basis of each of 861 Minnesota Multiphasic Personality
Inventory (MMPI) profiles.

The psychologists rated each

profile on an 11 point scale.

A linear model was formulated

for each of the 29 psychologists.

Since criterion

information was available from hospital records, r a and r a «
were computed for each individual.

Results showed that r a •

was almost always greater than r a , indicating model's
superiority over individuals.

Wiggins and Kohen (1971) and

Dawes (1971) reached similar conclusions.
R. Ashton (1975) examines why models outperform
individuals.

He states that two important components of

human prediction are systematic bias and random error.
Systematic bias is a result of consistent overweighting or
underweighting of a particular cue.

Random error occurs

when the individual uses a particular cue in prediction
inconsistently.

While systematic bias is captured in the

individual's model, random error is eliminated when the
model is used for future prediction.

Tversky and Kahneman

(1974) state that biases in decisions may be caused by the
use of heuristic procedures or rules of thumb.

While

heuristics make a complex task comprehensible and facilitate
decision making, they may bias decisions and affect decision
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quality.

It is believed that the adverse affect of

heuristics can be minimized by making decision makers aware
of potential bias.9

However, use of heuristics is not

necessarily undesirable.

Libby (1981, p. 70) states that

heuristics could approximate the optimal solution in many
situations.

According to Einhorn and Hogarth (1981), the

use of heuristics is widespread because their benefits
outweigh their costs.
Libby (1975),

used a different model and measure of

predictive accuracy and observed superiority of the
individual over the individual' model.

Forty-three

professional loan officers from 12 banks predicted 60
industrial firms would fail within three years.

The bankers

were given five financial ratios and told that half the
firms had experienced failure within three years of the
financial statement data while the other half had not.
Since the criterion and the subject's responses were
dichotomous, discriminant functions were used to model the
subjects.

Prediction accuracy was determined by the number

of correct predictions out of 60 rather than correlation
coefficients as is typical in lens studies.
9

Libby (1981, p. 68) cites the manager training program
of Peat, Marwick, Mitchell & Co. Audit managers are
routinely sensitized to potential biases with the
expectation of minimizing adverse affects of heuristics.
However, this has yet to be established by research.
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Libby found that, on the average, the bankers predicted
44.4 firms correctly.

Twenty-six out of forty-three

subjects outperformed their models and seven tied.
subjects were inferior to their decision models.
attributed these results to two factors.

Ten
Libby

First, use of a

dichotomous criterion (failure vs. non-failure) resulted in
a better definition and more reliable measurement as
compared to previous studies.

Second, the subjects had a

higher degree of task related expertise than their
counterparts in other studies.

The tendency for individuals

to outperform their models is, perhaps, an indication of
non-linear information utilization which is also likely to
be non-monotonic; whereas, the models are linear and
monotonic.

R. Ashton (1975) provides another explanation.

He states that if predictions of real world situations are
made in a laboratory setting, it is impossible to provide
relevant cues for two reasons: 1) use of qualitative cues in
real world predictions that may be difficult to code and
2) use of a large number of cues.

Hence, the cue set in a

laboratory setting is generally incomplete for predicting
real world situations.

In such cases the individual's

predictions may be more accurate than those of the
individual's model.
A. Ashton (1982) used the lens model in a budgeting
context.

Real world data were used as cues for prediction

in a situation in which criterion values were available.
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Predictions of 13 Time Inc. executives, based on a five cue
set, were compared with predictions made by an environmental
regression model.

The subjects were personnel involved in

similar prediction tasks in practical applications.

The

study compared subjects' predictions, subjects' model
predictions, and the environmental model's predictions.

The

environmental model predictions were found to be more
accurate than those of subjects and subject's models.
In a subsequent study, A. Ashton (1984) compared
individual predictions with those of the environmental
model,

in this study, the environmental

eight independent variables.

model was based on

The actual predictions were a

consensus of a three-person committee.

The initial

regression model was developed from data for the period
1965-76, using 36 observations.

The model was updated at

the end of each year and used for making quarterly
predictions until 1981.

Prima facie, the results

substantiated the 1982 study, i.e., the environmental model
could successfully replace the subjects.

However, further

analysis revealed a systematic underprediction by
executives.

Adjusting executives' prediction by an average

bias reversed the earlier conclusions.

A. Ashton speculates

that the underprediction bias may be due to an assymetric
loss function.

if the cost of overpredicting is higher than

underpredicting, the executives in a real-world situation
are likely to underpredict.

When performance is linked to
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rewards, underprediction is, at times, preferred to
overprediction.
A. Ashton's (1984) finding contradicts earlier research
(except Libby's study) because it finds that human
predictions are superior to those of the environmental
model,

one explanation for the superiority of the subject's

prediction, cited by Ashton, is that the consensus
prediction used in her study may have minimized, if not
eliminated, random error affecting individual predictions.
Another reason could be the use of a fewer number of cues in
the model,

in the real world, unlike a laboratory

experiment, it is not possible to control information
supplied for decision making.

Hence, while models are

constructed on a limited set of cues, the subjects may use
additional information, thereby improving their predictions
over those of the models.
An alternative to replacing individual with his/her
model is to combine man and model in prediction situations.
Dawes and Corrigan (1974) suggest two possible approaches.
In clinical synthesis, the individual uses the model as a
decision aid by considering it an additional input to
his/her (intuitive) prediction process.

relationJhiH^^
performance to planning activities.

Goldberg (1968)

on
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found an increase in accuracy of judge when provided with
predictions of an environmental model,

in statistical

synthesis, the individual's prediction is treated as an
additional variable in his/her prediction model.
m

Research

statistical synthesis has produced conflicting results

(Emhorn, 1972).

Schmitt and Levine (1977) favor clinical

synthesis to improve prediction accuracy.

Clinical

synthesis is certainly more relevant in a complex decision
process because the final decision is of the man and not of
the model (Bowman, 1963).

Experiments in the Laboratory and the Real World
Most studies based on the lens model framework have
been conducted in laboratory settings.

The subjects,

frequently students, are provided orthogonalized and highly
diagnostic cuesll to facilitate interpretation.

As a

result, laboratory studies are highly abstract and do not
represent the less-structured decision-making situations
encountered in actual practice.

Real-world decision making

is based on based on a larger and less diagnostic cue-set
(Winkler & Murphy, 1973).

M

g h l

^ e L

34
While these studies have contributed to the development
of the lens model framework, poor external validity limits
their practical applications.

The conclusions of the

laboratory studies need to be corroborated in realistic
decision settings, and reasons for the differences, if any,
need to be investigated.

Further, if Human Information

Processing research is used to understand real-world
decision making and for decision improvement, further
research must be done in a real world setting (R. Ashton,
1982; A. Ashton, 1984).
Swieringa and Weick (1982) differentiate between two
types of realism in laboratory experiments —
and mundane.

experimental

Experimental realism is the degree of

seriousness with which the subjects take their task in a
laboratory setting.
laboratory research.

Such realism is essential for all
Mundane realism is the extent to which

laboratory events replicate real world events.
Artificiality in experiments enables researchers to create
conditions that do not exist now and to address "what if"
questions.

Mundane realism may make discovery and testing

of a theory more difficult.

Swieringa and Weick, however,

acknowledge the importance of, and need for, mundane realism
in complex situations of which experimenters have little
knowledge.

"Mundane realism is not necessarily a liability,

especially in early stages of inquiry." (S&W, 1982, p. 86)
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Recent experimental research has used real decision
makers like auditors, managers and financial analysts as
subjects.

This emphasis on primary decision makers is a

positive feature of human information processing research in
accounting.

Use of experts in complex decision-making tasks

increases the external validity of the research.

Realistic

experiments should be designed and conducted if the research
findings are generalized to real-world situations.
Lichtenstein and Feeney (1968) emphasize the use of experts
in making the experiments more realistic.

However,

individuals who make inferences and decisions in a
reasonably "optimal" fashion in the real world may behave
sub-optimally in experimental situations.

They usually use

a larger and less structured cue set in the real world than
the smaller and more structured cue set provided in an
experiment.

Winkler & Murphy (1973) suggest that a tendency

to devalue the more diagnostic information provided in
experiments results in less accurate decisions.
Libby (1975), Wright (1977) and R. Ashton (1974)
incorporated some of the following features to achieve
practical significance: (1) actual data as cues for
subjects' predictions and actual outcome data for accuracy
comparisons (2) the number and type of cues which closely
approximate the data set available in real world situations,
and

(3) a task that required predictions that subjects were
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accustomed to making.

However, an element of artificiality

still existed in their studies.

Predictions were made in a

laboratory setting using cues selected on an a priori
basis.
A. Ashton's (1984) field test of the BLM framework is a
significant study.12

it not only includes all the above

features, but is the only study to compare real-world
predictions with those of the environmental model.

Because

precise criterion values were available, the study used
average absolute error in prediction as the accuracy
measure.

A. Ashton provided initial evidence on the

superiority of individual predictions in the real world.
This finding showed the need for more studies in real world
settings.

Conclusion
The BLM framework is used extensively in accounting
research.

However, its use is 'partial' (right side only)

in most studies because of the lack of a criterion event.
If further research is done using situations where a
criterion event exists, the results can be generalized to
situations where criterion information does not exist or is
not available.

Recent research indicates an increasing

concern for realistic representation of decision
environments.

There is a need for testing the BLM framework

in a real world setting using expert decision makers.
12see pp. 30-32 for discussions.
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CHAPTER III

GROUP DECISION MAKING

In this chapter, the focus shifts from individual to
group decision making.

it is important to research group

decision making since most decisions are made by groups in
the real world.

Hart (1985, p. 209) states, "Few important

organizational decisions are made by individuals.
Complexity, social turbulence and uncertainty have forced
most administrative and strategic decision making into a
group or 'collective' mode".

Although psychologists have

conducted numerous studies on group decision making,
accounting researchers have focused on individual decision
making (Libby 1975; Lewis et al., 1983)1.

R. Ashton (1982,

P. 180)) notes a growing interest in group decision making
and attributes it to a desire to give accounting research a
more "practical" orientation.

Quality of Group Decisions
Brunswik (1955) stratified decisionmaking tasks on a
continuum of "intentional depth", depending on the number of
variables (cues) used and the degree of their relationship
.

/ L i b b y and Blashfield (1978) and A

Ashton

fiaoji
t h a t
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to the criterion value.

For example, predicting the number

of marbles in a bottle has little intentional depth, since
there are a few independent variables in the task and each
variable is highly correlated with the actual number of
marbles in the bottle.

In contrast, prediction of spot

prices for petroleum products has greater intentional depth
because of the larger number of variables involved, each of
which is only partially related to the criterion value.
Early studies of group decision making compared the
accuracy of an individual's judgment with a statistically
aggregated

(composite) judgment of several individuals

(frequently called a "statistized" group because its members
never meet).

The most common aggregation rule was a simple

arithmetic mean.
consistent.

The findings of these studies were

The judgments of statistized groups on tasks

with little intentional depth were significantly better on
average than individuals* judgments treated separately.2

A

second series of studies by Klugman (1947) and Zajonc (1962)
concluded that in tasks of high intentional depth, composite
group decisions may not necessarily be more accurate than
average individual decisions.

In fact, composite group

accuracy could be worse because of the incursion of

.
1924?

T

he tasks used were judging the room temperature
and the o r d e r of
light weights (Gordon,
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systematic error variance^.

In tasks with little

intentional depth, superiority of composite group judgments
may be an artifact of the averaging process over a large
number of individual judgments (Rohrbaugh, 1979).
More recent studies find that composite group accuracy
better in tasks of high intentional depth.

Goldberg (1970)

reports in a Minnesota Multiphasic Personality Inventory
(MMPI) profiles prediction task that accuracy of the
composite group (.35) was closer to that of the most
accurate judge (.39) than to the accuracy of the average
judge (.28).

In a budget-related prediction task, A. Ashton

(1982) found the composite group accuracy (.936) higher than
that of the most accurate individual (.898).
In an interacting group, individuals meet and discuss
to reach group decisions.

Gustafson et al (1973) suggest

that group discussions and interactions improve decision
accuracy above that of the average group member.

However,

Hall, Mouton, and Blake (1963), and Holloman and Hendrick
(1971) concluded that group decisions on tasks with
considerable intentional depth rarely match the performance
level of the most accurate group member.

Gustafson et al.

(1973) suggest superiority of interacting groups over
^The principal problem in using composite judgments is
the relatively high cost of the composite procedure. Having
all individuals in a group respond to all combinations of
cue levels as a basis for forming composite judgments is
likely to be considerably more expensive than simply using
an individual (A. Ashton, 1982).
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composite groups in prediction accuracy, particularly in
tasks of high intentional depth.

According to Social

Judgment theory (Axelrod, 1976), information about
differences in participants' judgment policies reduces
disagreement and improves the quality of group judgment.
Figure 3 depicts the relationship between prediction
accuracy and intentional depth for the interacting group,
the composite group, the most accurate individual and the
average individual. 4
Although interacting groups may outperform composite
groups in the quality of decisions, they fail to fully
utilize their members' potential resources.

Steiner (1972)

suggests that although potential performance increases when
group members interact (because of combined abilities and
insights), group discussion leads to increased process
losses that affect potential performance and results in
reduced prediction accuracy.

Van de Ven & Delbecq (1971)

suggest that interacting groups inhibit creative thinking.
He implies that groups are unable to perform well in tasks
of high intentional depth.
Steiner (1972) identified three factors critical in an
interacting group's performance:
which the group is faced
4

a) the type of task with

b) the resources at the group's

The figure is based on findings of some recent
studies. For instance, composite group accuracy is depicted
higher than that of an average individual (Goldberg, 1970).
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Fig. 3-- A comparison of prediction accuracy of Individuals, Composite
Group and Interacting Group.
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disposal (i.e., the expertise of the different group
members), and c) the process used by the group.

Group

judgment can be conceptualized to be a weighting and
combining of the judgments of the individual members.

The

process used by the group to attach weights to individual
decisions is critical.

Steiner enumerates the reasons why

groups do not weight individuals appropriately:
(a)

failure of status differences to parallel the
quality of the contributions offered by
participating members;

(b)

the low level of confidence proficient members
sometimes have in their own ability to perform the
task;

(c)

the social pressures that an incompetent majority
may exert on a competent minority; and

(d)

the fact that the quality of individual
contributions is often very difficult to evaluate.

Einhorn et al. (1977) developed four models to evaluate
interacting group decision accuracy.

The four models are:

(a) randomly picking a single individual; (b) weighting the
judgments of the individual group members equally;
(c) weighting the best member when known with certainty; and
(d) weighting the best member when the probability of
misidentifying the best member exists.

The highest accuracy

was obtained from the mean group in which individuals were
weighted equally followed by the group that followed the
"most accurate" individual.

Einhorn et al. (1977) caution

that the decision accuracy is a function of group size
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and individual biases, and further research must be done
before any conclusions are drawn.
Rohrbaugh (1979) compared decision accuracy of the
interacting group with a delphi group (statistized group in
which individuals revise their decision repeatedly based on
feedback) in a grade prediction task.

He found the decision

accuracy of the interacting groups to be significantly
higher than the accuracy of the delphi groups.

Social Loafing
Theoretically, interacting group performance should
equal the sum of individual efforts.

But Weldon & Gargano

(1985) found it is often less than the summed output of each
individual effort.

Though lack of coordination may be an

underlying cause, Steiner (1972) cited motivation loss of
individuals in groups as the major cause.

Individuals tend

to be more passive because of shared responsibility in
groups.
Latane, Williams & Harkins (1979) and Petty, Harkin &
Williams (1980) demonstrated a reduced level of personal
effort in interacting groups.

In two experiments in which

some of the subjects were led to believe that they shared
decision-making responsibility, Welden et al. (1985)
concluded that judges loaf when information processing
responsibility is shared.

In the first experiment,
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individuals evaluated a series of job descriptions.

Those

who believed that the responsibility for the task was being
shared were less accurate.

In the second experiment

individuals were found to be using more of the available
information.

The conclusion was that judges who shared

responsibility for the judgment task were not only less
accurate but exerted less effort than judges bearing sole
responsiblity for the outcomes.
Kerr & Brum (1981) and William, Harkins & Latane,
(1981) concluded that the anonymity often associated with
the group effort plays an important role in social loafing.
When individual contributions to the group are identified,
social loafing disappears.

Other research suggests that

personal responsibility is diffused in a group which may
affect group accuracy. 5

Welden et al. (1985) suggest

instilling a strong sense of social and personal
responsibility to reduce social loafing.

Effect of Justification and Feedback on Accuracy
An individual's decision making-process in a group
differs from that of the individual alone.
decisions need not be justified.

Individual

However, to influence

group decisions, individuals often support their position by
disclosing their rationale (Hagafors and Brehmer, 1983).
This creates a problem since decision making is a
5

See Kerr & Brum (1983).

Also Mullin (1983).
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quasirational process" (Hammond & Brehmer, 1973).

In tasks

of high intentional depth, justifying a decision is
difficult.

This could be because the individual has little

insight into his/her own decision process (Nisbett & Wilson,
1977).

Furthermore, the random error component in the

decision process may be difficult to explain (Brehmer,
1976).
These problems can be solved by analysis rather than
intuition.

In an intuitive mode of thought, the individual

acts in a random manner and is unable to rationalize his/her
decision (Hagafors and Brehmer, 1983).

In an analytical

mode of thought, the individual can explain the underlying
logic of his/her decision .

If future decisions are based

on similar logic, the individual will have a higher
consistency in the use of information cues (Hammond &
Brehmer, 1973).
In a disease-prediction task, Hagafors and Brehmer
(1983) support the hypothesis that justification of one's
judgments lead to higher consistency.

However, the effect

is limited to situations in which no feedback was provided.
An explanation for this may be that feedback causes
individuals to constantly reevaluate and revise their
judgment.

This causes individuals to be inconsistent even

if they provide justifications.

Hagafor and Brehmer support

the conclusions of Brehmer & Lindberg (1971) and Hammond &
Summers (1972) that omission of outcome feedback leads to
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increased consistency.

Hammond, Summers and Deane (1973)

state that in tasks where relationships between cues and
criterion are probabilistic, the outcome feedback has an
erroneous information component (noise) not predictable from
the cues.

This noise is detrimental to cognitive control

and reduces individual consistency or accuracy.

Conclusion
This chapter reviewed literature on group decision
making.

In tasks of high intentional depth, the decision

accuracy of an interacting group rarely matches the
performance of the most accurate member.

In addition

individuals tend to perform at sub-optimal levels in
groups.

One reason for this is the phenomenon of social

loafing.
A few studies in psychology and management literature
have compared composite groups and interacting groups
whereas research in accounting has not addressed this
issue.

Researchers have primarily focused on individual

versus group accuracy.

Studies that compare composite with

interacting groups suggest that although accuracy of a
composite group is higher than the average individual, it is
significantly lower than the interacting group.

A reason

for this may be the role of justification in decision making
and its positive impact on performance.
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CHAPTER IV

SPOT PRICE PREDICTION OF PETROLEUM PRODUCTS

The theoretical underpinnings of the spot price
prediction of petroleum products are discussed in this
chapter.

First, short term forecasting with econometric and

judgmental methods^ is reviewed and the effectiveness of the
econometric models in real-world forecasting is examined.
Then, the role of supply and demand factors on price is
examined.

Empirical support of the impact of these factors

on prices is discussed.

An understanding of the variables

involved is useful not only in understanding the
environmental model in this study, but for construction of
an optimal environmental model^ in future research.

The

chapter concludes with a discussion on efforts to use models
for spot price predictions of crude oil and petroleum
products.

^An econometric method has been defined as "a
quantitative approach that attempts to use causal
relationships in forecasting" (Armstrong, 1978, p. 549) It
includes simple, multiple and systems of multiple regression
equations. Some consider only a system of multiple
regression equations as an econometric method. Subjective
methods such as a jury of executive opinion, individual
assessments, use of composites etc. are judgmental methods
(Makridakis & Wheelwright, 1978, pp. 230 & 464).
2The optimal environmental model is based on
cues/variables that should be used to predict the criterion
event. The environment in the BLM framework is based on
cues that are actually used by the decision maker (R.
Ashton, 1982, p. 16).
56

57
Short-Term Forecasting—A Comparison of
Econometric and Judgmental Methods
Most textbooks on econometrics discuss short-term
forecasting.

Although seldom stated explictly, they imply

that econometric methods provide more accurate short-term
forecasts than judgmental methods (Chow, 1978).

Some

researchers support the suitability of econometric methods
for short-term forecasting.3

Kosobud (1970, p. 253) refers

to ". . . the growing body of evidence on the predictive
value of econometric models."

Worseick (1974) states that

the value of econometric methods in short-term forecasting
is fairly well-established.
Not all researchers accept the superiority of
econometric models.

In a survey of experts on the accuracy

of econometric methods in short-term forecasting, Armstrong
reports a consensus on the superiority of such models over
other methods.

He reviewed studies that compared

econometric and judgmental methods to obtain direct evidence
on the short-range predictive validity of econometric
methods.

He concluded that accuracy of econometric methods

is not significantly greater than judgmental methods.

Klein

(1982) considers short-term judgmental forecasts comparable
to those made by econometric models.

Wenglowski (1982)

considers judgmental forecasts superior to econometric
forecasts.
3

The advantage of a judgmental forecast is the

Also see Brown (1970) and Nadiri (1982).
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provision of a flexible framework conducive to incorporating
unexpected or unusual developments.

This is not the case

with econometric models which tend to perform in a
predetermined manner because the variable weights are based
on past relationships.
Researchers seem to have directed their efforts in
increasing the complexity of the econometric models.

Leser

(1968) notes long-term tendencies toward the use of more
variables, equations, complex functional forms, and complex
interactions among variables in ecomometric models.

He

attributes this to the belief that complex procedures are a
more realistic representation of the real world and
therefore, provide more accurate forecasts.
researchers subscribe to this point of view.

Not all
Bassie (1958,

p. 60) proposes a general rule that " the more a function is
complicated by additional variables or by nonlinear
relationships, the surer it is to make a good fit with past
data and the surer it is to go wrong sometime in the
future."
McLaughlin

(1973) examined the accuracy of forecasts of

12 econometric services in the United States.

These

forecasts were made by models that differed substantially in
complexity (although all were complex).

There were no

reliable differences in accuracy among these models.
Armstrong (1968) concluded that complexity and accuracy are
not closely related.

The popularity of the econometric
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model may be based on its usefulness in sensitivity analysis
rather than its predictive accuracy.
Econometric models are based on past data and
extrapolate from past experience.

Forecasts from such

models are likely to be conservative (Brewer, 1983).

The

researchers agree that a combination of judgmental and
econometric models is the best available option.

Unlike

econometric models, the judgmental approach provides
additional input to forecasts (Stern, 1984).
In a survey of use of forecasting methods, Wheelwright
and Clarke (1976) report that jury of executive opinion^
technique was most widely used by those familiar with
it(Table I).

The technique was used on an ongoing basis by

89 per cent of the firms that tried it.

The popularity of

regression analysis was about the same.

Of those firms who

had tried regression for forecasting, 91 per cent were still
using it.

Of those familiar with it, 76 per cent were

actually using it.

As can be seen from Table I, econometric

models were very popular and for those who had tried such
models, 88 per cent were still using them.
In conclusion, a comparison of the judgmental method
and the econometric model shows that both techniques are
comparable for short-term forecasting.

Ease of application

^This method is identical to decision making in an
interacting group discussed in Chapter III.
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TABLE I
USE OF FORECASTING TECHNIQUES

Method

Use of the
Ongoing Use of
Method by
the Method by Unfamiliar
Those Familiar Those Who Have
with the
with it
Tried it
Method

Jury of executive
opinion

82%

89%

6%

Regression analysis

76

91

8

Time-series

75

84

13

Sales force
composite

74

82

10

Index Numbers

67

85

33

Econometric models

65

88

12

Customer
expectations

57

78

15

Box-Jenkins

40

71

39

Source: Wheelwright and Clarke (1976)

is an important criterion in selection of the technique.
Application ease is impacted by the complexity of the
method, timeliness of the forecast that it provides, and
level of knowledge required for application.

It is

important that the forecaster is comfortable with the
technique used for the forecast to be effectively evaluated.
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Spot Prices of Petroleum Products
This section provides a theoretical background of
petroleum product price behavior.

Specifically, variables

affecting spot product prices are discussed.
are classified in two groups —

The variables

1) those affecting supply

and 2) those affecting demand of petroleum products.

In

addition, empirical evidence of the impact of spot crude oil
prices and OPEC crude oil prices is examined.

The technique

used to predict petroleum product prices depends on the
forecaster's time horizon.

Bosworth and Lawrence (1982)

suggest distinguishing between three time frames: a long
term of about twenty years, a medium term of three to twenty
years and a short term of less than three years.

For

long-term price predictions, variables such as income,
population growth, resource discoveries, and technology are
important.

In the medium term, volatile variables such as

business cycle fluctuations, and production capacities are
significant.

In short-term predictions, a range of

transitory developments (such as crop failures, strikes,
speculative booms, climate etc.) must be considered.
Factors likely to affect spot petroleum product prices are
reviewed in the following section.
Product Price Behavior
Price fluctuations on the spot product market occur on
a day-to-day basis.

Various explanations are offered for
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the volatility in price behavior.

Marquez (1984) attributes

it to the dominance of speculators "who are highly
susceptible to volatile shifts in expectations."

In an

attempt to explain stock price fluctuations, Keynes (1936)
states that in a market dominated by speculation, it may be
profitable for each participant to concentrate on
forecasting what others will do, rather than being concerned
with long term supply and demand factors.

Keynes states

that speculators tend to assign a dispropotionately high
weight to the current situation in forming their judgment.
Since long-run considerations are usually ignored, small
changes in present conditions cause wide price
fluctuations.

Spot markets for petroleum products are

similar to stock markets in many ways.

Spot price

fluctuations occur on a day-to-day basis and even
minute-to-minute basis.

Speculators are active in the

market and the price behavior reflects the effect of
speculation apart from the fundamental supply and demand
factors.^
Bosworth & Lawrence (1982) emphasize the role of supply
and demand forces in spot product prices.

The long-term

supply and demand have an impact on future prices.

This in

turn, affects the expected yield from holding inventories
(the holding gain).

If the return from holding inventories

is high, current demand increases, putting a strain on
current supply.

Spot prices move rapidly to incorporate

^See Appendix A.
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this new information and re-establish market equilibrium.
Thus, the volatility in spot prices does not stem from
irrational behavior, but reflects the impact of future
prices on current inventory demands.
The current demand for inventories increases with
increased probability of supply shortfalls.
demand forces make prices extremely volatile.

Supply and
For example,

when an embargo reduces the supply, demand for oil
inventories increases (see Figure 4).

Thus, the short-run

effect of an inward shift in the supply curve will be an
outward shift in the demand c u r v e — b o t h of which increase
prices.

Conversely, inventory demand declines when the

probability of interruption in supply decreases (Verleger,
1982).
Thus, variables that affect supply and demand impact
spot product prices.

Adelman (1972) enumerates the

variables that affect supply and demand of petroleum
products:
Variables affecting supply.
a)
b)
c)

World Crude Oil Production: indicates future
product availability,
World Refinery Production: indicates current
product availability, and
Inventory levels of crude oil and finished
products: indicates availability with oil companies
and customers and the extent to which market
demands can be met from the existing availability.

Variables affecting demand.
a)

World Consumption of petroleum products: actual
consumption of products affects the inventory
levels, and
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Fig. 4— Short-Term Crude Oil Price Behavior
Source: Verleger (1982, p. 24).
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b)

Seasonality: demand for petroleum products is
seasonal. Demand for products like Heating Oil is
higher in the winter months.

In conclusion, the literature reviewed suggests a
relationship between spot product prices and supply and
demand factors.

While these variables determine the

underlying trend in the spot prices, short-term fluctuation
in spot prices could be a result of a dominance of
speculators in the market.

The shifts in supply and demand

factors are usually not rapid enough to cause wide price
fluctuations.

Impact of Spot Crude Oil Prices
Another variable that may impact spot product prices is
spot crude oil prices.

Empirical evidence shows that when

the price of crude oil changes there is an inevitable
pass-through of such price changes (though not entirely) to
the prices of petroleum products (Figure 5).

The average

cost of imported crude oil for the seven largest OECD
economies increased from $2.53 a barrel to $11.35 in 1974
and $36.68 in 1981 (OECD, 1982).

This increase in crude oil

price for the 1973-81 period was approximately 32.7 per cent
P®r year.

The increase in product prices for the same

period was about 15 per cent per year.

For the period

January 1984 to April 1986, the average decrease in crude
°il prices was 62 per cent.

The decrease in product prices

for the same period was approximately 48 per cent.
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Impact of OPEC Prices
Spot crude oil prices reflect changes in OPEC or
official crude oil prices (Verleger, 1982).

There is a

close link between spot and official crude oil prices
(Figure 6).

This relationship is not unexpected since the

spot market is the surplus market that represents about 5
to 15 per cent of the total supply (OECD, 1982).

To

illustrate this relationship clearly, Verleger plotted spot
prices and official prices for African light crude oil.

In

Figure 6, spot prices are higher than the official prices
until 1979.

During this time, oil producers controlled

supply and sold at official prices.

In 1980, official

prices were higher than spot prices indicating excess crude
oil availability on the spot markets.

The producers were

unable to command official prices as plenty of oil was
available at lower prices on the spot market.

Spot Price Prediction Models
While several attempts have been made to model the
price behavior of crude oil, modeling spot product prices
has not been seriously attempted. 6

The wide fluctuation of

spot product prices makes the modeling task extremely
difficult and the models complex.
6

This section reviews some

It might be more correct to say that models for
predicting product prices may have been developed by some
oil companies and are proprietary information.
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simple models developed for predicting crude oil prices.
If, as discussed above, a relationship between crude oil
prices and product prices is established, these models, in
conjunction with judgmental methods, may be used to predict
product prices.
In a relatively simple model, Nordhaus (1980) predicted
crude oil spot prices with a maximum of two independent
variables.

The model was stated as follows:

Y = .977 X1

if U t i l < .97

or .430 Xi + .543 X1

X 2 if U t i l > .97

where,
= OPEC price of oil
^til

=

X2

= 5000 (U t i l - .97)2 + 1

ratio of oil demand to Oil Capacity

According to the Nordhaus model, spot prices are equal
to 97 per cent of the official prices when there is at least
a three per cent excess capacity (supply vis-a-vis demand)
in the world; but equal to an amount which is in excess of
the official price of oil when supply is tight.

The problem

with this model is the use of annual data by Nordhaus
(Verleger, 1982).

Prices of petroleum products fluctuate

frequently and this should be reflected in the model for
unbiased results.

In view of the current oil surplus where

OPEC is no longer a dominant force, the validity of this
model is open to question.
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Verleger (1982) studied the behavior of crude oil
prices and found a relationship between spot prices, crude
oil production, inventory level, and income levels.

He

formulated the following model:
Y = a + bX1

+ cX 2 + dX 3 + e

where,
Xj = Crude oil production
X 2 = Inventory levels
X3 = Income level
Although his results appear satisfactory (R2 = .93),
problem was the use of inventory data.
inventory variable to be insignificant.

a maj0r

He found the
A possible reason

for this could be that he used monthly inventory numbers
because more reliable short-term inventory numbers were
unavailable.

Prices fluctuate on a day-to-day basis and the

use of inventory numbers on a monthly basis could result in
the variable being insignificant.
The only published models for predicting product prices
were those of the Energy Information Administration (EIA).
The EIA (1985) developed models to predict prices of all
main products.

These models were developed for U.S. markets

and were found satisfactory (R2= .997
gasoline model).
gasoline is:

was

reported for

A modified version of the model for
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In(PWMG t ) = B c + B 1 ln(PCRUDE t ) + B 2 ln(XKMGt-i) + B 3
lnfPWMGt-i)
where:
PWMG t

_

PCRUDE t

=

pr

ice

spot

of

motor

crude

oil

gasoline at time t
prices

^ ~ stocks of gasoline at time t—1
^ 1

—

price of motor gasoline at time t—1

The EIA uses similar models for other petroleum products.
These models have not been tested for predicting spot
product prices in overseas markets.

Conclusion
The role of supply and demand forces in determination
of spot product prices was discussed in this chapter.

Some

important supply variables are: 1) Crude oil production;
2) Refinery production; and 3) Product inventory levels.
Two possible demand variables are: 1) Current product
consumption; and 2) Seasonality in product demand.

Apart

from supply and demand variables, spot and OPEC (official)
crude oil prices have an impact on spot product prices.
The suitability of econometric models for short-term
predictions was also discussed.

These models are often

criticized for being unsuccessful predictors.

Ascher (1978)

points to the lack of an empirical basis for model
construction.

Key parameter values are often postulated and
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relationships are assumed to follow mathematical forms with
little or no empirical support for their choices.

Most

researchers favor the use of econometric models in
conjunction with a judgmental approach.
Modeling of spot prices, particularly for products, is
in its infancy and serious problems have yet to be
resolved.

Recent evidence suggests that the predictive

success varies from one energy model to another.

Because of

this, the judgmental approach is widely used for predicting
spot prices in the real world 7 .
7

Based on the researcher's interviews with some experts
from the oil company used in this study.
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CHAPTER V
METHODOLOGY
Hypotheses
Most of the literature on human information processing
reviewed in Chapter III suggests the superiority of
environmental and individuals' models over individuals.
Models eliminate error caused by human inconsistency.
Studies in psychology^ conclude that although individuals
choose the correct decision strategy, they are inconsistent
in its application.

Models of individuals can minimize this

inconsistency (random error) and replace individuals.
Accounting researchers concur with these findings.2
However, the findings are based on research in artificial
laboratory experiments and needs to be validated in more
realistic settings.

In real-world situations, decision

makers may use information not captured by their by models.
This may result in the superiority of individuals over their
models.
1Dawes & Corrigan (1974), Slovic & Lichtenstein (1971)
and Goldberg (1968) are some of the most cited studies in
this area.
^See A. Ashton (1982) and Lewis et al. (1983).
However, studies in more realistic settings reached
different conclusions. Libby (1975) and A. Ashton (1984)
showed that in real-world setting individuals are more
accurate than models.
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Research shows that environmental models are superior
to individuals' models (A. Ashton, 1982).

Environmental

models eliminate human inconsistency and eliminate the
possibility of individuals misweighting cues.

However,

research in this area is limited as environmental models can
be formulated and their accuracy evaluated only if the
criterion information is available.

In accounting contexts,

criterion information is typically not available.
is available, it is generally imprecise.

When it

Therefore,

research in situations where precise criterion value exists
can be of immense value.

Accuracy of environmental models

can be tested and results may be generalized to situations
where criterion information does not exist or is
unavailable.
This study is based in a real-world setting.
Predictions of experts in a real-world task, with precise
criterion value, are examined to test the hypotheses.
first set of hypotheses to be tested are stated

The

(in

alternate form) as follows:
H

A1:

Predictions of the model of the individual
are more accurate than individual's
predictions.

H

A2:

Predictions of the environmental model are more
accurate than individual's predictions.

An alternative to replacing the individual by a model
is combining the individual and a model.

Researchers have
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studied the impact of combining the individual's model and
the environmental model with the individual on decision
accuracy.

The accuracy of the environmental model sets an

upper limit on decision accuracy.3

Chapter II (p. 32)

discussed two ways in which individuals and models can be
combined.

In statistical synthesis, the final decision is

obtained from a model.
conflicting results.

Research in this area has produced
Therefore, effectiveness of

statistical synthesis has yet to be established.

In

clinical synthesis models are used only as another cue by
the decision maker.

Research shows that clinical synthesis

improves prediction accuracy.

Some researchers consider

clinical synthesis more relevant in complex decision
tasks.4

in such situations models may not be very effective

and replacement of the decision maker not possible.
However, models may be used as decision aids.

In a task

such as the one used in this study, clinical synthesis is
more appealing as the final prediction is that of the
individual.

Therefore, the hypothesis to be tested is:

^In the lens model equation, r a = G R e R s , R e denotes the
extent to which the criterion can be predicted with the
available information set (R. Ashton, 1982, p. 20).
^Bowman (1963) and Goldberg (1968) provide strong
support for clinical synthesis.
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H^3S

Prediction accuracy of the individual improves
when predictions from the environmental model
are used as an additional cue.

The importance of researching group decisions in
accounting was discussed in Chapter III.

Some studies

demonstrate the superiority of composite groups over average
individual accuracy.

In this study the predictions of the

composite group and models of the composite group are
examined.

H

A4:

H^5:

The hypotheses to be tested are:

Predictions of the composite group are more
accurate than the average accuracy of the
individuals.
Predictions of the composite group are more
accurate than the average accuracy of the model
of the individuals.

A review of the literature on relative decision
accuracy of individuals and groups is given in Chapter III.
The accuracy of interacting groups is expected to be higher
than individuals because of a wider dissemination of
information and sharing of abilities amongst the group
members.

However, researchers have not been able to confirm

the superiority of interacting groups over individuals.
Weldon and Gargano

(1985) report the phenomenon of social

loafing whenever responsibility for information processing
is shared.

Kerr and Brunn (1983) state, "a sense of

personal responsibility for communal outcomes is diffused in
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a group setting".

Steiner (1972) attributes the inferior

group decisions to increased "process losses ^ during
interaction.
:

H^7:

Hence, the hypotheses tested are:
Average prediction accuracy of the individuals
is higher than prediction accuracy of the
interacting group.
Average prediction accuracy of the models of
the individuals is higher than the prediction
accuracy of the interacting group.

Process losses in interaction are also responsible for
lower decision accuracy of the interacting group as compared
to the accuracy of the composite group (Rohrbaugh, 1979).
While individuals in a composite group are assigned equal
weights, the interacting group may not weight them
appropriately.®

This may result in better accuracy of

composite groups.

Hart (1985) found that interacting groups

inhibit creative thinking which results in the group
exploring fewer options.

Decisions are made to minimize

disagreement among group members.
accuracy suffers.
actually meet.

As a result, decision

In a composite group, individuals do not

Decisions are made individually and combined

5 A reduction in interacting group's accuracy from its
potential performance is attributed to the "process loss".
Some of the factors responsible for process losses are
discussed in Chapter III (p. 47). Also see Van de Ven and
Delbecq (1971).
6

Steiner (1972) cites reasons for misweighting the cues
to be status differences of individuals and social pressures
by the incompetent majority in interacting groups.
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mathematically to form composite group decisions.

The

problems and some advantages of interacting groups are not
present here.

The hypotheses to be tested are:

Predictions of the composite Group are more
accurate than the predictions of the
interacting Group.
H^9:

Predictions of the model of the composite group
are more accurate than the predictions of the
model of the interacting group.

Finally, actual predictions made in the course of
real-world activity are compared with predictions of
models.

The purpose of such a comparison is to validate

laboratory results about the superior predictive accuracy of
models over human decision makers.

A. Ashton (1984)

compared the real-world decisions of a three-member
interacting group with an environmental model.

She found

group predictions to be more accurate than model
predictions.

She attributed this result to the possibility

of the group using more information than was incorporated in
the model.

If adequate care is taken to ensure that models

are built with all the information cues used by the decision
makers, then will the results still be the same?

Is the

superior accuracy of decision makers caused by some
unexplained characteristic of the real world?

The

following hypotheses are tested to answer these questions:
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H

A10:

Predictions of the model of the interacting
group are more accurate than predictions
of the interacting group.

H

A11:

Predictions of the environmental model are
more accurate than predictions of the
interacting group.

Setting for the Study
A large multinational petroleum marketing and refining
company was chosen for this study.

The decision-making task

for testing the hypotheses is prediction of spot prices for
petroleum products on the Singapore market by executives of
the multinational petroleum company.

This prediction is

made routinely by this company.

Task Description
A committee of six executives was formed in early 1985
and made responsible for predicting spot prices on the
Singapore market.

The committee is composed of individuals

from planning, product trading, refinery processing and
supply departments.
its members.

The predictions are a consensus among

The committee meets every two weeks to predict

product spot prices 45 days hence.
for the following products:
1.

Heating Oil (Fuel Oil)

2.

Gas Oil (Diesel Oil)

3.

Naphtha

4.

Gasoline

5.

Kerosine

Price forecasts are made
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Prediction of spot product prices is a key input in
crude oil purchase decisions.

Every two weeks the company

purchases crude oil for processing at its Singapore
refinery.

The type of crude oil purchased determines the

production pattern (quantities and types of products) at the
refinery.

There is a 45-day time lag between the purchase

of crude oil and availability of finished products from the
refinery.

The expected price <~f the products after 45 days

determines the type and quantity of crude oil purchased.

If

price expectation of a certain product is high, then crude
oil that maximizes that product's yield will be purchased to
optimize profits.

In the case of low price expectations,

the company minimizes production of those particular
product(s).

Accuracy in product-price predictions is

crucial because the company's profit margins will suffer if
the actual price and predicted price differ.

Consequently,

price predictions have a direct impact on the company's
profitability.

The Present Study
This study examined spot price predictions in the
company and compared prediction accuracy of individuals,
composite group and interacting group.
heating oil and gas oil were studied.
two parts.

Price predictions of
The study was done in

First, a laboratory experiment was conducted in

which the executives involved in product price predictions
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were used as subjects.

Care was taken to ensure that the

real-world information was used in the experiment.

In the

second part, actual predictions made by the group over a 15
month period were studied.

Data obtained from both parts of

the study were analyzed to test the hypotheses.

The Predictor Variables
A series of unstructured interviews with each subject
was used to elicit cues used in the prediction process.

The

subjects were asked to explain the reasons for the use of
each cue and the sources of data for the cues.

The

following variables are derived on the basis of these
interviews.

It may be noted that some cues are different

from the ones suggested by Adelman (1972).

Adelman's

suggestions are for a general price prediction model.

For a

specialized application such as price predictions on the
Singapore market, variations from the cue set suggested by
Adelman may be necessary.
are numerous.

The sources for information cues

The executives refer to publications such as

the Petroleum Intelligence Weekly, Piatt's Oilgram and OECD
Quarterly for statistics.

Since the published information

is not very current, the company subscribes to the services
of a consultant to provide statistics on demand and supply
of petroleum products.
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The following cues were identified:
1.

Current price of the product on the spot m a r k e t . —

Fluctuations in spot prices are similar to stock prices.
The prices may change from day to day or even within a day.
The current price refers to an average price for the product
on a particular day.

The forecasting group is kept advised

of the daily spot prices by the company's representatives in
Singapore.

Spot prices are quoted in '$ per barrel' for gas

oil and '$ per ton' for heating oil.
2.

Price of the product two weeks ago on the spot

m a r k e t . — The group meets every two weeks to make the price
forecasts.

The prices used in the previous meeting (now two

weeks old) are reviewed and compared with the current prices
to study the price trends.
3.

Current price of Dubai crude oil on the spot

m a r k e t . — Dubai crude is a major crude oil traded in the
Middle East.

It is the company's experience that the price

behavior of this crude oil is a fair indicator of the
current world oil markets.

Current crude oil price is

considered an important cue for predicting product prices in
the short term (one to three-month period).

The lead time

for converting crude oil to finished products is one to six
months.

This, of course, depends on the location of the

refining facilities, port facilities and transport
availability.
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4.

OPEC crude oil production.— The crude oil

production of the OPEC countries is an important cue for
prediction of short-term price forecasts for crude oil and
petroleum products.

The production by OPEC countries

maintains the world supply and demand balance.

If the

production is increased, the world supply goes up and as the
demand does not change in the short run, the prices move
downwards.

The numbers used for OPEC oil production are in

'Thousands of Barrels* and represent the total crude oil
production over a 30-day period.
5.

Global average daily product s a l e s . — This

represents the average daily product sales for the world
excluding Soviet Bloc countries.
6.

Global product stocks.— The world product stocks

(excluding the Soviet Bloc countries) represent the product
at refinery and storage points.

Ideally, the executives

would like to include the stocks in customers' storage tanks
to assess the total product availability.

In view of the

unavailability of customer stocks, these numbers are not
reflected in the global stocks.
7.

Global crude oil s t o c k s . — These represent the

current world crude oil stocks (excluding the Soviet Bloc).
When the group meets for price predictions, they also
estimate the current crude oil stocks based on the
consultant's report.
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8.

Global average refinery thruputs.— These numbers

represent the average quantity of crude oil being processed
by refineries all over the world
bloc).

(excluding the Soviet

The refinery thruputs indicate current production

levels and the short term supply situation.

The Laboratory Experiment
This study examined ex post real-world predictions made
by a group of executives.

Individual predictions were

compared with group predictions to investigate individual
versus group prediction accuracy.

However, only real-world

group predictions were available since predictions were not
formally made on an individual basis.

Therefore, for the

purpose of this study, individual predictions were obtained
through a laboratory experiment and compared with real-world
group predictions.
Care was exercised to reproduce the real world
prediction situation in the experiment.

It was essential to

ensure mundane realism for proper comparability.

The

problems of mundane realism, cited by Swieringa and Weick
(1982), are not relevant to this study.

S&W consider

mundane realism undesirable because between-subject
comparisons are confounded with "expertise", and it is
difficult to study the impact of variables under
manipulation.
to this study.

The between-subject effects are not relevant
The purpose of the laboratory experiment in
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this study is to generate individual predictions with given
data sets.

While the individuals were specifically asked

not to use any information cue not provided in the
instrument, they were encouraged to apply thought processes
similar to the ones they used in the real-world price
predictions.
All researchers strive for experimental realism to
attain any meaningful results.?

Proper care was exercised

to ensure experimental realism in this study.

The company

agreed to participate in this study and instructed the
forecasting group to cooperate.
strong interest in the research.

The members expressed a
They voluntarily provided

verbal and written comments which suggested that they
approached the task with enthusiasm and viewed their
participation as challenging.

Procedure
The prediction task in this study can be categorized as
one of high intentional depth. 8

A large number of cues

(predictor variables) are used and the relationships between
7

See Swieringa and Weick ( 1982).
(1982) and Hogarth (1982).
8

Also R. Ashton

The term "intentional depth" was first used by
Brunswik (1955) and later articulated by Rohrbaugh (1979).
Decision-making tasks can be placed on a continuum of
"intentional depth". The number of variables in the task
environment and the extent of their correlation with the
criterion determine the position of the task.
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the cues and the event are not well defined.

Data for a 15

month period were used to construct 43 cases for each
product (refer to Appendix B for a sample illustration).
The 43 data sets for each product were presented in random
order in a booklet.

Therefore, the subjects did not know

the time period for which they were predicting.

A cover

letter provided instructions and stated that their
predictions should be based on the data provided.

Each page

of the booklet contained a different case and the subjects
were asked to respond to all cases in an uninterrupted time
period, in the sequence arranged, without referring to
previous cases.
six.

The booklets were numbered from one to

Subjects were requested not to write their names on

the booklet and anonymity was assured.

They were told that

a summary of experimental results will be provided and
booklet numbers will be used to identify the subjects.

The

researcher personally handed out the booklets to each
subject and kept a record of the booklet number and the
individual to whom it was given.

They received the research

instrument in their office and were asked to complete and
return it within a week.

They were encouraged to seek

clarifications, if any, about the test instrument or the
procedure to be followed.
The booklets were completed in a week's time and
collected by the researcher.

The subjects were debriefed
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individually and their reactions recorded.

They were

specifically asked to comment on the test instrument.

Most

of the subjects felt that the information provided in each
case was similar to the one used for real-world predictions.

Real-World Predictions
The second part of the study evaluates prediction
accuracy of the interacting group and compares it to
individuals and environmental models.

The data on

individual predictions was obtained from the experiment.
Predictions of the interacting group were the actual
predictions made by the subjects in a group over a period of
15 months and were obtained from company records.

Hypotheses Testing
Individual prediction accuracy was obtained by
comparing predictions with archival actual spot prices.
Linear models of the individual and the environment were
constructed using the cues as independent variables.
Hypotheses

and H^2 were then tested.

Apart from the cue

values the subjects were provided predictions of the
environmental model as an additional cue to test hypothesis
H A 3A composite group was formed by averaging individual
predictions made during the experiment.

A model of the

composite group was constructed using the composite group
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predictions as the dependent variable and the cues as the
independent variables. Predictions made during the course of
actual activity by the interacting group were used to
construct the interacting group model.

The remaining

hypotheses were then tested.

Construction of Linear Models
Stepwise regression procedure was used to construct
linear models of subjects and the environment.

While

stepwise procedure has certain advantages over the
forward-selection and backward-elimination procedures, it
does not guarantee that the set of variables finally arrived
at are optimal.9

The technique used in this study to

overcome this drawback was to rerun all possible regressions
with the variables obtained in the final step of the
stepwise regression.
Significance levels of 5 percent or less are generally
specified to exclude variables that do not contribute to the
predictive power of the model.

However, the choice of

significance levels is purely arbitrary and if the purpose
is to use the model for prediction, a different criterion is
used.

Most of the variables considered have some predictive

power, however small.

If a model that provides the best

prediction is to be developed from the given data set, a

^Variables are considered optimal if they minimize the
residual sum of squares (Maddala, 1977, p.126).
lOsee Draper and Smith (1981, p.313).
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more moderate significance level can be chosen.

A range of

10 per cent to 25 per cent is used to guard against
estimating more parameters than can be reliably estimated
with the given data s e t . H

In this study, the primary

purpose of the linear models is prediction.

Hence, a

significance level of 25 per cent was chosen to incorporate
most of the variables with any predictive power.

Cross Validation of Models
Most laboratory studies do not permit collection of
sufficient data to permit cross validation of models.

The

accuracy of a model will be lower if it is developed on a
subset of observation and then used on the hold-out
sample.I 2

Allen (1971) suggests a cross-validation

technique, the PRESS procedure.

One observation is left out

at a time and a model is fitted to the rest of the data.
The omitted observation is then predicted from the model and
validated by comparing it with the actual value.
(1975) suggests the hold-out sample approach.

Geisser

Of the total

of *n' observations, a subset of 'm' observations are
treated as the hold-out sample.

The model is fitted to

'(n-m)' observations and validated on 'm' observations.

The

PRESS validation is relatively less robust than the hold-out
i;l

SAS (1982).

12a. Ashton cross validated models by updating
periodically and examining the shift in the R^ values.
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approach.

Models are fitted, at a time, on all but one

observation.
each model.

Only one forecast is used for validation of
The hold-out sample technique is widely used

when sample size permits splitting the sample.

However,

when sample size is small, enough observations may not be
available to form a hold-out sample.
can be used in such cases.

The PRESS technique

In this study, the PRESS

technique was used to cross validate the models.

Theil's Inequality Coefficient
Theil's inequality coefficient-^ is a widely used
statistic to test the accuracy of prediction models.

The

predictions of the models are compared with the actual
values with the help of the Theil's coefficient 'U'
calculated as follows:
I

\
u =

I

V-

s
/ s/i

V4'1

L(Y
-r)
"tsl

sr

Hy +J
where,
Y s = Prediction of the model,
ya = Actual value, and
T = Number of observations in the hold-out sample.

l^The inequality coefficient was introduced in H.
Theil, Economic Forecasts and Policy (1961, pp. 30-37)
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The value of 'U' will always fall between 0 and 1.
ys = ya

an( j

there is a perfect fit.

If U=0,

If U = 1, the model's

performance is the worst possible.

Measuring Prediction Accuracy
The measure of prediction accuracy used in the lens
model framework is the correlation coefficient between the
predicted and the criterion values.

Maddala (1977, p. 345)

points out that this measure does not penalize the
forecaster for systematic bias.

Thus, a forecaster who

always underestimates the criterion values by 50 percent,
receives a perfect score.

To overcome this problem, the

following alternative measures have been suggested:
1. Average Absolute Error ( A A E ) . 1 4 — This is calculated
by adding the absolute of the individual errors and dividing
by the total number of observations.

The formula for AAE is

where,
Ys

= Prediction of the model,

Ya

= Actual value of the corresponding event, and

n

= number of observations.

2. Mean Absolute Percentage Error (MAPE).15— This is a
useful indication of accuracy and gives an indication of the
quality of forecast.
14

S e e Maddala (1977, p. 347).

15

S e e Makridakis (1978, p. 570).
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The equation for computing MAPE is given by

I
MAPE =

I PEtl

—
r\

Where,
PE t

=

(V s -^ v a )

x 100

y3"
Ys

= Prediction of the model,

Ya

= Actual value of the corresponding event, and

n

= number of observations.

Conclusion
The hypotheses to be tested in the study were developed
in this chapter.

The information needed to test the

hypotheses was 1) Predictions of the individuals,
2) Predictions of the interacting group, and 3) actual spot
prices.

Predictions of individuals were obtained through a

laboratory experiment.

The interacting group predictions

were obtained ex post from the company's records.

The

source for spot prices was published information.

The

accuracy of the individuals, the composite group, and the
interacting group and their models is evaluated in the next
chapter.
discussed.

The results and their implications are also
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CHAPTER VI

DATA ANALYSES AND RESULTS

This chapter contains an explanation of the procedures
used in analyzing the data and presents the results of this
research.

The discussions in this chapter address the

research questions raised in Chapter V.

In the first part

of the chapter, prediction accuracy of the following are
examined:
1.

Individuals

2.

Model of the individuals

3.

Composite group

4.

Model of the composite group

5.

Interacting group

6.

Model of the interacting group

7.

Environmental model

Three commonly used measures of accuracy —

correlation

coefficients, Average Absolute Error (AAE) and Mean Average
Percent Error (MAPE) are used.l

In the second part of the

chapter, prediction accuracies are compared to test the
hypotheses stated in Chapter V.

The impact of biases on

prediction accuracy and the effectiveness of clinical
synthesis is also examined.
Isee p. 94 for discussions.

99

100

Prediction Accuracy of Individuals, Composite
Group and Interacting Group
Prediction error is defined in this study as the
difference between the predicted spot price and the actual
spot price.

The objective of the product price predictions

is to predict the actual price accurately.

Underpredictions

as well as overpredictions are undesirable as they result in
erosion of profitability.^
Spot price predictions for two products
and gas oil —

heating oil

were examined over a period of 15 months to

study prediction accuracy of the individuals, the composite
group and the interacting group.

A total of 31 cases

representing actual prediction situations every two weeks
during the 15-month period were used.

Tables II and III

show prediction accuracy for each case for heating oil and
gas oil respectively.

The AAE for individuals, in heating

oil price predictions, varied from $10.16 to $13.80.
MAPE varied from 9.38 per cent to 12.76 per cent.

The

The

individual accuracies for gas oil were higher than those for
heating oil and varied from 7.41 per cent to 9.57 per cent.
The AAE for gas oil predictions varied from $1.78 to $2.27.
Actual prices of the two product are substantially different
and, therefore, AAE is not a suitable measure for comparison
of between-product prediction accuracies.

Individual No. 4

was the most accurate predictor for both products (MAPE of
2

See Chapter V, p. 82.
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TABLE II
COMPARATIVE PREDICTION ACCURACY OF INDIVIDUALS,
COMPOSITE GROUP AND INTERACTING GROUP
FOR HEATING OIL

Individual

NO.

1
2

3
4
5
6

7
8

9
10
11
12

13
14
15
16

17
18

19
20
21
22

23
24
25
26

27
28

29
30
31
AAE
MAPE

(Composite
Group

nteracting
Group

5.75
4.50
0.17
2.67
7.17
8.83
+19.08
+23.00
+13.50
+10.42
+ 2.42
+ 0.19
- 6.76
- 7.73
- 2.79
+ 0.51
+ 4.74
+
+ 8.97
6.30
- 0.83
- 5.90
- 3.35
+12.50
+31.00
+45.33
+62.92
+39.67
+23.50
+ 7.75

6.00
4.00
1.00
5.50
4.00
9.00
+22.50
+22.50
+19.50
+ 9.00
+ 1.50
+ 1.97
- 4.44
- 5.35
- 0.14
+ 2.58
+ 6.48
+11.72
+ 9.84
+ 2.61

6.00 - 1.00
3.00
7.50 16.00
- 1.00
4.00
6.00
3.00
-16.00
8.00
2.00
6.00
0
.
0
0
1.00
1.00
4.00
- 3.00
5.50
6.50
6.50
9.50
6.50
0.50
6.00
7.00
6.00
1.00
7.00
+16.00
+10.00
6
.
0
0
6.00
6.00 +15.00 +10.00
2.50 +22.50 +22.50
+27.50 +27.0 +12.50
+23.50 +23.50
+21.50
+29.50 +28.50 +11.50
5.50
+15.50
5.50
+14.50 +24.50 +15.50
+13.00
6
.
0
0
1.00
8.00
+21.00 +13.50
0.50
1 ,50
4.50 - 3.50
1.50 +10.00
3 ,00
3.00 - 3.00 - 3.00
1.50
8.00
6 ,50
9.50 -13.50 - 6.50
4.50
1.50
7 .00
4.00 -10.50 -12.00
5.50
7.00
1 .50
8.50
2.50
0.50
8.50
1.50
1 .00
3.00
3.00
2.50
5.00
4.00
0 .50
1.50
5.50
6.50
0.50
9.50
6.00
7.00
8.00
3.00
+13.00 +11.50
6.50
4.50
3.50
9.50
1.50
1.50
3,,00
2
.
0
0
2
.
0
0
3.50
4.00
- 1.00
2 ,50
2.50
2.50
0.50
4.50
-12.50
1 ,00
9.00
1.00
2.50
2.00
- 4.00
+16.50
8.50
+13.50
8.50
+16.50
+11.50
+33.00 +30.50 +31.00 +31.00 +30.00 +30.50
+41.00 +45.00 +48.00 +41.00 +46.00 +51.00
+57.00 +61.00 +68.50 +62.50 +60.50 +67.50
+48.00 +45.00 +39.00 +13.00 +45.00 +48.00
+34.50 +23.50 +14.50 +19.50 +29.50 +19.50
5.00 +15.00
9.00
2.50
5.00
+10.00
- 6.50
hll.50
-10.50
0.50
b
6.50
- 1.50
5.00
5.50
5.00
5.50
5.00
• 5.00
13.80
12.76

13.61
12.24

12.54 10.16 12.90 12.79
11.67% 9.38% 12.16% 12.25%

*A11 figures except MAPEs in $/ton.

- 6.00

+ 3.50
11.99
11.31%

-

2.80

- 0.96
+ 4.50
+25.50
+36.00
+62.50
+70.00
+63.50
+69.00
+62.50
+35.00
19.04
20.38%
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TABLE III
COMPARATIVE PREDICTION ACCURACY OF INDIVIDUALS,
COMPOSITE GROUP AND INTERACTING GROUP
FOR GAS OIL

Individual

No.
1
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
AAE
MAPE

Composite
Group

+ 0.40
+ 0.95
+ 1.25
+ 2.45
+ 2.50
+ 1.30
+ 0.50
+ 0.35
- 0.25
- 0.15
- 0.40
+ 1.35
+ 1.70
+ 1.40
- 0.55
- 0.90
- 0.25
- 0.50
- 1.15
- 3.35
- 2.90
- 0.95
+ 1.60
+ 3.10
+ 5.75
+14.60
+11.45
+ 3.25
+ 0.50
- 3.35
- 1.50

2 •
- 0.90
•
+ 0.10
•
+ 0.60
•
+ 1.50
+ 0.85
+ 0.55
+ 0.35
- 0.15
- 0.45
- 0.45
- 0.60
+ 1.30
+ 1.30
+ 1.30
- 0.90
- 1.10
- 1.25
- 0.50
- 1.75
- 3.10
- 3.15
- 0.95
+ 2.45
+ 3.50
+ 5.05
+ 5.90
+10.55
+ 8.71
+ 4.90
- 1.10
- 0.55

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

2.12
2.27
9.56?> 9.26?k

0.65
1.65
1.45
2.30
1.50
2.80
2.80
0.15
0.65
0.35
0.10
2.15
2.70
1.40
0.55
1.10
2.25
1.75
1.25
3.85
1.90
0.10
2.60
2.40
4.75
7.30
5.95
4.25
2.00
4.35
0.10

•
•f
f
•
+
•
+
•
+
•
+
+
+
+
+
+
+
+
+
+
+
-

0.85
0.85
0.85
2.05
1.60
2.00
0.50
0.15
0.15
0.65
0.80
0.85
1.20
0.70
1.05
1.10
0.75
0.25
1.35
2.95
3.15
1.10
1.10
3.10
3.75
5.30
5.95
0.75
1.10
4.85
4.50

6

5

4

3

•
+
•
+
•
+
+
+
+
+
+
+
+
+
+
+
+
+
+

0.35
0.85
1.45
1.95
1.50
1.80
0.80
0.15
0.45
0.65
0.60
0.65
1.35
1.30
0.25
1.10
1.25
0.75
1.75
3.10
3.15
1.60
1.60
2.60
5.75
6.70
7.95
4.25
4.00
1.85
0.25

Interacting
Group

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

1.99
1.78
2.16
8.73?i 7.41?k 8.24?

*All figures except MAPEs in $/bbl.

0.65
1.85
1.40
2.30
2.55
1.35
0.80
0.10
0.65
0.44
0.60
1.65
1.35
1.00
0.75
0.90
1.00
0.25
1.40
2.85
3.15
0.85
2.10
3.85
6.25
7.30
6.95
8.75
4.50
1.35
1.50
2.25
9.57%

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.07
1.04
1.17
2.09
1.66
1.63
0.96
0.03
0.43
0.33
0.48
1.33
1.61
1.18
0.79
1.03
0.38
0.00
1.03
3.20
2.90
0.89
1.91
3.09
5.22
7.85
8.13
4.99
2.47
2.81
1.28
1.99
8.40%

- 1.35
+ 0.60
+ 1.35
+ 2.25
+ 1.50
+ 1.20
+ 0.05
- 0.40
- 0.50
- 0.45
- 0.15
+ 0.90
+ 0.60
+ 0.40
- 0.10
- 0.25
- 0.75
- 0.50
- 1.90
- 2.85
- 3.65
- 2.85
- 0.15
+ 0.10
+ 5.25
+ 8.30
+13.95
+13.50
+11.75
+ 9.65
+ 9.00
3.10
15.02%
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9.38 per cent and 7.41 per cent).

Individual No. 1 was the

worst predictor for heating oil and next to worst for gas
oil (12.76 per cent and 9.56 per cent).
A comparison of the AAEs and MAPEs of the individuals,
the composite group, and the interacting group showed that
for heating oil individual No. 4 was the most accurate (AAE=
$10.16 and MAPE= 9.38 per cent), followed by the composite
of individuals (Table IV).

Predictions of the composite

group were obtained by averaging individual predictions.

TABLE IV
RANKING OF INDIVIDUALS, COMPOSITE GROUP
AND INTERACTING GROUP

Heating Oil
Prediction by

MAPE
%

Rank

Gas Oil

AAE RANK
$/ton

MAPE
%

RANK

AAE RANK
$/bbl

Individual
1
2
3
4
5
6

12.76
12.24
11.67
9.38
12.16
12.25

7
5
3
1
4
6

13.80
13.61
12.54
10.16
12.90
12.79

7
6
3
1
5
4

9.56
9.26
8.73
7.41
8.24
9.57

6
5
4
1
2
7

2.27
2.12
2.16
1.78
1.99
2.25

7
4
5
1
2
6

Composite
Group

11.31

2

11.99

2

8.40

3

1. 99

2

Interacting
Group

20.38

8

19.04

8

15.02

8

3.10

8
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The MAPE values for heating oil and gas oil of 11.31 per
cent and 8.40 per cent indicate that accuracy of the
composite group is not higher than each individual.

The

accuracy of the interacting group is the lowest ($19.04 and
20.38 per cent).
predictions.

The results are similar for gas oil price

Individual No. 4 and the interacting group are

the most and least accurate respectively.
Prediction Accuracy of Models of Individuals,
Composite Group and Interacting Group
Table V and VI indicate prediction accuracies of models
of the individuals, the composite group, and the interacting
group.

The model of individual No. 4 was the most accurate

for heating oil (AAE = $11.21 and MAPE = 10.25 per cent).
The model of the interacting group with AAE = $19.84 and
MAPE = 21.18 per cent was the least accurate.

Similarly,

the model of individual No. 4 was the most accurate for gas
oil (AAE = $1.69 and MAPE = 7 . 3 6 per cent) and the model of
the interacting group was the least accurate (AAE = $3.21
and MAPE = 15.35 per cent).

In the case for all but one

individual, the models of the individuals were more accurate
than the individuals themselves.

As discussed in Chapter II

(p. 28), elimination of random error in prediction makes
models more accurate.

However, the models of Individual No.

4 and the interacting group were less accurate than the
individual and the group for both products.

An explanation
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TABLE V
COMPARATIVE PREDICTION ACCURACY OF MODELS OF INDIVIDUALS,
COMPOSITE GROUP AND INTERACTING GROUP
FOR HEATING OIL

i

No.

Individual
1

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
AAE
MAPE

- 0.49
- 2.23
- 7.37
+ 7.31
+ 9.18
+12.65
+25.18
+26.96
+23.35
+12.96
+ 6.75
+ 0.19
- 6.76
- 7.73
- 2.79
+ 0.51
+ 4.74
+ 8.97
+ 6.30
- 0.83
- 5.90
- 3.35
+ 7.06
+29.59
+44.71
+60.97
+45.60
+25.05
+10.09
+ 3.77
+ 9.24

2
- 7.40
- 7.72
+ 0.96
+ 4.91
+ 7.93
+13.65
+28.33
+29.41
+24.86
+13.62
+ 7.73
+ 1.97
- 4.44
- 5.35
- 0.14
+ 2.58
+ 6.48
+11.72
+ 9.84
+ 2.61
- 2.80
- 0.96
+ 9.13
+31.04
+45.21
+60.51
+43.11
+21.52
f 5.26
- 0.36
f 6.52

3
-10.83
-10.40
- 2.75
- 2.72
- 2.99
+ 1.42
+15.69
+16.58
+1.34
+ 9.33
+ 3.99
- 2.40
- 4.70
- 7.64
- 4.93
- 2.02
+ 3.15
+ 5.69
+ 7.21
- 0.24
- 1.55
+ 1.92
+10.46
+30.81
+45.84
+63.84
+40.15
+16.76
+ 6.50
- 8.08
- 6.85

4
- 6.36
- 5.62
- 7.31
+ 4.30
+ 3.15
+ 4.53
+14.69
+18.47
+11.53
- 6.41
- 3.87
- 7.64
-15.24
-11.34
- 4.13
- 5.25
+ 0.22
+ 4.62
+ 0.88
- 2.71
- 7.36
- 1.99
+13.08
+31.36
+42.92
+57.71
+32.20
+13.03
- 4.95
- 2.15
+ 7.90

5
- 5.21
- 4.57
+ 1.92
+ 5.67
+ 5.86
+ 8.84
+20.82
+21.11
+17.02
+ 7.98
+ 0.04
- 4.62
- 9.08
-11.32
- 6.69
- 2.19
+ 2.08
+ 7.48
+ 5.93
- 1.31
- 5.90
- 3.91
+ 5.99
+29.07
+44.09
+60.38
+46.04
+22.96
+ 6.42
- 3.47
+ 0.37

Interacting
Group

- 4.67
- 4.87
+ 6.59
- 4.09
+ 4.37
+ 7.86
+20.61
+21.90
+18.11
+ 9.29
+ 3.16
- 2.65
- 7.47
- 9.10
- 4.80
- 1.83
+ 2.60
+ 6.79
+ 5.94
- 0.57
- 3.73
- 0.60
+ 9.61
+31.06
+45.70
+62.31
+43.49
+21.18
+ 6.88
- 2.69
+ 1.11

- 8.20
- 9.06
- 0.81
- 0.72
+ 0.71
+ 5.44
+20.30
+19.18
+20.93
+23.21
+ 5.07
- 0.15
- 2.09
- 9.65
- 9.75
- 2.02
- 3.05
+ 4.44
+ 4.69
- 1.74
- 3.27
- 2.78
+ 2.11
+29.04
+48.26
+67.40
+80.63
+66.74
+60.84
+48.54
+46.85

6
- 1.02
+ 0.27
+ 0.76
+ 7.86
+ 4.62
+ 7.09
+18.52
+21.34
+18.60
+ 7.76
+ 1.58
- 1.72
- 5.57
- 6.94
- 2.27
- 1.80
- 0.29
+ 4.75
+ 2.74
- 0.73
- 2.24
+ 1.42
+13.15
+35.64
+50.59
+65.91
+47.60
+24.81
+ 7.33
- 1.00
+ 2.91

13.29 13.54 11.78 11.21 12.16 12.09
12.41% 12.20% 11.11% 10.25% 11.29% 11.54%
*A11 figures except MAPEs in $/ton.

Composite
Group

11.93
11.14%

19.81
21.18%
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TABLE VI
COMPARATIVE PREDICTION ACCURACY OF MODELS OF INDIVIDUALS,
COMPOSITE GROUP AND INTERACTING GROUP
FOR GAS OIL

Individual

NO.

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Composite
Group

+
+
+
+
+
+
+
+

1.31
2.03
2.30
2.83
2.05
1.93
1.27
0.42
0.29
0.70
0.89
+ 0.47
+ 0.82
+

0.60

0.35
0.50

0.10
0.18
0.22
2.22
2.07
0.36
2.39
3.12
5.72
7.61

8.66
5.89
2.17
3.08
2.78

AAE I 2.11
MAPE | 9.04

0.87
0.07
0.49

0.40
1.47

1.60
1.08

2.41
1.71

0.95
0.04
0.32
0.49
0.45
0.58
1.34
1.35
1.31

2.01

1.00
1.10
1.19
0.55
1.99
3.10
2.97
0.90
2.38
3.26
5.39
5.88
+10.49
+ 8.65
+ 4.82
- 1.14
- 0.39

1.68

1.65
1.32
0.58
0.29
0.14
1.45
1.59
1.32
0.13
0.71
1.32
1.33
0.52
1.59
1.56
0.20
2.33
2.13
4.52
6.50
7.20
4.08
1.48
3.61
0.63

1.87
2.13
9 - 2 7 %| 7.75%|

0.86

0.28

0.25
0.70
1.63

0.58
1.03
1.83
1.32
1.35
0.84
0.15
0.35

1.12
1.35
0.94
0.42

0.21
0.52
0.63

0.68
0.90
0.59

0.68
0.53
0.03

0.08
0.93
2.94

0.61
0.76
0.65
0.89
0.67
0.48
0.63
0.38
0.24
1.04
2.90

2.80
1.20
1.20

2.80
1.26

1.52
3.91
5.57
5.90
2.74
0.63

2.10

6.28
4.79

1.31
4.71
6.47
8.47
6.42
3.09
1.56
0.87

1.81
1.69
7. 3 6 %| 7.80?!

*A11 figures except MAPEs in $/bbl.

0.04
0.91
1.50
2.40
1.93
1.76
1.03
0.25

0.12
0.32
0.45
1.13
1.37
1.19
0.29
0.78
0.73
0 40
1 32
2 94
2 83
1 ,16
1 ,89
3 ,15
5 ,71
6 .98
9.83
7.94
3.96
1.36

+
+
+
+
+
+
+
+

1.02

0.05
0.95
1.39
2.19
1.64
1.64

0.15
1.43

2.01
1.75
1.38
0.87
0.31
0.76

1.08
0.38
0.15
0.43
0.58
0.85
1.09
0.87
0.35
0.50

0.20
0.05

0.82
2.68
2.57
0.95
0.72
2.49
5.04

6.68
8.38

6.01
2.48
2.64

1.80

2.06

2.18

1.90
8.22%

9.43%

Interacting
Group

0.86
0.98

0.62
1.05

0.81
0.12
-

0.53
0.84
0.53
1.35
3.60
3.84
2.73

- 0.26
+ 1.54
+ 4.95
+ 7.84
+13.08
+13.82
+11.49
+ 9.73
+ 9.37

3.21
15.35%
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of the inferior performance of models could be the use of
uncoded predictor variables by the subjects. 3
The measures of accuracy, AAE and MAPE do not reflect
the frequency of accurate predictions and may penalize
individuals with isolated large prediction errors.4

Table

VII indicates the frequency of the most accurate prediction
for each case.

The most accurate prediction, the one

closest to the actual spot price, is tabulated for
individuals and groups.

Table VII supports the finding that

Individual No. 4 was the most accurate for heating oil.
However, the interacting group was not the worst predictor.
It ranked third in prediction accuracy.

The composite group

ranked fifth along with Individual Nos. 2 and 3.

3

R. Ashton (1975) states that the problem of uncoded
predictor variables is a serious limitation in 'Man versus
Model' comparisons. Variables cannot be included in a
multiple regression equation if they are uncoded. The
problem is even more acute in a real-world situation where
the decision maker has access to uncontrolled information
cues.
4

Pindyck and Rubinfeld (1981, p. 316) suggest
Root-Mean-Square (RMS) simulation error and RMS
(root-mean-square) per cent error for evaluating forecast
accuracy. RMS simulation error and RMS per cent error are
defined as follows:
RMS error = -L / ZL
T W *«•
RMS per cent error =

J_

T

J ±1, ^

-Y*-'
Use of these measures gave the same results.
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TABLE VII
FREQUENCY OF MOST ACCURATE PREDICTION

Gas Oil

Heating Oil
Number of most
accurate Predions

Predicted by

Rank

Number of most
accurate Predions

Rank

Individual No.
1
2
3
4
5
6

7
3
3
8
4
3

2
5
5
1
4
5

3
6
5
6
0
1

4
1
2
1
6
5

Composite Group

4

4

4

3

Inter. Group

5

3

6

1

For gas oil predictions, the position of the
interacting group improved dramatically, moving from the
lowest to the highest.

It can, therefore, be concluded that

the interacting group made more accurate predictions than
evidenced by the AAE and MAPE numbers.

However, the lesser

accurate predictions of the interacting group involved large
inaccuracies.

For instance, prediction nos. 26 to 31 for

heating oil and 27 to 31 for gas oil were the most
inaccurate.

Table VIII indicates the change in MAPEs when

re-calculated for predictions 1 to 25.
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TABLE VIII
SHIFT IN PREDICTION ACCURACY

Predictions 1 to 31
Prediction
by

Gas Oil
Heating Oil
MAPE Rank MAPE Rank
%
%

Predictions 1 to 25
Heating Oil Gas Oil
MAPE Rank MAPE Rank
%
%

Individual
1
2
3
4
5
6

12.76
12.24
11.67
9.38
12.16
12.25

7
5
3
1
4
6

9.56
9.26
8.73
7.41
8.24
9.57

6
5
4
1
2
7

7.92
8.24
7.08
6.04
7.18
7.30

7
8
4
1
5
6

4.87
4.60
5.84
4.41
4.96
5.35

5
3
8
2
6
7

Composite
Group

11.31

2

8.40

3

6.80

3

4.62

4

Interacting
Group

20. 38

8

15.02

8

6.64

2

4.01

1

The interacting group and Individual No. 4 were the
roost accurate predictors for predictions 1 to 25.

Figures 7

and 8 show the spot price trends for heating and gas oil
respectively.
25 onwards.

The graph dips sharply from observation no.
This is the region in which the interacting

groups are least effective.

The interacting group accuracy

declined sharply with the rapid decline in prices.

Was

there a change in the degree of intentional depth of the
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prediction task?

If there was, then performance of the

interacting group may have deteriorated due to increased
process losses.5

Prediction Accuracy of the Environmental Model
The environmental model was constructed for each
product using the information cues as the independent
variables and the actual spot price as the dependent
variable.

Table IX lists the variables used.

TABLE IX
List of Variables

Independent Variables
1.
2.
3.
4.
5.
6.
7.

Symbol

Crude Oil Stocks today
Product* Stocks today
Refinery Thruputs
Average Daily Product* Sales
Today's Spot Price of Dubai Crude
Spot Price of Product* — 2 weeks ago
Spot Price of Product* — today

8. OPEC Crude Oil Production

VI
V2
V3
V4
V5
V6
V7
V8

Dependent Variable
1. Spot Price of Product* —

45 days from today . .

V9

* Heating Oil or Gas Oil.
^The reasons for the process losses during group
interaction have generally been mentioned only briefly in
journals as passing observations (see Van de Ven & Delbecq,
1971). Little research exists to investigate the causes of
the process losses.
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The model was constructed using 31 cases for the period
January 1985 to April 1986.

All four techniques—stepwise,

backward elimination, forward selection, and forward
selection with pair switching, produced identical results.
Variables V2, V4, and V8 were significant in the heating oil
model (adjusted R 2 = .8442).

Variables VI, V2, V5, and V7

were significant in the gas oil model (adjusted R 2 =
.9028).

As discussed in Chapter V (p. 91) a significance

level was kept at 25 percent for selecting the variables.
In time series data, successive residuals tend to be
highly correlated and this autocorrelation needs to be
removed.

When autocorrelation is present, the ordinary

least squares parameter estimates are not efficient and the
standard error estimates are biased.

The Durban-Watson

statistic was used to examine autocorrelation in
environmental models.

The Durbin-Watson statistic is based

on residuals from the ordinary least-squares procedure.

The

statistic is defined as follows:

D W =

L

C

T

V
t®>

- e,-,f

where,
et and e^-i are the residuals in the time period t and
t-1, respectively.
The DW statistic lies in the range of 0 to 4, with a value
near 2 indicating no autocorrelation (Pindyck and Rubinfeld,
1981, p. 114).
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If autocorrelation is present, SAS AUTOREG procedure
can be used to make corrections.

AUTOREG first estimates

the model Y = a + bX using ordinary least squares
methods.

(OLS)

It then computes the autocorrelations up to a lag

p of the residuals from the OLS regression.
are re-estimated by an OLS regression.^

The parameters

The results are

summarized in Table X.
TABLE X
ENVIRONMENTAL MODEL

Product

Final Model

Initial Model

Heating Oil
Variables
Adjusted R^
DW Statistic

V2, V4, V8
.844
.615

V2, V4, V8
.919
2.110

Gas Oil
Variables
Adjusted R^
DW Statistic

VI, V2, V5, V7
.903
.676

VI, V2, V5, V7
.837
2.130

6

S e e SAS/ETS User's Guide (1982), p. 8.1.
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The accuracy of environmental model increased after
autocorrelation was removed.

Table XI compares prediction

TABLE XI
ACCURACY OF ENVIRONMENTAL MODELS

Initial Model
No. Heat. Oil
$/ton
1 + 1.10
2 .76
3 - 3.98
4 - 6.85
5 -10.38
6 -11.56
7 - 4.59
8 + 6.85
9 +13.91
10 +11.39
11 - 1.13
12 - 4.39
13 - 6.99
14 -17.06
15 -21.78
16 - 1.13
17 +17.52
18 +18.43
19 +12.99
20 - 1.78
21 -11.54
22 -17.30
23 -17.72
24 .08
25 +14.06
26 +26.14
27 +21.06
28 + 4.46
29 - 3.61
30 - 4.11
31 - 1.16
AAE
MAPE

9. 54
7.63%

Gas Oil
$/bbl
-0.90
-1.70
-2.68
-1.56
-1.47
- .11
+ .76
+ .53
+ .58
- .04
- .24
+ .19
+ .37
+ .01
+ .84
+ .93
+ 1.67
+ .45
- .18
-1.85
- .63
- .88
- .43
- .62
+2.04
+ 4.36
+2.30
+ .87
-1.24
-1.57
+ .22
1.04
4.05%

Final Model
Heat. Oil
$/ton
+ 5.76
1.43
452
1.02
4.59
3.98
+ .88
+ 4.58
+ 2.06
+ .11
1.86
+ 7.87
.83
-10.24
4.82
+12.28
+ .93
5.42
+ 3.44
3.15
.22
6.32
7.82
+ 6.94
2.14
+ 6.27
1.94
.41
+ 6.99
+ 2.46
+ .85
-

-

-

-

-

-

-

-

-

3.80
2.94%

Gas Oil
$/bbl
.98
.47
.88
+ .66
-1 .11
+ .63
.22
.39
+ .12
.44
.10
+ .62
.30
.30
+ .17
+ .01
+ .55
.85
.34
-1 .56
+ .85
.80
+ .49
+ .67
+2 .55
+1 .42
+ .10
+ .26
.60
.72
+1 .63
-

-

-

-

-

-

-

.67
2 .56%

Cross-Validated
Heat. Oil
$/ton
+ 1.58
- 1.02
- 5.04
- 7.76
-11.14
-12.14
- 4.90
+ 7.31
+15.33
+12.91
- 1.34
- 5.03
- 7.81
-19.10
-24.37
- 1.21
+19.55
+21.43
+16.20
- 2.10
-13.20
-19.54
-20.13
.09
+14.94
+28.55
+23.77
+ 5.22
- 4.57
- 5.03
- 1.42
10.76
8.60%

Gas Oil
$/bbl
-1.07
-1.81
-3.56
-1.86
-1.74
- .13
+ .91
+ .65
+ .77
- .05
- .26
+ .19
+ .39
+ .01
+ .90
+1.05
+2.06
+ .50
- .20
-2.07
- .78
-1.04
- .53
- .74
+2.27
+4.73
+ 3.07
+1.16
-1.59
-2.39
+ 3.80
1.25
4.94%
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accuracy of the two environmental models.

The MAPEs of the

final model are 2.94 per cent and 2.56 per cent as compared to
7.63 per cent and 4.05 per cent of the initial model.
The above table also shows prediction accuracy of a
cross-validated environmental model developed using the PRESS
procedure described in Chapter V.

A decrease in the

prediction accuracy of the cross-validated model was observed.

Measuring the Accuracy of Forecasts
In Chapter V, Theil's U statistic was mentioned as a
useful measure of model forecast accuracy.

The environmental

model and the cross-validated environmental model provided U
statistic values close to zero.

Table XII shows the U

statistic for the environmental models.
TABLE XII
THEIL'S U STATISTIC* FOR ENVIRONMENTAL MODELS

Product

Heating Oil
Gas Oil

Env. Model

Cross Validated Env. Model

.048
.030

.018
.015
-

r

L_

mi.

TTal n o

1

U = l indicates the worst forecast possible.
The above values of the U statistic indicate that the
environmental models forecasting accuracy is very high.

As

expected, the accuracy declined for the cross-validated model.
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Test for Stability of Model Coefficients
Chow's (1960) test was used to examine the environmental
model stability.

To obtain the Unrestricted Residual Sum of

Squares (URSS), models were fitted on each subset of nl and n2
observations and the residual sum of squares for each equation
was added.

The Restricted Sum of Squares (RSS) was obtained

from the model fitted on the entire data set of n
observations.
F .

The F value was calculated as follows:
(RRSS - URSS)/ k + 1
URSS / nl + n2 -2k -2

Chow suggests a slight variation of the test when a
number of observations
+ 1).

in a subset are small (i.e., n2 < k

The RSS for the entire data set and the larger subset

are calculated, and the F test is applied as follows:
F _

(RSS - RSS1)/ n2
RSS1 / nl - k - 1

where,
nl represents observations in the larger subset and n2 in
the smaller subset.
Though this test is weaker than the first one, it is a
useful indicator when the sample size is small.
variations of Chow's test were applied.

Both

The sample of n =

31 observations was split in two sets of nl= 15 and n2 =
16.

Then a larger subset was used (nl = 28 for heating oil

and

27 for gas oil, so that n2 < k + 1) to calculate RSS1.

Table XIII summarizes the results of Chow's test.
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TABLE XIII
MODEL COEFFICIENT STABILITY

Test No.

1
2
3
4

2

df

F Value

16
3
16
4

4.23
3.24
5.21
4.22

7.489
0.115
7.360
3.120

n

Product

n i

Heating Oil
Heating Oil
Gas Oil
Gas Oil

15
28
15
27

p Value

p<.001
p<.050
p<.001
p<.010

The null hypothesis was rejected in Test 1 and Test 3.

This

indicates that the coefficients in the model of the subsets
were not stable.

The indication of instability may be due

to small number of observations and inadequate degrees of
freedom.

However, in Test Nos. 2 and 4, the null hypothesis

was not rejected.

This implies that the observations in the

smaller subsets (n2 = 3 for heating oil and n2 = 4 for gas
oil) were from the same model as the one in the larger
subset and that a stable model can be constructed using
all the observations (Madala, 1977, p. 200).

Comparison of Individuals, Composite Group,
Interacting Group and Models
The correlation between actual spot price and
individuals' prediction, r a = * y S y e is widely used as a
measure of accuracy in lens model studies.

The correlation

coefficients, AAE and MAPE were used in this study for
comparing prediction accuracy of individuals, the composite
group and the interacting group.
accuracy using these measures.

Table XIV shows the
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TABLE XIV
PREDICTIONS BY MAN

Gas Oi.1

Heating Oil
Predicted by

$/ton

Individual No

MAPE
%

AAE
$/bbl

2.27

13.81
13.61
12.54
10.16
12.90
12.79

12.76
12.24
11.67
9.38
12.25

1.78
1.99
2.25

11.99

11.31

1.99

Composite Group

19.04

20.38

3.10

Interacting Group

12.16

MAPE
%

2.12

2.16

15.42

Individual No. 4 was the most accurate on all three
measures.

As noted in Chapter V (p. 94), correlation

coefficients do not reflect systematic error by the
forecaster and this may give different results.

For

instance, Individual No. 3 appeared to be the most accurate
for heating oil when the correlation coefficient criteria
was used but not so with the MAPE or AAE criteria.
interacting group accuracy was the lowest for both
products.

The weakness of the correlation coefficient

measure is highlighted here.

While the AAE and MAPE show an

improvement for gas oil price prediction, r a shows a sharp
decline.

This indicates low systematic bias in the

interacting group.
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Table XV compares and evaluates prediction accuracy of
models of the individuals, the composite group, the
interacting group, and the environment.
TABLE XV
PREDICTIONS BY MODEL

Gas Oil

Heating Oil
Predicted by

r

a1

AAE'
$/ton

MAPE'
%

ra'

AAE 1
$/bbl

MAPE'
%

Individual No.
1
2
3
4
5
6

.861
.860
.847
.865
.850
.841

13.29
13.54
11.78
11.21
12.16
12.09

12.41
12.20
11.11
10.25
11.29
11.54

.834
.765
.903
.886
.846
.790

2.11
2.13
1.87
1.69
1.81
2.18

9.04
9.27
7.75
7.36
7.80
9.43

Composite Group

.855

11.93

11.14

.846

1.90

8.22

Interacting Group . 6 2 7

19.81

21.18

.202

3.21

15.35

Env. Model

.988

3.80

2.94

.984

.67

2.56

Cross-Validated
Env. Model

.908

10.76

8.60

.939

1.25

4.94

The environmental model accuracy was substantially
higher than individuals and groups on all three measures.
Uljjg accuracy of cross validated environmental models, though
marginally lower was still higher than the individuals and
the groups.

x
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A 'Man versus Model' comparison is made in Table XVI.
Prediction accuracy of the individuals, the composite group,
and the interacting group are compared with that of their
models.
TABLE XVI
MAN VERSUS MODEL-1

Gas Oil

Heating Oil
r

a ' - r a AAE'-AAE MAPE'-MAPE
%
$/bbl

+ .013
+ .003
+ .020
-.009
+ .014
+ .004

- .520
- .007
- .760
+1.050
- .740
- .700

-.35
-.04
-.65
+ .87
-.87
-.71

+ .115
+ .001
+ .029
-.007
+ .006
-.009

-.160
+ .010
-.290
-.009
-.180
-.070

-.52
+. 01
-.98
-.05
-.44
-.14

Composite Group

-.003

- .060

-.17

+ .011

-.090

-.18

Int. Group

-.048

+ .770

+ .032

+ .110

+ .33

+
•

Individual No.
1
2
3
4
5
6

00
o

r&a ' - raa AAE 1 -AAE MAPE'-MAPE
%
$/ton

As expected, accuracy of the models was higher for most
individuals.

Elimination of random error contributed to

better model accuracy.

However, Individual No. 4 was

slightly better than the individual's model.

The

interacting group also predicted more accurately than its
model.

There are two plausible explanations for this.

One

is the absence of random error, and the second is use of the
uncoded variables discussed earlier.
the 'Man versus Model' comparison.

Table XVII summarizes
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TABLE XVII
MAN VERSUS MODEL-2

Heating Oil
r

a

r

a'

Gas Oil
r

a

r

a'

Individual
1
2
3
4
5
6

.848
.857
.827
.874
.836
.837

.861
.860
.847
.865
.850
.841

.719
.764
.874
.893
.840
.799

.834
.765
.903
.886
.846
.790

Average
Individual
Accuracy

.847

.854

.815

. 837

Composite
Group

.858

.855

.835

.846

Interacting
Group

.675

.627

.170

.202

Prediction accuracy of the composite group (.858 and
.835), though lower than the most accurate individual was
higher than the average individual accuracy (.847 and
.813).

This is consistent with the findings of Libby and

Blashfield (1978).
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Comparison Between Individual No. 4, Composite Group,
Interacting Group, and Environmental Model
The frequency of most accurate predictions by
Individual No. 4, the composite group, the interacting
group, and the environmental model were examined.
The Kruskal-Wallis test for multiple comparisons was done to
test if the frequencies were significantly different.®

The

populations i and j are different if the following
inequality is satisfied:
i

JR. _
nj

where Ri and Rj are the rank sums of the two samples, N is
the total number of observations, t

is the

quantile of the t distribution with N-k degress of freedom.
S 2 is given by
S2

=

N (N+l)/ 12
K

and

-^

L

-

ZL
in

(

^

)

n;

- 3( N+i)

I'

K

1

The results are summarized in Table XVIII.
^Discussion of the use of the Kruskal-Wallis test for
multiple group comparisons is found in Conover (1980).
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TABLE XVIII
COMPARATIVE ACCURACY OF INDIVIDUAL NO. 4, COMPOSITE GROUP
INTERACTING GROUP AND ENVIRONMENTAL MODEL

R

| '
1

i
vL
-

£L

n

n-

H.O.
(3)

G.O.
(4)

4.31

17.096

16.99

5.19

.18

17.096

16.99

21.40

29.84

17.096

16.99

3.98

4.13

17.096

16.99

Inter. Group & Env. Model

30.37

25.53

17.096

16.99

Comp. Group & Env. Model

27.19

29.66

17.096

16.99

Pair

H.O.*
(i)

G.O.*
(2)

Indiv. 4 & Inter. Group

8.97

Indiv. 4 & Comp. Group
Indiv. 4 & Env. Model
Inter. Group & Comp. Group

*H.0./ Heating Oil; G.O., Gas Oil.
In all pair comparisons involving the environmental
model, (1) and (2) are greater than (3) and (4).

This

indicates that these comparisons are significantly different
and the superior accuracy of the environmental model is
statistically significant at 95 per cent confidence level.
No significant differences are observed in the performance
of Individual No. 4, the composite group and the interacting
group.

This suggests that their rankings are not

signigicantly different for the observations in the study.
However, the performance of the environmental model is
significantly superior to that of the individual, the
composite group and the interacting group.
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Clinical Synthesis
The effectiveness of clinical synthesis, discussed in
Chapter II, was studied by examining changes in individual
prediction accuracy when predictions from the environmental
model were provided.

In the laboratory experiment, after

individuals had predicted Gas Oil spot prices, predictions
of the environmental model were provided and individuals
predictions were recorded.

Table XIX summmarises the

results.
TABLE XIX
USE OF PREDICTIONS FROM ENVIRONMENTAL MODEL AS
ADDITIONAL CUE
Without Cue

Ind. No.
1
2
3
4
5
6

Composite
Group

MAPE
%

MAPE
%

MAPE
%

Predicted by

Difference

With Addit. Cue

5.21
5.39
6.29
4.17
2.99
2.99

.242
.127
.063
.066
.128
.173

4.35
3.87
2.44
3.24

9.57

962
892
,937
,959
,968
.972

8.40

956

3.82

.121

4.58

720
,765
,874
,893
.840
.799

9.56

835

9.26
8.73
7.41

8.21

5.22
6.58

Prediction accuracy of all individuals shows
improvement.

One interesting finding is that improvement is

greater for individuals that were less accurate without the
additional cue than the individuals who were more accurate
without the cue.
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Systematic Bias in Prediction
In the spot price prediction task, no asymmetric loss
or gain function exists (for the company and/or the
individual executives).

This means that there is no reason

to under-or overpredict.

Tables II and III indicate that a

tendency for overprediction exists.

Table XX summarizes the

actual number of under/ overprediction by the individuals
and the group.
TABLE XX
UNDER/OVERPREDICTION BY INDIVIDUALS/GROUPS

Heating Oil
No. of Predictions

Gas Oil
No. of Predictions

Under

Over

Under

Over

7
8
13
15
12
9

24
23
18
16
19
22

13
15
6
15
14
13

18
16
25
16
17
18

Composite Group

9

22

15

16

Interacting Group

7

24

14

17

17

14

16

15

Predicted by
Individual No.
1
2
3
4
5
6

Env. Model

In all cases, except predictions by environmental
models, there was overprediction for both products.

An
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adjustment was made to correct for systematic bias.9

The

AAE was subtracted from each prediction and the results are
summarized in Table XXI
TABLE XXI
PREDICTIONS ADJUSTED FOR SYSTEMATIC BIAS

Gas Oil

Heating Oil
Predicted by

AAE
$/ton

MAPE
%

AAE
$/bbl

MAPE
%

Individual No.
1
2
3
4
5
6

14.35
13.58
14.60
13.07
15.42
13.78

12.20
11.57
12.37
10.70
13.14
11.96

13.23
13.40
14.28
14.14
14.35
13.61

11.48
11.32
12.19
11.66
12.24
11.93

Composite Group

13.37

11.48

13.72

11.74

Interacting Group

21.09

18.94

22.88

20.22

4.97

4.06

7.92

3.09

Environmental Model

The results remain the same.

The environmental model

is still more accurate than the individuals and the groups.
^Since a diproportionately more overpredictions were
made, possibility of overprediction bias was examined.
Since the predictions were more than the actual prices, AAE
was subtracted from the predictions. A. Ashton (1984) used
similar procedure to correct underprediction bias.
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Summary of Research Findings
The major research findings presented in this chapter
can be summarized as follows:
1.

Models of individuals were more accurate than the

individuals themselves.

This is consistent with the

findings of most lens studies.

The superior performance of

models is attributed to elimination of random error.
However, one exception was noted.

Predictions of Individual

No. 4 were more accurate than the model of the individual.
This suggests that the model could be flawed and does not
include all predictor variables used by Individual No. 4 and
possibly other individuals.
2.

Environmental models were more accurate than the

individuals, the composite group, and the interacting
group.

The accuracy of the environmental model is expected

to be the highest and sets an upper limit with a given set
of cues.

However, findings of studies in real-world

settings are not consistent.

The accuracy of the

environmental model was higher than the models of the
individuals, the composite group, and the interacting
group.

This indicates that the loss in accuracy of

individuals and groups is not just because of random error.
Systematic bias also contributes in reduction of accuracy.
3.

Prediction of the composite group is more accurate

than the average accuracy of the individuals because
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individual random error is averaged out in a composite
group.

Another method to reduce random error is to use

average predictions of the individuals' models.

The

composite group accuracy (.858) was marginally higher than
the average accuracy of individuals' models (.854).

In

fact, the accuracy of the model of the composite group
(.855) and the average accuracy of individuals' models
(.854) was almost identical.
4.

Average prediction accuracy of individuals (.847

and .815) and

model of the individuals (.854 and .837) was

higher than the accuracy of the interacting group (.675 and
.170).

Weldon and Gargano (1985) attribute the lower

accuracy of interacting groups to social loafing.

"Process

losses" during group interactions, discussed in Chapter III,
may provide another explanation (Steiner, 1972).
5.

Accuracy of the composite group (.858 and .835) and

the model of the composite group (.855 and .846) was higher
than accuracy of the interacting group (.675 and .170) and
models of the interacting group (.627 and .202).
6.

Accuracy of the interacting group for heating oil

(.675) was higher than its model (.627).

However, for gas

oil the accuracy of the model (.202) was higher than that of
the interacting group (.170).

This suggests that in case of

heating oil, the group is using additional predictor
variables.

The accuracy of the group is low for gas oil
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predictions (.170).

The random error component is high and

is responsible for the lower accuracy as compared to the
model of the group.
7.

Finally, the result of the test of clinical

synthesis indicated a positive effect of accuracy of
individuals.
individuals.

The improvement was greater for less accurate
This could imply that less accurate

individuals are more willing to use the predictions of the
model.
The results of the research are discussed in further
detail in Chapter VII.

The discussion focusses on the

implications and limitations of the research and suggests
future research directions.
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CHAPTER VII

CONCLUSIONS, LIMITATIONS, AND DIRECTIONS
FOR FUTURE RESEARCH

Psychological research in human information processing
has investigated expert decision makers responding to
realistic tasks.*

Real-world decision makers have responded

favorably to such research.

Most accounting research in

human information processing is in artificial laboratory
settings.

Use of student subjects and unrealistic tasks

makes implementation of research results difficult.2

Some

of the more recent research has endeavored to simulate
realistic decision environments by using expert decision
makers in real-world settings.

Researchers have started

showing concern for practicality of their work.

Some

studies have examined decision-making behavior of experts in
a real-world setting.3

However, such efforts are

too few to permit generalizations.

^See Slovic, Fischhoff and Lichtenstein (1977).
^Use of student subjects does not necessarily make the
study irrelevant or of lower quality. Hamilton and Wright
(1980) and Zimmer (1980) found results based on students to
be indistinguishable from those based on experts. While
this may be true of tasks of low intentional depth, where
level of expertise may not be relevant, in tasks of high
intentional depth the skills and experience of the decision
maker is critical (Winkler and Murphy, 1973, p. 263).
^Studies by A. Ashton (1982, 1984), Libby (1976) and
Zimmer (1980) are the notable ones.
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Corporations and executives have been unwilling to
provide real-world data on decision making.

Consequently,

researchers have been hampered in their efforts to increase
realism in experiments.

Even if this problem is overcome,

the researcher must make a commitment of time and effort in
order to become familiar with the decision task and the
decision environment.

However, researchers have little

choice if human information processing research in
accounting is to make significant contributions.

The

present study is an attempt in attainment of this
objective.

In the following sections, the research findings

of this study and their implications are examined.

Then,

the limitations of the study and suggestions for future
research are discussed.

Conclusions
The results of the study are consistent with the
earlier research in human information processing.

The

environmental model is the most accurate followed by the
decision maker's model.
the least accurate.4

The decision makers themselves are

Models eliminate inconsistent behavior

(random error) in predictions.

In addition, environmental

models are better than decision maker's model because they
eliminate the misweighting of predictor variables.
In this study, five out of the six models of
individuals were superior to the individuals themselves
4

See Goldberg (1970) and A. Ashton (1982).
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in the heating oil price prediction task (four out of six
for gas oil).

An important finding is that the most

accurate individual outperformed his model.

It may be noted

that all individuals were provided the same predictor
variables for each case.

The superior performance of an

individual suggests the use of uncoded predictor variables.
The individual used some information cues not incorporated
in the individual's model.

It will be worthwhile to

identify such uncoded variables through techniques such
asprotocol analysis.

Once identified, the variable can be

used by other individuals.

It will be interesting to see if

their accuracy improves as well.
A comparison of individuals with the environmental
model showed a significant prediction superiority of the
latter.

All three criteria for measuring accuracy

(correlation coefficient, AAE and MAPE) showed that the
environmental model outperformed every individual.

Though

less accurate, the cross—validated model also outperformed
all individuals.

The smaller prediction errors over the

15-month period suggest that the model is robust with
respect to changes in the environment.
Models are one way of eliminating random error.
Another way of reducing inconsistency in human judgments is
the mathematical aggregation of individual judgments into
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composite judgments.

Dawes (1971) shows analytically that

accuracy of a composite will be greater than, or equal to,
the mean accuracy of the individuals.

Thus, the mean

prediction accuracy of the individuals is a lower limit for
the accuracy of composite predictions.

Research has shown

composite accuracy to be substantially higher than this
lower limit.^
This study found the composite group was more accurate
than the average individual, which is consistent with
earlier research.

However, the composite group accuracy

(.858 for heating oil and .835 for gas oil) was closer to
that of the average individual (.847 and .815) than to the
most accurate individual (.874 and .893).

The accuracy of

the models of composite group judgment (.855 and .846) was
almost the same as that of the composite group (.858 and
.835).

Averaging eliminates random error when composites

are formed.

Modeling also removes random error.

The

performance of the composite group and the model of the
composite group is almost identical since little or no
random error is present.

^Wiggins and Kohen (1971) report the composite accuracy
to be.47 compared to average accuracy of .33. Goldberg
(1970) found the accuracy of composite (.35) closer to that
of the most accurate judge (.39) than to the accuracy of the
average judge (.28). In a budgeting context A. Ashton
(1982) reports a composite accuracy of .936 not only much
greater than the median individual (.691) but that of any
individual subject (.837).
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An interesting finding in this study is that the
accuracy of the composite group (.858 and .835) equalled the
accuracy of the models of average individuals (.854 and
.837).

The modeling process probably removed the random

error not eliminated by the averaging process and made the
model of the average individual and the composite similar.
This study supports research findings that performance
of an individual deteriorates in a group.

Social loafing

and process losses during interaction are often cited as
reasons.

All individuals in this study outperformed the

interacting group.

Even the worst individual accuracy (.827

and .719) was clearly superior to that of the interacting
group accuracy (.675 and .170).

The explanation for this

could be the presence of higher individual commitment in the
laboratory experiment.

The subjects were very enthusiastic

about the experiment and were eager to get feedback on their
performance.

It can, therefore, be presumed that they

performed their best during the experiment.

In the

interacting group setting, individual contributions are not
identifiable.

Social loafing of individuals may be

responsible for lowering the interacting group's accuracy.
This is rather disturbing as it questions the very basis of
committee or group decision making that is widely prevalent
in organizations.
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Some studies 6 have found that interacting groups
outperform composite groups and most individuals in tasks of
high intentional depth.
contrary.

This study provides evidence to the

The average accuracy of individuals (.847 for

heating oil and .815 for gas oil) and the composite (.858
and .835) was higher than the interacting group (.675 and
.170).

This evidence does not support the argument that

9^oup interaction reduces disagreement and improves the
quality of prediction.
Research suggests that in tasks of high intentional
depth, composite group accuracy is distinctly higher than
the accuracy of the individuals.?

In the case of gas oil

predictions, the difference between the most and least
accurate individual (.174) was more than the difference for
heating oil predictions (.047).

The prediction accuracy of

the interacting group (.170) for gas oil predictions was
also lower than for heating oil predictions (.675).

The

accuracy of the composite group (.835) and the average
individual (.815) for gas oil was lower than for heating oil
predictions (.858 and .847).

This suggests a higher degree

intentional depth in the gas oil prediction task.

A

possible reason for this could be a higher systematic
variance in the gas oil prediction task.
6

7

The difference

See discussions on pp. 42-43.

See Goldberg (1970) and A. Ashton (1982).
discussions on p. 43.

Also
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between the accuracy of the composite group and the average
individual was .20 for gas oil as compared to .11 for
heating oil.

Hence, in tasks of higher intentional depth

the accuracy of the composite group and average individual
show a decrease.

However, the difference between the

accuracy of the composite group and the average individual
accuracy increases with the degree of intentional depth.
A cross comparison of prediction accuracy showed that
the environmental model accuracy is significantly better
than the accuracy of the interacting group, the composite
group and the most accurate individual.

The accuracy of the

environmental model (Re = .988 and .984, MAPE = 2.94 and
2.56) was considerably higher than that of the most accurate
individual (ra = .865 and .886, MAPE= 10.25 and 7.36).

This

implies a misweighting of predictor variables by the
individuals and the interacting group.

On cross-validation,

the environmental model accuracy deteriorated.

However, the

model still remained to be the most accurate.
The implication of this finding is two-fold for
improving the quality of decisions.

One is the replacement

and second is the synthesis of decision makers with the
environmental model.

The environmental model provides the

most accurate predictions for the time-frame of this study.
The decision makers could be replaced by the environment
model.

The model can be updated periodically and the
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stability tested to ascertain its prediction accuracy.
However, a replacement of decision makers with a model,
particularly in tasks involving high stakes, is not likely
to be acceptable by organizations.

Models have not yet been

perfected to the extent that they can outperform decision
makers at all times.

Models are constructed on past data

and do not incorporate future information.

In tasks of high

intentional depth, the weighting of predictor variables may
change and the models may have to be updated frequently to
obtain superior results.
A synthesis of the decision maker with the model may
have more real-world acceptance.

This integration uses the

model as a decision aid for the decision maker.

This study

examined the effectiveness of clinical synthesis —
of combining the model with the decision maker.

a method

The results

provide evidence of the positive impact of the model as a
decision aid.

The accuracy of individuals showed a

significant improvement with use of the environmental
model's predictions as an additional cue.

The accuracy of

the least accurate individual for gas oil increased, from
.720 to .962, with the use of the additional cue.

However,

though accuracy of all individuals showed improvement, it
was still lower than the accuracy of the environmental
modelwhen used by itself.

140
Implications
The findings of this study support the research that
suggest that interacting groups are ineffective for making
accurate predictions.

As suggested by Van de Van and

Delbecq (1971), the interacting group may be desirable for
information synthesis, evaluation, or working toward group
consensus, but certainly undesirable if prediction accuracy
is critical.

Furthermore, the accuracy of the composite

group was higher than that of the interacting group.

Though

composite group accuracy declined with an increase in
intentional depth, the overall accuracy was higher than that
of the interacting group.

These results suggest that in

situations in which quality of decisions is critical, use of
composite groups is a better choice than interacting groups.
Ideally, if the most accurate

individual can be

identified, the interacting and the composite group can be
eliminated.

This is the least expensive and the most

efficient way of making highly accurate predictions.
However, this may cause more problems than it solves.
Organizations do not like to be too dependent on an
individual for critical predictions.

Group decision making

is an essential feature of the modern organizations.

Group

participation ensures higher commitment of individuals in
implementing decisions.

Also, wider participation of

individuals integrates various viewpoints that may be
necessary in the long run.
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The importance of task characterstics in prediction
accuracy was recognized in the psychology literature (Dawes,
1975).

This study examined the impact of task

characterstics in an accounting context using the BLM
framework.

A decline in accuracy was observed for most

individuals and the composite group in gas oil price
predictions as compared to heating oil price predictions.

A

higher degree of intentional depth was the possible cause.
If such findings are replicated, they will lay the
groundwork for classifying tasks on the basis of intentional
depth.

Once such a taxonomy is accomplished, appropriate

prediction strategies can be applied depending upon the
level of accuracy and degree of consensus desired.

Of

course, other factors like costs and speed of decision
making are also relevant considerations.
This study found that if the task was of lower
intentional depth, the difference in prediction accuracy of
individuals and the composite group was not high.

With an

increase in intentional depth, the differences between the
individuals, the composite group and the interacting group
were substantially higher.

If this finding is corroborated

by future research, it could suggest suitable decision
strategies for real-world decision making.

If accuracy is

important, it does not really matter if individuals or
groups are used in tasks of low intentional depth.

However,
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this is not the case in tasks of high intentional depth.
Accuracy of the most accurate individual is higher than the
composite group which in turn is more accurate than the
interacting group.

The choice of the decision-making

strategy will depend on the level of accuracy desired and
factors like consensus, economics/ speed and level of
creativity required in the decision making situation.

Limitations
All research suffers from limitations imposed by the
methodology and other underlying assumptions.
is no exception.

This research

Although research in real-world settings

is relevant, the researcher does not have the same degree of
control in a real-world setting as in a laboratory setting.
The control lessens further with the use of experts.
Experts do not always use the information provided for
making predictions.

They bring with them their real-world

experience and pre-conceived notions that could prejudice
their judgment.

They may subconsciously use information

cues without being aware of it.
uncoded predictor variables.

This causes the problem of

To the extent these uncoded

predictor variables are used, individuals/groups will
outperform their models in a real-world setting.
One potential limitation of the study is the comparison
of prediction accuracy of individuals and groups.

Actual

predictions of the group were obtained ex—post and compared

143
with individual predictions obtained in a laboratory
experiment.

Although care was taken to provide all

information used in real-world predictions, qualitative
variables that may affect predictions were not included.
For instance, important announcements by OPEC countries may
have an impact on forecasters.

This brings artificiality to

the laboratory experiment and creates a problem in comparing
laboratory predictions with real-world predictions.

If

real-world individual predictions were available, this
problem would not have existed.

Since this was not the

case, results of this research must be interpreted
carefully.
The main purpose of studying real-world situations is
to obtain a high degree of relevance and external validity.
However, the limitation of using experts in actual tasks is
that the results may be applicable only to that group of
decision-makers for that particular task.

It may be

incorrect to extend the findings to all real-world decision
makers in all situations without consideration of
differences in task characteristics, decision makers and the
decision setting in which they operate.

Directions for Future Research
This study raises questions and provides useful
insights for future research.

Human information processing

research in accounting needs to be more firmly grounded in
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real-world settings.

Since this study explains the behavior

of a particular group of individuals in a particular firm,
generalizations to real-world decision-making may be
inappropriate.

However, replications of the present study

in a different setting, will enhance our knowledge of
decision-making behavior in the real world.

Further studies

will aid in the development of a framework to evaluate
decision-making behavior and will enable researchers to make
further generalizations.
Another area that should be researched is the
relationship of prediction accuracy and task
characteristics.

This research indicates that there is a

change in prediction accuracy when there is a change in the
degree of intentional depth of the task.

Tasks could be

classified on the basis of intentional depth and, depending
on the accuracy desired, decision-making responsibility may
be assigned to individual(s) and/ or groups.
The effectiveness of clinical synthesis observed in
this study provides another avenue for future research.

The

results of this study were encouraging and need to be
supported by similar studies.

Further research should

establish the extent of accuracy improvement in clinical
synthesis.

The impact of task characteristics on decision

accuracy should also be investigated.
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APPENDIX A

THE SPOT MARKETS FOR PETROLEUM PRODUCTS

Spot Prices—The Trend Setters
The volume of oil bought and sold on a spot market
basis is relatively small (estimated ar anywhere from 5 per
cent

to 15 per cent of total supply), but it provides a

remarkable accurate indicator of long term trends.

Spot

markets have signaled and sometimes even precipitated OPEC
pricing actions, and they have often set the tone and
direction of oil priced in mainstream consumer markets.

The

link is not always a fundamental economic tie; more often it
simply reflects the reality that buyers and sellers,
producers and consumers have not found a better indicator of
the ever shifting balance between demand and supply.
Many observers associate the spot market with the large
Rotterdam entrepot (major transshipment point), but the
market is not physically located in any one place.

Spot

sales and purchases occur worldwide, whenever and wherever
willing buyers and sellers make contract—whether in person,
by telephone or telex.

Petroleum Intelligence Weekly

focuses its spot market coverage on a sampling of the bid
and asked prices of key crudes and products in selected
locations.
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Spot Crude Oil Markets
Though some quantities of spot crude oil are bought and
sold on a delivered basis to end user markets such as
Rotterdam, the U.S. Gulf Coast and Japan, most transactions
are pegged to the f.o.b. prices at export loading ports in
oil producing nations.

Prices are commonly cited for spot

(and contract) crude supplies, with most buyers making their
own transport arrangements.
Spot prices can now vary by plus or minus 10 cents to
15 cents (a 20 to 30 cent swing), depending on the exact
date of loading, vessel size, whether a full or partial
cargo, and numerous other factors.
Spot Product Markets
Price fluctuations on the spot product market occur on
a day to day, and often minute to minute basis.

This can

make it difficult to perceive rhyme or reason for the
fluctuations.

Prices can spurt because one buyer comes to

the market and doesn't quickly find a seller, or vice
versa.

As a result, market shifts on any given day may have

little to do with the fundamental demand/supply.

(Source: Marshall Thomas, Petroleum Intelligence Weekly,
1981)

APPENDIX B
THE TEST INSTRUMENT
Instructions
The purpose of this questionnaire is to examine spot
price predictions.
Several cases concerning two products.
Residual Fuel Oil and Gas Oil (Diesel), are provided in the
following pages.
The product spot prices refer to the
Singapore Spot Market.
The Global Crude Oil Stocks, the
Global Average Refinery Thruputs and the Global Product
Stocks presented exclude Soviet bloc countries. The numbers
for OPEC crude oil production are for the last 30 days.
While
responding
to
each
case, assume
that it
represents the situation today and your prediction is the
spot price of the designated product 45 days from today.
Each case is independent of the other and your responses
should be based only on the information provided for that
particular case.
Please go through the cases in the
sequence arranged and do not refer back. A summary of the
results will be provided to you when the study is complete.
All individual results will be kept strictly confidential.
Please examine the sample case below before proceeding
to the questionnaire. If you have any questions, feel free
to ask the researcher. Thank you for your cooperation.
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