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CHAPTER I 

INTRODUCTION 

The best engineering solution for a hardware or software problem will not necessarily 

be the best overall solution for effective use of a system. For this reason the use of human 

factors expertise in determining an optimal system design, from the standpoint of those who 

must use the system, is crucial. The earlier the human factors input, the more likely it will be 

that a successful system development effort will be carried out. This is especially true for a 

high level technology such as expert systems or artificial intelligence (AI). 

Expert systems in some areas may increase system complexity by creating more 

systems for the operator to understand. Wickens (1992) found that an increased number of 

systems increases the probability of system failure. When the number of systems are 

increased, it causes difficulties for the operator to understand what they do and how. This 

problem highlights the importance of a good user interface in expert systems as a means of 

reducing this complexity. 

Human factors considerations are needed for expert systems or AI technology 

development in eliciting the expert knowledge used to build expert systems, in determining 

how information should be represented to the user for better understanding of the system, 

and in determining how systems should be structured to enhance human interaction with the 

system. This is particularly true for the implementation of expert systems in the cockpit. 

One of today's applications of human factors is in the development of expert systems 

for advanced cockpits. 

Artificial intelligence (AI) I expert systems have been proposed as a means 
of alleviating excessive pilot workload and of augmenting pilot response in 
future fighter aircraft. These highly desirable objectives will not be fulfllled, 
however, by the indiscriminate use of AI in the cockpit. A piecemeal addition 
of expert systems will only leave the pilot with more systems to manage and 
many of his needs left unfulfllled. Expert system applications must be 

1 



carefully selected, designed, and integrated into the cockpit based on a full 
understanding of the pilot's tasks, requirements, and capabilities. (Endsley, 
1987,p. 1387) 

There are some outstanding issues to be addressed for expert systems interfaces such 

as what information should be presented to the user, and how. For instance, the output of an 

expert system is usually probabilistic, not deterministic. The expert system's selection will 

be the decision alternative with the highest probability of being correct according to the 

expert system's internal rules. Users often want such systems to provide them with an 

indication of the various probabilities associated with different options or the system's 

confidence level for its recommendations. However, very little has been done to investigate 

this type of decision support for users of expert systems. There are some fundamental 

questions regarding the advisability of, and format for, presenting this information. 

This thesis presents research on the use of expert systems for supporting decisions 

under uncertainty in future aircraft systems. A decision under uncertainty can be defined as 

a decision where there is more than one decision option with a probability of success of 

greater than zero. Since probabilistic judgment is implicit in any decision under uncertainty, 

this thesis sets out to explore the use of overt, system-generated probability estimates in 

interfaces of future decision support systems. The objective of the research is to determine 

a user compatible method for presenting these probabilities as confidence level information 

associated with recommendations by an expert system in future fighter aircraft. 
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CHAPTER II 

DECISION MAKING--LITERATURE SURVEY 

Decision making is a part of every human being's life. Decision making is inherent in 

almost any operational environment such as weather forecasting, factory production control, 

pilot judgment, consumer judgment, etc. Wickens (1992) defmes decision making as a 

process of selecting activities that will alter the environment to either directly or indirectly 

meet goals. Wickens provides a detailed discussion of the decision making process. 

2.1 Characteristics of Decision Makin~ 

There are different types of decision making tasks and decision phenomena that can 

be considered within the framework of the general decision model shown in Figure 2.1 

(Wickens, 1992). 

2.1.1 IntefUatin~ Information 

In this model, a number of cues or information sources are received from the 

environment by the decision maker, all at once or sequentially. Using this information, the 

decision maker attempts to formulate a hypothesis and use it on his/her further decisions. A 

hypothesis might concern the current state of affairs (diagnosis) or a prediction of what will 

happen in the future. Wickens (1992) states that the cues are interpreted with regard to one 

or more of the hypothesized diagnostic states until one of three situations is obtained: ( 1) a 

state is diagnosed with certainty, (2) a state is diagnosed with uncertainty, or (3) more 

information is sought. 

When information is derived from different sources, simultaneously or sequentially, it 

imposes limitations on decision making or choice. Although more cues are considered to 

increase the likelihood of a correct diagnosis, in practice, as the number of sources grow 
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beyond two, people generally do not use the greater information to make better, more 

accurate decisions (Allen, 1982; Dawes, 1979; Dawes & Corrrigan, 1974; Malhotra, 1982; 

Schroeder & Benbassat, 197 5). Oskamp ( 1965), for example, observed that when more 

information was provided to psychiatrists, their confidence in their clinical judgments 

increased, but the accuracy of their judgments did not. Allen (1982) observed the same 

finding with weather forecasters. In fact, Wright (1974) found that under time stress, 

decision-making performance deteriorated when more rather than less information was 

provided. Despite these limitations, people have an unfortunate tendency to seek far more 

information than they can absorb adequately (Wickens, 1992). 

When several sources are present, a filtering process is required. Filtering 

information influences the decision. Payne (1980) argues that the filter is strongly tuned to 

the salience of the information or cue. Salience includes loud sounds, bright lights, abrupt 

onsets of intensity or motion, and spatial positions in the front or top of a visual display. In 

contrast to salience, information that is difficult to interpret or integrate will tend to be 

ignored, or at least underweighted (Bettman, Johnson, & Payne, 1991; Johnson, Payne, & 

Bettman, 1988). 

Experimental results suggest that a salient but uninformative cue will be 
weighted heavily relative to an unsalient but informative one, at the cost of 
ultimate decision-making accuracy ... A decision-making cue may be 
uninformative with regard to a hypothesis for one of two reasons: 1) The 
particular information may be equally likely under each of two hypotheses. 
2) The information itself may be unreliable ... When processing cues may 
lack both perfect reliability and diagnosticity, they tend to apply an "as if' 
heuristic, treating all evidence "as if' it were equally informative. (Wickens, 
1992, p.270) 

Johnson, Cavanagh, Spooner, and Samet (1973) and Schum (1975) found that 

heuristics demonstrate a sort of risky processing bias in the sense that decision makers 

extract more implications from unreliable data than are warranted. Furthermore, when cues 

become available over time, it causes some problems. 
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Human decision making may be compared to a classical model of optimal decision 

making, Baye's theorem (Edwards, 1962, 1968; Edwards, Lindman, & Philips, 1965; 

Edwards, Lindman, & Savage, 1963). 

Briefly, this theorem expresses that the odds in favor of a given hypothesis 
after the acquisition of a piece of data should equal the prior odds (i.e., the 
odds before the datum was collected) multiplied by the likelihood ratio. The 
likelihood ratio is the probability of observing that particular datum if the 
favored hypothesis is true, divided by the probability of observing the same 
datum if the other hypothesis is true. (Wickens, 1992, pp.266) 

Edwards's and his colleagues found that the human operator is generally conservative. 

"A conservative bias leads to the use of less information or less confidence in a decision 

than is warranted. It means that the operators do not extract as much information from each 

diagnostic observation of data as they should" (Edwards, 1968; Edwards, Lindman, & 

Philips, 1965, p.267). 

These fmdings are described by a more general heuristic which Tversky and 

Kahneman (1974) have labeled anchoring. The initial piece of evidence provides a cognitive 

"anchor" for the decision maker's belief in one of several hypotheses. "Subsequent sources 

of evidence are not given the same amount of weight in updating beliefs but are used only to 

shift the anchor slightly, particularly if those sources provide evidence for the other 

hypothesis" (Einhorn & Hogarth, 1982, p.267). 

Several researchers have developed mathematical models to describe the 
conservatism and anchoring involved in updating hypotheses on the basis of 
sequential data (Hogarth & Einhorn, 1989; Lopes, 1982), and others have 
offered explanations for the phenomenon (Du Charme 1970; Edwards, 
Philips, Hays, Goodman 1968; Navon 1979) ... In arguing for such 
innovations as integrated graphics displays for decision support (Bettman, 
Payne, & Staelin, 1986; Moray, 1981; MacGregor & Slovic, 1986) or 
simultaneous displays of unit/price information of a number of comparable 
products (Russo, 1977), researchers have made a convicting case that where 
possible, evidence that is available simultaneously should be presented 
simultaneously and not sequentially (Einhorn & Hogarth, 1981). 
This format cannot guarantee that simultaneous processing will occur, which 
of course depends on the limits of attention and the operator's own 
processing strategies. At least, however, it gives the operator the option of 
dealing with the information in parallel, if attentionallimitations allow, or of 
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alternating between different information sources, if they do not. (Wickens, 
1992,p.267) 

2.1.2 Choosin2 Hypotheses 

Choosing a hypothesis is dependent on the operator's perception of information cues, 

because of the limitations of working memory and of dividing attention between hypotheses 

and cue evaluation. The hypothesizing process involves an interplay between long-term 

memory, where plausible hypotheses are stored after they have been learned, and working 

memory where alternative hypotheses are entertained, compared, and evaluated against the 

information provided by the cues (Wickens, 1992). 

Wickens (1992) states that people have limited ability to entertaining hypotheses 

because of the limitations of human memory and attention. Thus, whenever there are a large 

number of alternative hypotheses, it is possible to ignore relevant hypotheses. Once the 

hypotheses (or objects) under consideration have been restricted to a manageable set, the 

human decision maker must now choose a hypothesis in light of the symptoms. In the logic 

of Bayes's theorem described earlier, two factors should enter into the choice of a 

hypothesis: its probability in light of the observed data (data information) and its prior 

probability. Furthermore, these two factors of data information and prior probability should 

be complementary, so that if the prior probability of a particular hypothesis decreases, more 

data information will be required for the hypothesis to be chosen with an equal degree of 

confidence (Figure 2.2). There are two different heuristics, representativeness (the degree to 

which the data "look like" those of a hypothesis) and availability (the ease of recalling the 

hypothesis), are simplifying techniques that the decision maker uses intuitively and 

automatically to approximate information concerning the data and prior probabilities, 

respectively. 
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Figure 2.2 lllustration of the trade-off between data and probability in forming beliefs 
about a hypothesis. The figure illustrates the biases of representativeness 
(which eliminates the effect of probability) and availability in affecting these 
beliefs. (from Wickens, 1992, p.275.) 
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Wickens (1992) defines representativeness as the extent to which a set of observed 

symptoms is physically similar to or representative of the symptoms that would be 

generated if a particular, familiar hypothesis were true. Tversky and Kahneman (1974) 

defmed availability as "the ease with which instances or occurrences [of hypothesis] can be 

brought to mind." 

2.1.3 The Choice of Action 

Although the final diagnosis may not be absolute, it is usually followed by a choice of 

actions. First, the difficulty involved in choosing an action is dependent on the features of 

the tasks. Second, the number of sources of information is very important in making a 

choice. Third the characteristics of the operator (novice or expert) is an important factor in 

making a choice because experts can achieve a direct recall of a response from long-term 

memory while novices must use mental calculations for the same decision. Making a choice 

always has some costs and benefits. In short, choice usually involves the evaluation of risk. 

A choice of action can be divided into certain choices and uncertain choices. 

In a given choice task, the value of each object and a mental representation of the 

value of each object--their utilities--should be multiplied before making a decision. A choice 

task is quite similar to a diagnostic task in terms of multiple cues and hypotheses. 

Malhotra's (1982) study shows that humans perform progressively less well as they are 

confronted with more objects and more attributes. However, choice performance is more 

disrupted by increasing the number of objects than by increasing the number of attributes 

(Johnson, Bettman, & Payne, 1988). People typically first "edit" the decision problem by 

reducing the number of objects and attributes. In addition, no single decision rule or model 

characterizes people's choices (Bettman, Johnson, & Payne, 1991). Choice decisions will be 

made most carefully and accurately if the attribute values are easily interpretable (Johnson, 

9 



Payne, & Bettman, 1988) and consistently expressed in a form that can be compared across 

objects (Bettman, Payne, & Staelin, 1986; Russo, 1977). 

In decision uncertainty, costs and values are assigned to different potential 

outcomes. Then the action which in the long run produces the highest expected gain or the 

minimum expected loss should be chosen. The pilot who chooses to fly into deteriorating 

weather conditions rather than tum back is a good example of decision making under 

uncertainty (Potter, Rockwell, & McCoy, 1989). Decision theorists define risk as taking an 

action whose outcome is uncertain and whose different possible consequences may have 

different values or costs to the individual. Risky and conservative are two important biases 

in decision making. Kahneman and Tversky observe that when there is a choice between 

two actions with positive expected outcomes, people tend to avoid the risk. 

The distinction between value and utility is important because the relationship between 

value (expressed in dollars) and utility (as it influences decision making) is not 

straightforward. "Whether the choice is made with certainty or uncertainty, people try to 

increase gains or reduce losses, and an important factor in predicting and modeling decision 

making relates to human understanding of gains and losses in an uncertain, probabilistic 

world" (Wickens, 1992, p.290). 

Furthermore, because of the limitations of information processing and memory, choices 

are not as accurate as they should be (Wickens, 1992). Limits of attention and cognitive 

resources lead people to adopt decision-making heuristics or "mental shortcuts" which 

produces decisions that are often adequate but not usually as precise as they could be 

(Kahneman, Slovic, & Tversky, 1982; Tversky & Kahneman, 1974). 

2.1.4 The Expert Decision Mak;er 

The characteristics of the operator (novice or expert) is an important factor in 

making a choice, because experts can make direct recall of responses from long-term 
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memory while novices use mental calculations in the same decision making process. If a 

human has experience, he will incur less load on perception and working memory, since he 

can chunk the information cues. The expert physician is able to perceive some symptoms as 

a single perceptual chunk or syndrome, (Ebbeson &Konecni, 1980; Phelps & Shanteau, 

1978). Experts also have a greater repertoire of possible hypotheses and possible actions 

stored in long-term memory, because of their increased experience (see Figure 2.1). A set of 

correlated symptoms are perceived to match a pattern stored in memory, and the diagnosis is 

made almost at the same time as the process of perceptual recognition (Wickens, 1992). 

This process is defined as recognition-primed decision making by Klein (1989). Since the 

selected action is part of a large store of such actions in long-term memory, learned from 

past experience, the expert may have direct rules to determine when to undertake a certain 

action. Furthermore, since experts have greater experience, they should have a better 

understanding of the actual probabilities of different states and of different outcomes. Thus 

they calibrate their diagnoses and choices to current probabilities and risks more easily. 

However, experience does not always improve decision performance and may 

sometimes degrade it. "Since decision making is probabilistic, a correctly made decision 

will often yield an incorrect outcome because of chance factors. Correspondingly, one may 

obtain correct outcomes for the wrong reasons. Each correct feedback will serve to reinforce 

the rule that generated the outcome" (Wickens, 1992, p.296). 

If a rule is inappropriate but correct by chance, its strength becomes greater and greater 

with reinforcement, and it is harder to "unlearn" (Einhorn & Hogarth, 1978). 

Often feedback from a decision may be delayed ... This delay may cause 
many of the factors that went into the decision to be forgotten or distorted by 
the time the feedback becomes available. Furthermore, the decision maker is 
often quite preoccupied with other matters at the time and thus gives little 
attention to the feedback. (Wickens, 1992, p.297) 

This tendency is exaggerated by a phenomenon that Fischhoff ( 1977) labels cognitive 

conceit. If the apparent discrepancy between what we know now and what we thought we 
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knew before the decision is slight, we see little wrong with our initial decision formulation 

and thus perceive little need to revise the decision-making process. Einhorn and Hogarth 

(1978) point out that the decision maker often has a vested interest in establishing that the 

rules employed were successful. "Therefore, treatment or 'placebo effects' will increase the 

likelihood that those selected to a program will be more likely to succeed than those who did 

not exceed the criterion but might have been admitted to the program for other reasons" 

(Wickens, 1992, p.299). 

2.2 Human Limits in Decision Makin~ 

Humans have limits in decision making in both perceiving and storing probabilistic 

data accurately and drawing inferences (making decisions) using those data. 

2.2.1 Expected Utility Theory and Prospect Theozy 

The major theory of decision-making under risk is the expected utility 
model. This model is based on a set of axioms, for example, transivity of 
preferences, which provide criteria for the rationality of choices. The choices 
of an individual who conforms to the axioms can be described in terms of 
the utilities of various outcomes for that individual. The utility of a risky 
prospect is equal to the expected utility of its outcomes, obtained by 
weighting the utility of each possible outcome by its probability. (Tversky & 
Kahneman, 1981, p. 453) 

Neuman, Morgestern and Fishburn (1970) and Savage (1954) found that the rational 

decision-maker will prefer the prospect that offers the highest expected utility when they 

faced with a choice. However, the data collected from humans does not match with this 

utility theory, so Tversky and Kahneman (1981) report that people are not rational decision 

makers. Furthermore, even if a person uses this kind of theory they can be labeled an 

irrational decision maker by weighting factors differently than others. 

Tversky and Kahneman (1981) defined "prospect theory" where outcomes are 

expressed as positive or negative deviations (gains or losses) from a neutral reference 
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outcome, which is assigned a value of zero. They found the value function is commonly S

shaped, concave above the reference point convex below it (Figure 2.3). The value function 

shows that response to losses is more extreme than response to gains. 

Although the properties of value and weighting functions summarize a 
common pattern of choice, they are not universal: the preferences of some 
individuals are not well described by an S-shaped value function and a 
consistent set of decision weights ... Because of the characteristics 
nonlinearities of value and weighting functions, however, different frames 
can lead to different choices such as framing of acts, contingencies, and 
outcomes. (Tversky & Kahneman, 1981, p. 454) 

2.2.2 Statistical Estimation 

Peterson and Beach ( 1967) provide a framework for considering the human operator as 

an "intuitive statistician." By using this idea, human limits can be explained regarding four 

basic descriptive statistics--means, proportions, standard deviations and parameters of 

exponential growth. 

Human perception proceeds automatically when a single number is shown 

(Wickens, 1992). However, Pitz (1980) found that when several numbers or several marks 

on a measurement scale were shown to an operator who was asked to estimate their mean 

value, very different processes are engaged. According to the experimental evidence of 

Peterson and Beach ( 1967), Pitz ( 1980) and Sniezek ( 1980), the estimation of the mean is 

done reasonably well by humans. The estimated mean does not correspond precisely to the 

true mean of a set of numbers, but it does not appear to be systematically biased in one 

direction or another. 

"Estimates of proportions, unlike those of means, tend to show some small but 

systematic biases. Toward the midrange (e.g., from 0.10 to 0.90), estimates are fairly 

accurate" (Wickens, 1992, p.262). However, Sheridan and Ferrell (1974) and Varey, 

Mellers, and Birnbaum ( 1990) found that with more extreme values, subjects seem to 

"hedge their bets" conservatively away from extreme values . Extremely rare or infrequent 
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events influence decision making tasks leading to behavior such as purchasing insurance or 

choosing between gambling options having different probabilities of winning (Wickens, 

1992). 

One explanation may be subjects' reluctance to report extreme values, 
believing that it is safer to err on the side of caution. A second may be that 
event probability is not just coded in terms of relative event frequency but 
also weighted by event salience... Frequent events, on the other hand, induce 
adaptation, or a failure to attend... A major source of bias in decision 
making and judgment results when operators direct attention to the most 
perceptually salient aspects of the environment rather than to those that are 
relevant to the task or judgment at hand. (Wickens, 1992, p. 263) 

People do not perform on estimating variance or standard deviation as well as 

estimating means. In fact, two sorts of bias have been reported, one related to the mean and 

the other to the extremes (Wickens, 1992). Lathrop (1967) found that the estimation of 

variability is inversely related to the mean value of the quantities. Estimates of variability are 

also influenced greatly by the members of the data set that are most salient to the variability 

estimation task, namely, extreme values (Pitz, 1980). 

Humans do not generally perform well at prediction or forecasting future trends on 

the basis of a series of past and present data points. A systematic conservative bias occurs 

when people are asked to extrapolate the future course of an exponential or accelerating 

growth function. Its graphic explanation is shown in Figure 2.5 (Waganaar & Sagaria, 

1975). People's future predictions (dashed line) typically underestimate the growth that is 

predicted by mathematical extrapolation of the observed function in to the future (dotted line) 

(Wickens, 1992). Waganaar and Sagaria (1975) found the same magnitude of conservative 

bias among experts, as well. Gottsdanker and Edwards (1957) and Runeson (1975) found 

similar conservative trends in extrapolating the future motion of accelerating objects. 

Three possible causes may account for this conservative bias in 
extrapolation: (1) Exponential growth functions are cognitively more 
complex, requiring more parameters to express verbally, or more analog 
manipulations to represent spatially, than linear ones. Therefore, the linear 
representation serves as a simplifying heuristic employed to reduce cognitive 
effort (Moray, 1980; Rasmussen, 1981; Tversky & Kahneman, 1974). (2) 
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The underestimation may represent a conseiVative resistance to 
acknowledging the extreme values that an exponential extrapolation 
generates ... (3) There may, in fact, be a legitimate rational reason for 
conseiVatism in extrapolation. An extrapolation task carries the assumption 
that the mathematical function generating the first portion of cUIVe will 
continue in effect for the later portion ... In real life experiences, however, 
most processes are not unchanging but have built-in limitations or self
correcting feedback loops that will arrest the process as it goes out of 
control. (Wickens, 1992, p. 265) 

"If it is necessary to extrapolate that function to determine what the future status will be 

if self-correcting processes do not occur, some design innovations must be introduced to 

counter this human bias" (Wickens, 1992). One solution is for computer-generated "best 

fit" extrapolations of the function to be displayed explicitly ( Wickens, 1992). 

2.3 Decision-Makin2 Aids 

Human beings have limited abilities in decision making in complex tasks because of 

the limitations of working memory and attention. Working memory is limited to 7+/-2 

chunks of information (Miller, 1956). 

For better performance in decision-making, decision aids have been considered by 

engineers; however, many proposed decision aids have encountered difficulties on their way 

to implementation. One problem is that the complexity of many of these aids renders them 

difficult to use. A second problem is that people's overconfidence in their own decision

making capabilities leave them less than willing to trust the aids, which they view to be less 

accurate (K.leinmuntz, 1990). A third problem is that it is exceedingly difficult to evaluate 

the success of decision aids. Despite these difficulties, there are some decision aids that 

assist decision makers in a wide variety of environments. These aids may be divided into 

two categories: ( 1 ) memory and attention aids and ( 2 ) training aids. 

The computer is a good tool for aiding memory and attention tasks. Diagnostic 

information concerning all alternatives may be presented in order that they be considered 

simultaneously in a decision making task. In this manner, the computer reduces some of the 
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problems associated with information overload. Integrated computer displays in complex 

process-monitoring stations will be of considerable use. Samet, Weltman, and Davis (1976) 

propose a system in which the computer monitors the operator's choice of information 

sources and infers the particular attributes of those sources that the operator finds most 

important. 

Computer-generated displays may also be used to assist the operator in a fault

diagnosis task by considering alternative hypotheses and keeping track of the outcome of 

sequential tests, so that recency and anchoring on the initial hypotheses (a common decision 

bias) do not dominate memory. Rouse (1981) reports that such memory aids substantially 

improve troubleshooting performance. Furthermore, the integration of diagnostic 

information can be aided by a computer. Dawes (1979) and Dawes, Faust, and Meehl 

(1989) argue convincingly that computer assistance can be of great use in integrating 

predictive information to provide statistical prediction. 

Edwards (1962) and Edwards, Philips, Hays, and Goodman (1968) propose a system 

of cooperation between humans and machines in sequential data-processing tasks. The aim 

of this cooperation is to overcome inherent human conservatism relative to the "Bayesian 

optimal." One of the most important and prominent decision-aiding techniques in this area 

is the application of multiattribute utility theory (Edwards, 1987; Edwards & Newman, 

1982; Slovic, Fischhoff, & Lichtenstein, 1977). "This technique assists people in carrying 

out the choice process by a structural procedure in which objects and attributes are 

identified, utilities of different attributes are specified, and the rating of each alternative on 

each attribute is obtained. In this manner it is possible to derive a choice that will most 

closely satisfy the decision maker's value structure, even if the total information load is 

high" (Wickens, 1992, p.301). 

If the task is a probabilistic type, the system can make some decisions. These 

decisions may be shown to the operator to select or implement. Although this kind of 
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decision aid looks promising, it brings with it some design and individual behavior 

questions. First, what information should be presented to the operator, and how, needs to be 

determined. Second, the operator may want such systems to provide them with an 

indication of the various probabilities associated with different options or the system's 

confidence level for its recommendations. Assigning probabilities to the system's options is 

very critical. The probabilities should be clearly different in order to improve the operator's 

performance (Selcon, 1990). Third, what kind of probability presentation format is best in 

terms of subjective performance and confidence needs to be determined. Fourth, will 

operators trust the system or look for different options? These questions need to be 

addressed. 

Training aids may also assist decision makers in a wide variety of environments. There 

are three methods for offering training aids. One method is simply to make decision makers 

aware of the nature of limitations and biases of which they may be totally unconscious. 

Hunt and Rouse (1981) succeeded in training operators to extract diagnostic information 

from the absence of cues. Lopes ( 1982) achieved some success at training subjects away 

from nonoptimal anchoring biases when processing multiple information sources. Tolcott, 

Marvin, and Bresoick (1989) included an experimental treatment designed to reduce the 

influence of anchoring and confirmation bias by administering a brief training program 

regarding their effects. 

A second type of training aid involves providing more comprehensive and immediate 

feedback in predictive and diagnostic tasks, so that operators are forced to attend to the 

degree of success or failure of their rules. It was noted that feedback given to weather 

forecasters is successful in reducing the tendency for overconfidence in forecasting 

(Murphy & Winkler, 1984). A third way to improve decision making through training is to 

capitalize on natural efforts to seek causal relations between variables and human 

superiority in integrating cues when correlations between variables are known beforehand 
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(Einhorn & Hogarth, 1981; Medin, Alton, Edelson, & Freko, 1982; Phelps & Shanteau, 

1978). 
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CHAPTER III 

HUMANFACTORSFOREXPERTSYSTEMS 

LI1ERA TURE SURVEY 

Expert systems, a form of artificial intelligence, are computer programs that enhance the 

problem-solving and decision-making performance of operators and decision makers. It 

was at one point assumed that experts typically carry around many rules in their heads. 

After eliciting these rules, they could be incorporated into software programs called expert 

systems for performing tasks. However, researchers are beginning to realize that this 

approach, although expedient, is limited. "The success of expert systems depends not only 

on the quality and completeness of the knowledge elicited from expert but also on the 

compatibility of the recommendations and decisions with the user's conceptualization of the 

task" (Madni, 1988, p.395). However, only recently has human factors been recognized as 

a vital aspect in expert systems development. 

When designing an expert system, the user community should be considered as a 

major human factors issue. The mental models of the users should be investigated in order 

to create the system's mental model. Thus, users can communicate with the expert systems 

easily. 

Kampfner (1983), Ziegler (1983) and Maida (1985) have found that there is a need for 

a more explicit consideration of human factors in the Al/expert systems field on many 

different levels, including the selection of tasks for expert system implementation. 

Control and display improvements and traditional software algorithms can 
be applied to reduce many of the operator's mental calculations and routine 
tasks. Expert systems will be needed for only those higher level tasks 
requiring the execution of complex rules or heuristics. (Endsley, 1987, pp. 
1389) (Figure 3.1) 

Human factors can also influence AI technology in recommending how the knowledge 

to build expert systems should be elicited and how systems should be structured to enhance 
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Figure 3.1 Computerization of human cognitive tasks (from Endsley, 1987). 
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human-system interaction (Endsley, 1987). A key issue in this enterprise is the way human 

expertise is conceptualized. The effectiveness and acceptability of an expert system is 

critically dependent on its man-machine interface (Kidd & Cooper, 1983). 

3.1 Human Factors in Expert Systems Desi~n and 
Acce.ptance 

Human factors considerations influence multiple aspects of expert systems. The role 

and function of the expert system along with the application domain and intended system 

users all affect the design, utilization, and acceptance of the system. Figure 3.2 provides a 

hierarchical classification of expert systems from a human factors requirements perspective 

(Madni, 1988). 

3.1.1 User -Related Perspectives in Expert Systems 

With respect to a user-related perspective, expert systems can be categorized in terms 

of whether they are aiding expert systems or training expert systems, whether the 

application domain calls for analytic or synthetic problem solving, whether the users are 

domain experts, journeymen, or novices, and whether their computer skills are those of 

frequent or casual users ( Madni,1988). 

Madni (1988) first classifies two types of expert systems: aiding systems and training 

systems. Aiding systems are defined to assist the human decision maker in actual task 

perfonnance, while training systems are designed to impart knowledge and test the mastery 

level of the trainee with respect to some criterion performance standard. Table 3.1 provides a 

comparison of these expert systems along the major dimensions that have human factors 

impact (Madni, 1988). 

The major distinguishing characteristics of aiding expert systems and 
training expert systems is in the subject matter expert (SME) pool. For an 
aiding system, the SMEs are those individuals who possess knowledge in 
the content domain. For a training systems, SMEs are both content domain 
experts and teaching experts. An expert training system needs more 
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TABLE3.1 
Comparison of Aiding and Training Expert System Requirements (from Madni, 1988). 

Comparison Aiding Expert Training Expert 
Criteria System System 

Subject matter expert Expert performer Expert Instructor 
plus expert 
performer 

level of granularity Compiled knowledge Uncompiled 
knowledge 

Knowledge bases Content KB (what, Content KB and 
how, when) pedagogical KB 
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granular knowledge than is needed by an expert aiding system. An aiding 
expert system requires content domain knowledge, whereas a training expert 
system requires both content domain and pedagogical (teaching-related) 
knowledge. (Madni, 1988, p. 396) 

In addition, the perception of system control is a key issue. Users will not accept an 

aiding system that appears to usurp their authority or unduly restricts their options (Mackie, 

1983). In training systems, the learner versus system control issue is tied to both 

instructional strategies and motivational considerations (Merrill, 1983). "A user, being at 

the receiving end of knowledge, is typically more inclined to accept system control in 

training systems. However, if the user is unable to explore or take initiative in seeking 

knowledge, acceptance of the training system can also be compromised" (Madni, 1988, 

p.397). 

Expert systems approaches have also been applied to two categories of problems: 

analytic and synthetic (or generative). Analytic problems are those for which possible 

solutions may be enumerated ahead of time, including diagnosis, classification, 

troubleshooting, and debugging (Harmon & King, 1985). 

Madni (1988) states that an individual solving an analytical problem must think in 

terms of a casual network that links a set data elements or cues to a finite set of categories. 

Two primary cognitive approaches are employed in solving analytical problems: 

exclusionary strategy and casual modeling. Assessing such models can be an important 

step in building a knowledge base. Synthetic problems are those for which unique solutions 

are built from a set of components. They require an individual to think in terms of 

arrangements, strategies, and the like that might lead to a given result. Because of their 

exponential nature, synthetic problems are difficult for people to solve using cognitive 

resources alone. 

Although most real-world problem-solving applications are neither purely synthetic nor 

analytic, understanding the differences between analytic and synthetic problems is the key 

for structuring elicitation protocols and selecting knowledge representation schemes and 
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reasoning control mechanics. In these applications, elicitation protocols, knowledge 

encoding methods, and reasoning control mechanics have to accommodate the unique 

requirements of both analytic and synthetic problem solving (Madni, 1988). 

Perhaps the most important human factors issue is understanding the requirements of 

the user which is complex because the user can be an expert, a novice or a journeyman. 

Figure 3.3 provides a classification of the different types of users along with the type of 

expert system they would most likely use. For the expert user who is a frequent user, the 

key human factors issues are in the user-system interaction. For the journeyman who is a 

frequent computer user, the expert system will most likely be an expert aiding system or 

refresher training expert. For the novice who is a frequent computer user the expert system 

will invariably be a training or tutoring expert system. 

3.1.2 A Knowled~e-Processin~ Perspective in Expert Systems 

With respect to a knowledge-processing perspective, expert systems development can 

be classified in terms of knowledge acquisition, and knowledge representation. 

3.1.2.1 Knowledge Acquisition 

Knowledge acquisition has been identified as a critical knowledge-processing stage 

with human factors implications. The Achilles' heel of building expert systems is knowledge 

acquisition (Madni,1988). Typically a human intermediary called a knowledge engineer 

(KE) elicits knowledge from the subject matter expert (SME) for subsequent codification 

and utilization. The transfer of information from the SME to a computer knowledge base is 

fraught with problems such as mismatches in the SME and elicitor mental frames of 

reference, leading or misleading elicitation protocols, and biases in responses resulting from 

suboptimal human performance with uncertain knowledge, inadvertent exaggerations, and 

errors. Elicitation guidelines have been identified by the Human Factors and National 
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Research Council to include: (1) establish and maintain a common frame of reference 

between the SME and the elicitor, (2) ensure compatibility between the elicitation protocol 

and SME mental model; (3) debias SME responses from overconfidence or an under 

appreciation effect; (4) ascertain response invariance fidelity and completeness of 

representations; (5) detect and compensate for inadvertent distortions and exaggerations 

resulting from hindsight; and (6) maintain cognizance of end-user expectations. Madni 

(1988) found that these six issues in knowledge acquisition have implications for 

developing elicitation techniques and protocols on the one hand and for guiding analytical 

and empirical research on the other. However certain key features from cognitive 

psychology and lessons learned in expert systems development and usage can be identified 

for constructing elicitation protocols. 

Endsley ( 1987) states that a more direct method of deriving information from the 

human mind will be more successful in obtaining the most complete information possible. 

One such method used in many psychological studies of human cognitive 
processing, but rather seldom in expert system development, is that of 
protocol analysis. A verbal protocol of a task is constructed by simply 
asking the subject to "think aloud" while performing the task. He is asked 
not to filter such information, but to say whatever normally goes through his 
mind... By having the expert's own protocol available for inspection, this 
process is greatly aided. In summary, protocol analysis has several 
advantages over traditional methodologies: (1) A more complete and 
unbiased record of mental processes are recorded. (2) The information is 
obtained in a manner which is most compatible with human capabilities , 
(3) The analysis can be used as a tool for eliciting further information from 
the expert as to higher level processing, objectives, recommendations for 
improvements, etc... Anyone experienced with protocols is aware that their 
use is not entirely without problems, however. The large volumes of data 
produced by protocol analysis must be organized into a coherent framework, 
such as the cognitive models described previously, and must be combined 
with other protocols and expert elicitations. An ominous task, to say the 
least. The human factors community needs to step up to the task of 
proscribing sound methodologies for achieving this goal in a valid and 
reliable manner. (Endsley, 1987, p. 1390) 

Kidd and Cooper (1983) have provided several guidelines for knowledge acquisition: 
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(1) Carry out at least an initial phase of knowledge acquisition before selecting an 

expert system shell or deciding on a particular knowledge representation or control 

structure. 

(2) The initial phase of knowledge acquisition should attempt to answer the following 

questions: 

- what basic strategies does the expert use to perform the task? 

- what facts does he try to establish first I what questions does he ask? 

- in what order does he pursue each of the subtasks? 

If possible, a detailed protocol of the expert solving at least one problem should be 

recorded at this stage. 

(3) Code the incoming expert's knowledge in a loosely structured form independent of 

the proposed shell structure. 

3.1.2.3 Knowledge Representation 

The purpose of knowledge representation is to organize all pertinent information in a 

form that is readily accessible through the AI program for use in making decisions, 

planning, recognizing objects and situations, analyzing scenes, drawing conclusions, and 

other cognitive functions. Thus, knowledge representation is central to expert systems. 

Representation schemes are typically classified as declarative (referring to 
the representation of facts and assertions) or procedural (referring to actions, 
or what to do). A further subdivision for declarative (object-oriented) 
schemes includes relational (semantic network) schemes and logical 
schemes ... Declarative knowledge is easily modified, maintained, 
manipulated, and reasoned about in terms of assertions and facts about the 
world. Procedural knowledge is fast in execution, realistic (i.e., people do 
think in terms of procedures), but hard to modify... In sum, because there 
are no sufficiently general models of human decision making, the model 
selected as a guide will typically be applicable to specific, well-circumscribed 
domains. Simply stated, this implies that an effective expert system will 
necessarily be designed for a specific application. The particular application 
and the level of maturity of the expert system both influence the selection of 
knowledge representation schemes. (Madni, 1988, p. 409) 
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There are two important requirements for the form of knowledge representation: (1) 

accuracy of presentation and (2) intelligibility of representation. The knowledge 

representation and problem solving strategy for an expert system should accurately 

represent what the expert knows and how he uses that knowledge to solve the problem. The 

knowledge representation and problem solving processes employed by the system must 

also be readily intelligible to the user. Only if this is true will the user be able to interact 

competently and efficiently with the system during its reasoning process and also be 

confident in the system's reasoning and advice (Kidd & Cooper, 1983). 

Knowledge representation research is essentially psychological in that it requires the 

formalization and development of an explicit "mental model" of the cognitive processes 

used by the decision maker in response to various situations (Anderson, 1980; Pople, 1982; 

Rasmussen, 1983; Simon, 1979; Wilensky, 1983). A user's ability to solve problems in 

conjunction with an expert system depends on the user's mental model of the expert 

system's operating processes. Three experiments reported on by Lehner and Zirk ( 1985) 

strongly support this idea. In the Lehner and Zirk experiments, problem solving with a 

generic expert system (Barth, 1984) using a stock market game domain was shown to be 

significantly enhanced by an accurate mental model of system operation. Users of expert 

systems may be significantly inconsistent from the expert system in both the problem 

specific data they are initially aware of and the domain specific heuristics utilized in problem 

solving. User/expert interface system interaction is therefore a situation that naturally 

reflects a great deal of cognitive inconsistency. In an experiment by Hall (1985), it was also 

found that users receiving accurate mental models reported greater "understanding of the 

system's operating procedures," than did those in a no mental model group. 

A good explanation facility is also important for intelligibility. It should be seen as 

having two main functions: (1) to make the system more intelligible to the user and (2) to 
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uncover shortcomings in the knowledge base, i.e, for use in debugging (Davis & Lenat, 

1982). 

The user/expert-system interaction can be viewed as a situation in which two 
problem solvers are trying cooperatively to solve a common decision 
problem despite the fact that each expert may use different decision 
processes, heuristics, and data. Two cognitive factors seem particularly 
relevant when exarning this interaction: (1) the degree to which the user and 
expert system's problem solving processes utilize similar domain- and 
problem- specific knowledge, and (2) the user's conceptual understanding of 
the basic principle of the system's problem-solving processes; that is the 
user's mental model... Performance is dependent on both of these variables, 
and there is a strong interaction between the two in their impact on 
performance... Furthermore, when the user and the expert system are viewed 
as two interacting production systems, the potential improvement of 
cooperative problem solving compared with individual user or system 
problem solving increases proportionately as the degree of overlap between 
the user's and the expert system's problem-solving processes decreases; that 
is, with decreasing cognitive consistency. However, in order to realize this 
potential, the user must be able to incorporate the system's cognitions into 
his or her own reasoning about the problem. Thus, it is predicted that, when 
a user possesses an accurate mental model, cognitive inconsistency should 
generally result in better performance than problem solving that features a 
high level of cognitive consistency. If the user, on the other hand, does not 
have a good mental model of the expert system's processing, the 
conventional wisdom may be correct that suggests that performance 
improves with increasing overlap between the user's and the system's 
cognitions. (Lehner & Zirk, 1987, p.99) (see Figure 3.4) 

The basic conclusion for the experiments of Lehner and Zirk (1987) appear to be that 

when a human being and an intelligent machine cooperate to solve problems, but where each 

employing different problem-solving procedures, the user must have an accurate model of 

how that machine operates. The interaction between users and expert interface systems 

naturally reflects a great deal of cognitive inconsistency and creating an accurate mental 

model may be an essential ingredient for the successful transfer of expert systems to 

operational use (Lehner & Zirk, 1987). 

Kidd (1983) believes that expert systems need not imitate human reasoning exactly, but 

they should employ similar knowledge structures so the user can understand what the 

system is doing and why. Kidd and Cooper (1983) also provide guidelines for knowledge 

representation: 
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(1) Do not force expert's knowledge into an alien format. 

(2) Make sure that key concepts in the domain (e.g, cost of test in a fault finding 

domain) can be represented. 

(3) Be prepared to rewrite the system if knowledge emerges. 

(4) Reasoning strategies should be evaluated not only for their computational efficiency 

but also for their efficiency in a real-time interactive application. 

(5) The role of probabilities in a working system should be carefully evaluated on the 

following measures: appropriate coarseness of scale, performance sensitivity, user 

intelligibility and also necessity. 

(6) Where feasible, knowledge engineers, experts and users may find it helpful, from a 

conceptual point of view, to have a graphical representation of the domain knowledge to 

refer to. 

(7) Before designing an explanation facility, investigate the kinds of explanations the 

predicted class of users are likely to require. If possible, tailor the explanations provided by 

the system to meet these needs. 

(8) Attach a brief "justification text" to each rule for use in constructing explanations. 

3.1.3 User/Expert System Interface 

There is no point in having a powerful knowledge-based system if users cannot easily 

and efficiently communicate with it under the constraints of a real-time task. This is largely 

a matter of ensuring that the dialogue facilities of an expert system match the 

communication needs and constraints imposed by the class of users for that system and the 

type of tasks they are involved in. 

The primary function of the expert expert system is to enhance a user's ability to utilize 

an external data source which is often a large system that operates independently of the 

expert interface. Such proposed applications of expert systems include centralized sensor 
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integration and display control, and real-time command and control decision-making 

support (Walker & Lehner, 1985). 

Inputting information into expert systems can pose problems. Currently, users are 

asked to provide factual descriptions of state characteristics. There is no room for contextual 

nuances. This analytical mode is quite different from a pattern matching mode of decision 

making that was found by Klein & Calderwood (1986); it may not be compatible with the 

decision processes of many users. Under conditions of time pressure and ambiguity, users 

may have even greater difficulty in meeting the demands of the expert system. The 

architects of expert systems must work with human factors specialists to learn about the 

types of judgment that can be made under stressful operational conditions, and these factors 

should help to drive the selection of the expert system design. 

Current question-answer style dialogues, driven by the system's reasoning processes, 

prove far too laborious and time consuming for the user in real-time applications. 

Dialogues need to be flexible enough to permit user intervention at any point in the 

execution of the task (Kidd & Cooper, 1983). 

The outputs of the expert system can pose additional problems. What information 

should be presented to the user, and how, needs to be determined. Users often want such 

systems to provide them with an indication of the various probabilities associated with 

different options or the system's confidence level for its recommendations. Fundamental 

questions regarding the advisability of, and format for, presenting this information need to 

be addressed, however. 

In a study of how fire ground commanders made decisions at the scene of a fire, Klein 

and Calderwood (1986) found that subjects did not seek probabilistic estimates and it is not 

clear whether they would have been able to understand and use such estimates if they had 

been. One issue here is how decision makers under pressure can use abstract data. Klein 

and Calderwood (1986) have seen that decision support systems which present digital data 
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displays have paralyzed operators, preventing them from seeing trends, interrelationships 

between different parameters, and overall system functioning. 

Selcon ( 1990) found that presenting the probabilities associated with different options 

from a decision support expert system improved subject decision time and confidence 

ratings only when the probabilities were clearly different. When the probabilities were more 

similar, leading to some ambiguity as to what to do, subject decision time was slower than if 

no probability information had been presented at all. 

A second issue is the evaluation of system judgments. In operational 
settings, trust is an important but intangible quality. In the absence of trust, 
it is not clear what evidence can help non-experts evaluate the quality of the 
answers they are receiving. (Klein & Calderwood, 1986, pp. 924) 

Gerring, Shortliffe and Van Melle (1982) have identified as a central problem that 

expert systems often suffer a basic conflict between their computationally intensive nature 

and their need for responsiveness to a user. 

For forward chaining systems (which is obviously the easier case), they have 
come up with a model for partitioning the system into two components: (i) 
An "Interviewer" which mediates interaction between user and system. (ii) A 
"Reasoner" which does most of the computation. We believe that this kind 
of model should be explored to see if it can offer any solution to the more 
difficult problems of backward chaining system. Also, when designing a 
control strategy for an expert system, the knowledge engineer should seek to 
minimize the number of questions which are put to the user. (Kidd & 
Cooper, 1983, pp. 100) 

Kidd and Cooper (1983) state that prior to system design the following questions 

should be asked about the user's communications: 

(1) What is the main type of data which the user will need to input? 

(2) Will the majority of data be volunteered by the user at the outset of a 

consultation or will it need to be elicited by the system? 

(3) Given the above, what would be the easiest and most efficient way for the user to 

input data to the system (e.g. menus, yes I no questions, free format etc.)? 
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( 4) What is an acceptable consultation time for the user? The user interface should 

be designed, as far as possible, to meet the above requirements. 

3.2 Expert Systems and the Ai~ht Environment 

Expert systems in the flight environment are a fast developing technology. However, 

the implementation of this technology in the aircraft brings many problems regarding its 

interaction with the pilot to get the desired improvement in pilot I expert system 

performance. A piecemeal addition of expert systems will only leave the pilot with more 

systems to manage and many of his needs left unfulfilled (Endsley, 1987). 

Continuation of a policy of replacing the pilot's role with expert systems will eventually 

edge the pilot into roles that do not take advantage of human capabilities and, at its furthest 

extreme, may edge the pilot completely out of the cockpit in favor of remotely piloted 

vehicles although this outcome is far from being realized. The results of a three-year NASA 

study of 200 Boeing 757 pilots indicate disagreement over whether automated cockpits 

actually reduce workload and whether they cause some safety problems (Hughes, 1989). 

A human systems engineering perspective is needed that harmonizes artificial 

intelligence with human capabilities and limitations, and specifies a natural evolution of a 

total system. 

This human factors perspective for harmonizing the human with artificial 
intelligence can be identified as 'humane intelligence'... One of the true 
intentions behind the humane intelligence perspective is to create an 
atmosphere in the cockpit of maximum situational awareness concerning all 
elements that relate to mission success (Pk and Ps ) ... A macro-awareness 
and macro-cognition must be provided that will obviate such conditions as 
channelized attention, spatial disorientation, and cognitive overload as well as 
providing a perspicacious insight. Another intention is the systematic 
incorporation of AI technologies to extend human abilities. (McNeese, 
Harry & Patterson, 1987, p. 941) 

Many potential advantages and applications of intelligent decision support in the 

military environment have been documented (Leal, Shaket, Gardiner & Freedy 1977; 
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Humphreys, W ooler & Philips 1981 ). Some of the particular implications for the single

seat high performance aircraft cockpit are described by Emerson, Reising and Britten

Austin (1987). They discuss the use of uncertain data by the Electronic Crewmember (EC) 

and describe two possible approaches by the EC to using those data. First, the EC could 

represent uncertainty to the pilot, e.g., by probability "tags," thus allowing the pilot to 

resolve the uncertainty, whilst maintaining his awareness of that uncertainty. Second, the 

EC could resolve the uncertainty, using preprogramed rules of engagement, thus reducing 

decision workload on the pilot. A major danger in removing the pilot from the decision 

process in this way, however, is that awareness of the situation can be lost, resulting in 

inappropriate behavior later in the mission. 

NASA has been studying the effects of expert systems on pilot acceptance 
and behavior, through direct observation of in-flight operation, for several 
years. Two of these studies (Curry, 1985 & Wiener, 1985) indicate that 
pilots, for the most part, accept, use, and favor more rather than less 
automation. Pilots are concerned about the possible erosion of their flying 
skills, however, and many continue to "hand fly" their aircraft for at least 
some portion of every flight. (Chambers & Nagel, 1985, p. 82) 

In Hughes's (1989) study, half of the pilots said that they felt automation actually 

increases the workload. Even one year later, they showed no shift in their opinion, despite 

having gained more experience with the automation system in the cockpit. Two important 

results were found in this study: (1) almost half of the pilots said too much automation 

would cause loss of aviation skills, and (2) 90% of them said hand-flying part of every trip 

keeps up their skill level. 

Chambers and Nagel (1985) stated that the implementation of intelligent artificial 

systems in the cockpit changes dramatically the role of the pilots. They also noted that pilot 

error types have been altered because of the changes in automation, thus it challenges 

airlines to use new training methods. The rules and subsequent behaviors of crews may 

also change (Norman & Orlady, 1988). As the role of the crew is altered, a host of 
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unexpected problems have been reported or hypothesized. Issues involving complacency 

and inattentiveness (Miles, Miller, & V ariakojis, 1987), type and severity of errors 

(Bainbridge, 1987), diffusion of responsibility between crew members and aircraft systems 

(Farrell, 1987), training techniques (Bohem-Davis, Curry, Wiener, & Harrison, 1983), and 

maintenance of expertise and technical skills (Gannett, 1982) have been associated with the 

various expert systems found in advanced technology aircraft. These problems may be 

either related to poorly designed systems or to fundamental changes in the role of the 

crewmembers. 

Chambers and Nagel (1985) describe a number of major design issues that designers 

must address in developing advanced automation in cockpits: 

(1) Locus of control: This would seem to be the most crucial of the design 
issues, since it addresses the central question of who, or what, is in control of 
the aircraft ... The pilot's ultimate responsibility is to ensure the safety of the 
flight. 

(2) Manual reversion: A related and complex issue is that of manual 
reversion or takeover of control by the human pilot in case of failure of the 
automatics. 

(3) Information management: Information transfer and control are central to 
the successful design of either highly or lightly automated aircraft... Little 
theory exists to guide designers, although electronic information technology 
allows experimentation with wholly new approaches to cockpit information 
management. 

(4) Workload management: To achieve optimal levels of workload on the 
flight deck, we must know how human workload is affected by various kinds 
and degrees of mental and physical tasks, how individuals differ with respect 
to the proper levels of workload, and how such relationship are affected by 
such other variables as fatigue, jet lag, and stress. 

(5) Communication: In simulator studies of the relationship between crew 
decision-making performance and the effectiveness of communication 
patterns, Foushee and Manos (1981) found that poor communication 
practices led to poorer decisions... ASRS incident database has documented 
numerous examples of communication-related incidents involving pilots and 
air-traffic controllers (Grayson & Billings, 1981 ) ... 
Computer-based speech generation and speech recognition have also come a 
long way in the past decade. Natural-language processing is a stated goal of 
a number of significant activities, including the Japanese Fifth Generation 
computer project and DARPA's Pilot's Associate program (Air Force 

39 



Systems Command, 1985). Developing a natural-language interface 
between a pilot and an aircraft, where subtle differences in meaning may 
~ave dramatic consequences, may present problems the complexity of which 
ts not yet fully appreciated (Foushee, 1984) ... We believe it will be very 
difficult to build natural-language bridges between humans and machines 
that can consistently provide a sufficient level of precision in 
communications. 

(6) Decision aiding: Successful knowledge-based systems have often been 
designed as tools for aiding human decision-makers... The implementation 
details of the human interface seem to play a substantial role in the overall 
effectiveness of such systems ... The developers of MYCIN have recently 
pointed out how important it is to pay special attention to users' goals, 
characteristics, and working constraints (Buchanan & Shortliffe, 1984) ... 
Tversky and Kahneman (1981) have studied the characteristics of human 
decision-makers extensively over the past 10 years. They determined that 
human decision-makers are susceptible to the decision frame or context and 
to variables such as the reliability of information. 

(7) Pilot acceptance: Evidence seems to indicate that pilots are generally 
enthusiastic about advanced expert systems. NASA's studies seem to 
indicate that their enthusiasm is particularly strong for systems that they 
perceive as enhancing their ability to fly safely and effectively. If they feel a 
system is poorly designed or likely to increase their workload, they tend to 
be quite a bit less enthusiastic. 

(8) Training: Training flight crews to use automated flight systems has 
become an issue... New training concepts that exploit other advances in 
computer science and information technology - for instance, interactive 
graphics, high-speed simulation, and student modeling - are likely to be used 
to train pilots for advanced automation. Training concepts can also be 
extrapolated from other domains. In the process control area, for example, 
the Steamer project provides an illustration of how advanced computer 
technology and artificial intelligence concepts can be exploited to create 
effective training systems for humans who must operate complex machines 
(Hollan, 1984). (Chambers and Nagel, 1985, pp. 83- 86) 
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CHAPTERN 

METI-IOOOLOGY 

4. 1 Objective 

The overall objective of this research is to determine a pilot compatible method for 

presenting confidence level information associated with recommendations by an expert 

system. It is hypothesized that the manner of presentation of confidence information will 

directly impact the utilization of that information (in terms of processing time and utility) 

and thus its effectiveness in supporting the pilot. It is furthermore hypothesized that this 

utilization will be affected by the level of expertise of system users. Specifically, it is 

expected that users with little expertise in an area will be more reliant on the 

recommendations of an expert system than users with more expertise and this difference 

will be reflected in their degree of compliance with expert system recommendations and 

time to make a decision. 

4.2 Methodolo~y 

4.2. 1 Experimental Desi~n 

The experiment was constructed as a between subjects design. It was a three factor 

experiment. The three independent variables (factors) included the following. 

(1) The method of presentation used to convey information about the expert system's 

confidence level concerning its recommendations: 

(a) digital (e.g.,. %75); 

(b) categorical (high, medium or low); 

(c) analog bar (thermometers); 

(d) ranks (1, 2 or 3), and 

(e) no information (control); 
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(2) Task type: 

(a) automobile task, and 

(b) aircraft task; 

(3) Subject type: 

(a) student, and 

(b) pilots. 

The dependent measures for each subject's performance were time to make a decision, 

the decision selected, and subjective confidence about the correctness of decisions made. 

Reaction time for each scenario was measured to the nearest thousandth of a second by the 

computer's clock. The confidence level was provided as a subjective estimate, measured 

from 1 to 10. 

4.2.2 Tasks 

The tasks were created by using Hypercard software running on a Macintosh 

computer. Two tasks were implemented: An aircraft task and an automobile task. The 

subject's task in both cases was to observe the presented scenarios and decide on one of the 

three possible actions. The aircraft task was presented first followed by the automobile 

task. 

4.2.2.1 Aircraft Task 

Ten aircraft scenarios (Appendix A) were created which provided a static picture of a 

cockpit situation awareness display. An example scenario is shown in Figure 4.1. An 

expert system was sim!Jlated for advising subjects on the best action to take, based on 

information elicited from ten experienced fighter pilots. Three options were shown on the 

right side of the static picture along with the system's assigned probability for each option. 

The subject was instructed to click on the button that corresponded to his/her choice using 
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Figure 4.1 An aircraft example scenario. 
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the mouse on the computer. After selecting an option, the next scenario was presented 

automatically. At the end of all ten scenarios, the subject's confidence in his/her decisions 

was elicited on a ten point scale (1 -low to 10- high). 

4.2.2.2 Automobile Task 

An automobile navigation task was created which depicted a real world driving 

situation (adapted from Selcon 1990). For each of six scenarios (Appendix B), a 

paragraph of text describing a decision task was presented. An example scenario is shown 

in Figure 4.2. An expert system was simulated which provided three decision options and 

confidence information regarding each. After reading the problem description, the subjects 

called up a list of three decision options which were displayed under the problem paragraph, 

adjacent to the system's assigned probabilities. After subjects selected an option, the next 

scenario was presented. Subjects' confidence in their decisions was elicited at the end of the 

task on a ten-point scale (1 - low to 10 - high). 

4.2.3 Subjects 

Two types of subjects participated in both tasks, as shown in Table 4.1. First, 45 

available undergraduate and graduate students (40 male, 5 female) at Texas Tech University 

were recruited on a strictly voluntary basis in compliance with the University's Human 

Subject Use Committee. This population was believed to possess a level of expertise which 

is representative of the general population on the driving task, but could be classified as 

novice on the aircraft task as they had no prior experience in flying aircraft or performing 

tactical flight tasks. Second, 45 male male pilots from Reese Air Force Base were used on a 

voluntary basis. This group was believed to have a high level of expertise on both tasks. 

Student subjects' mean age was 25.6 years and the variance was 14.1. On the other 

hand, pilot subjects' mean age was 33.9 years and the variance was 57.9. The pilots where 
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You drive down a main road which you recognize. You know that your friend 
livea on one ol the three atreeta 1-dlng all th la road. They are algnpooted 
'GRANGE AVENUE', 'PfTCROFT AVENUE' and 'NORRIS ROAD'. You rerroemt>. 
thai on the corner ol the correct street there was a PIZZA RESTAURANT. 
You examine the build ings on each street corner to choose which street to 
turn into. 

I SHOW OPTIONS I 

Scenario number : 5 
You drive down a maln road which you recognize. You know that your friend 
Uvea on one ol the three atreets leading all this road. They are aignpoated 
'GRANGE AVENUE', 'PfTCROFT AVENUE' and 'NORRIS ROAD'. You remember 
that on the corner ol the correct atreet there was a PIZZA RESTAURANT. 
You examine the building• on each street corner to choose wh ich street to 
turn Into. 
S(LECTJllf lfU 

~· ORANOE 

~ AVENUE 

r'r=?i PITCROFT 
~ AVENUE 

r'r=?i NORRIS 
~ ROAD 

• PIZZA RESTAURANT 
• Eatabllahed 1880 

PIZZA REST AU RANT 
• Eatabllehed 11111 

• MEXICAN RESTAURANT 
• Eatebllehed 1875 

Figure 4.2 An automobile example scenario. 
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Table 4.1 Student and pilot subjects for aircraft and automobile tasks. 

Students 

Pilots 

Aircraft 

Non-expert 

Ex rt 
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Automobile 
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highly experienced with 2092 mean number of flight hours (range 570 to 5000). The mean 

number of years of flying was 10.1 (range 3 to 22). 

4.2.4 Hypotheses 

First, it was hypothesized that the method of presentation (digital, categorical, analog 

and rank) which was used to convey information about the expert system's confidence level 

concerning its recommendations would reduce decision making time as compared to no 

information (control condition), would increase subjective confidence as compared to no 

information (control condition) and would be different from each other in effecting reaction 

time and subjective confidence. 

A comparison of the effects of presentation type between the aircraft and automobile 

tasks for the student subjects should also provide an indication of the effects of expertise on 

requirements for the presentation of expert system recommendations. This comparison was 

confounded, however by other inherent differences between the two tasks. (The automobile 

task is verbal and analytical by nature and the aircraft task is pictorial and holistic in nature.) 

For this reason performance by the student (non-expert) group will be compared against the 

behavior of expert pilots who should posses expertise on both tasks. Any differences 

observed between task types can then be attributed to true differences in the expertise level 

of the subject population or to other differences between two tasks. 

It was hypothesized that the two tasks would induce differing levels of dependence on 

the expert system: (1) Automobile task-- for which the student subjects can figure out the 

problems unaided, was predicted to produce less reliance on· the expert system and (2) 

Aircraft task -- for which the student subjects have no training or experience to draw upon 

to make decisions, was predicted to produce more reliance on the expert system (non

expert), while the pilot subjects were considered to have expertise in this task, and would be 

expected to have less reliance. Therefore, it was hypothesized that student subjects will be 
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more likely than pilot subjects to choose the number one choice recommended by the expert 

system in the aircraft task (when this information is presented), but will be equally likely to 

choose the number one choice in the automobile task. 
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CHAPTERV 

RESULTS 

The data were analyzed as a three factor experiment: (1) the method of presentation 

(digital, categorical, analog, ranks, no information); (2) task type(aircraft and automobile 

tasks); and (3) subject type (student and pilot subjects). 

5.1 Analyses of Response Time and Confidence Level 

Results of an ANOV A for response time (Table 5.1) showed a significant effect (a = 

0.05) of task type, presentation type, subject type, a task by presentation interaction, a 

subject type by presentation interaction, a subject type by task interaction, and a three way 

interaction between task, subject type and presentation type. 

Results of an ANOV A for confidence level (Table 5.2) also showed a significant effect 

(a= 0.05) of task type, presentation type, subject type, a task by presentation interaction, a 

subject type by presentation interaction, and a three way interaction of task, subject type and 

presentation type, but not a subject type by task interaction. 

5.1.1 Presentation Type 

Presentation type produced a significant main effect (a = 0.05) on both response time 

and confidence level. Subjects' average reaction time in each condition is shown in Figure 

5.1. Subjects' average confidence level in each condition is shown in Figure 5.2. 

Categorical information presentation (high, medium or low) reduced decision making 

time as compared to all other conditions (based on a Tukey pairwise test at the a = 0.05 

level). Although digital and analog conditions produced slightly higher response times, this 

difference was not significantly different than the control conditions at the a = 0.05 level. 
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Table 5.1 ANOV A of subject reaction time. 

Source of Variation Degrees of Sum of Mean Fo p 
Freedom Sguares Sguares 

Presentation type 4 3698.281 924.570 13.990 0.000 

Task Type 1 8104.812 8104.812 122.640 0.000 

Subject Type 1 3839.561 3839.561 58.099 0.000 

Presentation *Task 4 954.160 238.540 3.610 0.006 

Present.*Subject Type 4 1058.078 264.519 4.003 0.003 

Task* Subject Type 1 2917.272 2917.272 44.144 0.000 

Presentation *Task 4 901.404 225.351 3.410 0.009 
*Subject Type 

ERROR 1405 92850.843 66.086 
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Table 5.2 ANOV A of subjective confidence level. 

Source of Variation Degrees of Sum of Mean Fo p 
Freedom Sguares Sguares 

Presentation type 4 55.588 13.897 5.098 0.000 

Task Type 1 91.897 91.897 33.712 0.000 

Subject Type 1 68.021 68.021 24.953 0.000 

Presentation *Task 4 79.596 19.899 7.300 0.000 

Present.* Subject Type 4 186.200 46.550 17.077 0.000 

Task* Subject Type 1 3.637 3.637 1.334 0.248 

Presentation*Task 4 44.438 11.110 4.075 0.003 
*Subject Type 

ERROR 1398 3810.896 2.726 
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Figure 5.1 Subjects' average reaction time across presentation types. 
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Figure 5.2 Subjects' average confidence level for presentation type. 
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However, the digital condition produced a significantly higher response time than the rank 

condition at the a = 0.05 level. 

All forms of presentation were not significantly different from the control condition in 

regard to subjective confidence, based on a Tukey pairwise comparison test at the a = 0.05 

level. The analog condition produced a significantly lower subjective confidence than digital 

and rank presentations at the a = 0.05 level. 

5.1.2 Task Type 

Task type also produced a significant main effect (a= 0.05) on both response time 

and confidence level. Subjects' average reaction time in the aircraft task (mean= 10.9 

seconds) was faster than subjects' average reaction time in automobile task (mean= 15.834 

seconds). Subjects' average confidence level in the aircraft task (mean= 7.1), however, was 

less than subjects' average confidence level in the automobile task (mean = 7 .659). 

5.1.3 Subject Type 

Subject type also produced a significant main effect (a= 0.05) on both response time 

and confidence level. Pilot subjects (mean= 11.4 seconds) were faster than student 

subjects (mean= 14.1 seconds) in decision making time. Pilot subjects (mean= 7.6) were 

also more confident than student subjects (mean= 7.1) in their decisions. 

5.1.4 Presentation Type and Task Type Interaction 

The interaction effect between presentation type and task type is significant (a = 0.05) 

on both response time and confidence level. Subjects' average reaction time is shown in 

Figure 5.3. Subjects' average confidence level is shown in Figure 5.4. In general, the 

trends were similar across both tasks, however the automobile task had a relatively much 

higher decision time in the control condition than did the aircraft task. 
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Figure 5.3 Subjects' average reaction time for presentation type and task type interaction. 
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Figure 5.4 Subjects' average confidence level for presentation type and task type interaction. 
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Based on the Tukey pairwise test at the a = 0.05 level, the digital condition increased 

decision making time (as compared to the control condition) significantly in the aircraft task, 

but not significantly in the automobile task. The categorical condition did not significantly 

reduce the decision time in the aircraft task, but did reduce it significantly in the automobile 

task (a= 0.05). The analog condition increased the decision time significantly in the 

aircraft task, but did not significantly change it in the automobile task (a = 0.05). The rank 

condition did not significantly change the decision time in the aircraft task, but did reduce 

the decision time in the automobile task (a = 0.05). 

Based on the Tukey pairwise test at the a = 0.05 level, digital and rank conditions 

increased subjective confidence (as compared the control condition) significantly in the 

aircraft task, but this was not significant in the automobile task. No other conditions were 

significantly different from the control condition in either task. 

5.1.5 Presentation Type and Subject Type Interaction 

The interaction effect between presentation type and subject type is significant (a = 

0.05) on both response time and confidence level. Subjects' average reaction time in the 

interaction is shown in Figure 5.5. Subjects' average confidence level in the interaction is 

shown in Figure 5.6. In general a similar trend was apparent across the presentation 

conditions for both groups, however these differences were only significant in some cases. 

Based on the Tukey pairwise test at the a = 0.05 level, digital presentation did not 

increase decision making time (as compared the control condition) significantly for either 

students or pilots. The categorical condition reduced decision time significantly for the 

students, but not for the pilots (a= 0.05). Neither the analog nor the rank condition 

increased decision time significantly for either students or pilots (a= 0.05). 

Based on the Tukey pairwise test at the a= 0.05level, the only significant difference 

between conditions was a reduction in confidence for pilots in the analog condition. The 

57 



~ .---------------------------------------~ 

• Students 

- ~ Pilots Cl) 

~ 20 ~ 
II) 
0) - ('f) II) 

~ 
c.D cD 

E= 
0 
Cl) 

c:: 
8. 
Cl) 

~ 10 

0 

Digital Category Analog Rank Control 

Condition 

Figure 5.5 Subjects' average reaction time for presentation type and subject type interaction. 
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Figure 5.6 Subjects' average confidence level for presentation type and subject type interaction. 
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digital and rank conditions increased subjective confidence (as compared the control 

condition) slightly for both students and pilots, although this was not significant 

5. 1.6 Task Type and Subject Type Interaction 

The interaction effect between task type and subject type is significant (a= 0.05) for 

response time, but not significant for confidence level. Subjects' average reaction time is 

shown in Figure 5.7. 

Based on the Tukey pairwise test at the a= 0.05level, pilots were significantly faster 

than students in the automobile task, but not significantly faster than the students in the 

aircraft task. Overall, students were significantly slower for the automobile task compared 

to all other conditions. 

5. 1.7 A Three-Way Interaction 

The three-way interaction between task, subject type and presentation type is significant 

(a = 0.05) on both response time and confidence level. 

Pilot subjects were faster in their decision-making time and felt more confident with 

categorical information presentation (high, medium or low) on each task. However, 

although student subjects were also fast in decision-making time with the categorical 

condition, they felt less confident with the categorical condition on each task. They felt 

more confident with the digital and analog conditions, whereas pilot subjects felt less 

confident with these conditions. 

The lowest mean reaction time (mean= 8.72 seconds) was recorded by pilot subjects 

using the categorical presentation on the aircraft task. The highest mean reaction time 

(mean= 23.202 seconds) was recorded by the students using the digital presentation on the 

automobile task. 
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Figure 5.7 Subjects' average reaction time for task type and subject type interaction. 
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The lowest mean confidence level (mean= 5.875) was recorded by the student subjects 

using the categorical presentation on the aircraft task. The highest confidence level (mean = 

8.44) was recorded by the pilot subjects using the categorical presentation on the 

automobile task. 

5.2 Analysis of Options Selected 

Overall, subjects were not more likely to have made different decisions in the different 

presentation conditions based on a x2 test at the a= 0.05level. Students and pilots are 

significantly different in selecting the optimal option, based on a x2 test at the a= 0.05 

level. Subjects also were significantly different in the likelihood of selecting the optimal 

option on both aircraft and automobile scenarios, based on a x2 test at the a= 0.05level. In 

the aircraft task, students selected non-optimal alternatives 42.0% of the time, and pilots 

selected non-optimal alternatives 23.0% of the time. In the automobile task, students 

selected non-optimal alternatives 8.8% of the time, and pilots selected non-optimal 

alternatives 4.6% of the time. 
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CHAPTER VI 

CONCLUSION 

Although it was hypothesized that the method of presentation (digital, categorical, 

analog and rank) would reduce decision making time as compared to no information 

(control condition), this does not appear to be true for all conditions. It does appear that 

probability information from an expert system presented in a categorical format (high, 

medium or low) results in the quickest processing and response time for both novices and 

experts. Although the greater detail provided by the digital presentation resulted in a 

slightly higher subjective decision confidence, the significantly greater amount of time 

required to process the information would indicate that this presentation form should be 

avoided. Analog presentation also increased decision making time, but only for the aircraft 

task and only for novices, and resulted in a slightly lower subjective confidence than other 

forms of presentation. Rank information did not appear to be significantly different from 

presenting no information across all conditions. 

It is very interesting that expert system probability information impacted time to 

respond and decision confidence, although subjects did not select the "best" alternative 

recommended by the expert system with greater frequency (than when such information 

was not presented). Subjects appear to be using the expert system information indirectly in 

conjunction with their own reasoning processes. With certain forms of presentation this 

extra processing actually adds to the decision making time, while in others it appears to 

reduce decision time somewhat. The greater detail provided by the digital and analog 

conditions appeared to slow down the novices quite a bit, but did not pose as great a 

problem for the experts. This extra information also appeared to impact subjective 

confidence. Digital and rank information appeared to boost subjective confidence 
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somewhat, but only for the more difficult aircraft task and for novices. Whereas the analog 

condition produced a slightly lower confidence level, but only for experts. 

Although it was hypothesized that student subjects (novices) would be reliant on the 

system's recommendations more than pilot subjects (experts), and in the aircraft task more 

than in the automobile task, they did not appear to select the best response more often in any 

of the conditions where expert system information was presented. Student subjects were 

just as likely to pick low probability alternatives when the probabilities were shown as when 

they were not. This was true even for the aircraft scenarios, even though student subjects 

had no expertise on which to base their decisions. This finding calls into question whether 

presentation of probability information with expert systems is advisable, given the resultant 

impact on decision time and the lack of decision improvement for novices. 

It was hypothesized that expert pilots possessed expertise on both tasks, as compared 

to novice students. This was confirmed, as pilot subjects were faster and more confident 

than student subjects. Further investigation revealed that they were only faster on the 

automobile task, however. For the aircraft task, on which the novices were expected to be 

slower, novices and experts had almost identical response times. It is hypothesized that the 

novices were guessing and this resulted in a fairly fast response time. This is confmned by 

the finding that novices were almost twice as likely to choose a non-optimal alternative 

(42%) as experts in the aircraft task, a frequency which is relatively high. They did not 

appear to take advantage of the expert system information, even when they had no 

information on how to perform the task. 

There are several possibilities for why this may have occurred. It is hypothesized that 

the student subjects either did not trust the expert system or they did not care about the 

results of the task, whereas the pilots may have taken it more seriously. Another possibility 

is that some scenarios in aircraft task had probabilities which were fairly close together. 

Selcon ( 1990) found that presenting the probabilities associated with different options from 
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a decision support expert system improved subject decision time and confidence ratings 

only when the probabilities were clearly different. When the probabilities were more 

similar, leading to some ambiguity as to what to do, subject decision time was slower than if 

no probability information had been presented at all. 

For pilot subjects, it is hypothesized that their greater mean age and driving 

experience may have made them better at the automobile task as compared to student 

subjects with lower ages and driving experience. 

Overall, these results call into question whether presentation of probability information 

is advisable. Before including such information the features of a task, skills of users, and 

the importance of speed or confidence should be identified. If speed is important, then a 

categorical form of presentation would be advised and a digital form of presentation should 

be avoided for both novices and experts. If decision confidence is important, then 

categorical presentation is advised for experts and digital presentation is advised for novices. 

However, the results of this study indicate that it may be advisable to pursue an information 

presentation strategy which does not rely on probability information. More research into 

this issue is needed. 
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AIRCRAFf TASK SCENARIOS 
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INSTRUCTIONS 

You wtll be presented wtth e set of scenertos. Eech scenerto ts 
shown es e tacttcal sttuatton awareness dtsplay that ts presented to 
you as a ptlot tn a battle. Your etrcraft ts represented by the symbol 
In the center of the display. The other, triangle-shaped symbols 
represent enemy aircraft. The dtsplay shows aircraft wtthln en 80 
mtle redtus of your alrcreft. You ere heeding eest. Your home-bese ts 
behtnd you to the west. 

To the side of the dtspley, en expert system wtll present you wtth 
3 opt tons for deeltng wtth the sttuatton, along wtth a renktng of 
choice ( 1- best, 3- worst). Review eech option end then lndtcate 
your choice by cltcktng wtth the mouse on the button essocteted wtth 
that optton. You wtll then be shown the next scenario. 

Please make your selectton es qutckly es posstble, using your best 
Judgement. This sesston wtll take epproxtmately 5 to 10 minutes. 

You w111 be first presented wtth en example scenario. Cltck on • 
EXAMPLE. to begtn. 

EHAMPL£ 
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Exam le Scenario 

ATIACK TARGETS 2 
11,,.ANOIS 

ATIACK TARGET 
11 

If you have any questions, please ask the experimenter now.Ciick on 
·sTARr when you are ready, or on ·Go BACK TO INSTRUCTIONs· to review. 

I GO BACK TO INSTRUCTIONS I START 
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ATTAO< TARGET 1 
12 

ATTAO<All 
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78 

TARGETS 2 
18 



79 

ATIACK TARGETS 1 
15andl4 

TIACKLEFT 
GROUP 

2 



80 

ATTACK TAOOETS 1 
13andl2 

ATTACK TARGET 
13 

ATTACK 
13,12 nfl1 



Please dick on ·NEXT SCREEW button in order to rate time 
confidence you have in the correctness of your decisions. Rate from 

1 (LOW) to 1 0 (HIGH). 

NEHT SCREEN 
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YOU ARE FINISHED I , 
THANK YOU FOR YOUR PARTICIPATING IN THIS 

EXPERIMENT. 
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APPENDIX B 

AUTOMOBILE TASK SCENARIOS 
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INSTRUCTIONS 

In this experiment you will be asked to make a number of decisions 
relating to an on-going story. For each decision, a problem will be 
given to you first, and then you will receive 3 decision options. You 
will then be required to select the option which you consider is the 
most likely to be the correct decision, by clicking on that option with 
the mouse. You will be given one practice trial to familiarize yourse" 
with this procedure. Please repeat this trial as often as you wish, 
until you feel comfortable. 

NEHT SCREEN 
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THE STORY 

You are going on a journey by car to visit a friend in a different part 
of the country. You have only been to visit him there once before. The 
visit was about a year ago and so you only vaguely remember the route. 

You face a series of decisions along the way to which there is only 
one correct option each time. These decisions are based on real-wor1d 
tasks. The computer will attempt to generate probability estimates 
for each decision option from its own knowledge-base (in % likelihood). 
Please use your judgement and knowledge to select the option you 
consider the most likely to be correct as quickly and accurately as 
possible. 

EHRMPLE 

\ 

Example Scenario : 
You come to a crossroads and examine the roadsigns to see which Is 

the correct road to take. You are looking for the town of BLANCHARD which 
you know Is about half an hours drive away. Unfortunately the signs have 
been vandalized and only part of each is readable. The three signs point 
left, right and straight ahead. 

I SHOW OPTIONS I 

If you have arry questions, please ask ltle expermenter now. Click on "SHOW~ when 
you are ready, Ol on "GO BACK TO INSTRUCTIONS- 01 "GO BACK TO TI-lE STORY" kl revieW. 

[GO BACK TO INSTRUCTIONS I I GO BACK TO THE STORY I 
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Example Scenario : 
You come to a crossroads and examine the roadsigns to see which is the 

correct road to take. You are looking for the town of BU\NCHARO which you 
know is about half an hours drive away. Unfortunately the signs have been 
vandalised and only part of each is readable. The three signs point left. 
right and straight ahead. 

SELECT lHE BEST ~ 

~ 
~ 
§ 

1--

If 

BL ........... .. 
15 Miles 

II 
................. 
25 Mil .. 

II 
CA .......... . 

PAOQA8&ID; 

If you have any questions, pi ask the experimenter row. Cick on "STARr when you are 
ready, or on "GO BACK TO INSTRUCTIONS" or "GO BACK TO THE STORr to revieW. 

I GO BACK TO INSTRUCTIONS I I GO BACK TO THE STORY I ~-ST-AR_T_....., 

Scenario number :1 
You get Into the car preparing to leave when you notice that you do not 

have enough gas to reach your friend's house. Rush hour has just started 
and so you consider which of three gas stations • SHELL. TEXACO or MOBIL • 
to go to. All three stations close In 10 minutes. You consider the distance 
and the route each. 

I SHOW OPTIONS I 

86 



Scenario number : 1 
You get Into the car prepertng to 1eeve when you notice that you do not 

heve enough gas to reech your friend's house. Rush hour has Just started 
end so you consider which of three ges stet Ions -SHELL, TEXACO or MOBIL 
to go to. A11 three stetlons c1ose In 10 minutes. You consider the dlstence 
end the route eech. 

$ELECT DtE BEST 
CHOICE: 

~SHELL 

~TEXACO 

~MOBIL 

Scenario number : 2 

A0Un : PAQBABLm : 

3.1 Miles 
Through outskirts of town 

(via Rlna Road) 

3.4 Miles 
Through center of town 

(via Main Street) 

4.7 Miles 
Through of town 

You reach the outskirts of town and must decide which route to take- the 
FREEWAY (187), the 2 LANE HIGHWAY (FM97) or the 1 LANE MAIN ROAD (486). 
You can only afford four gallons of gas and so must choose a route that is 
not too demanding of fuel. You are also running late and so must choose a 
route which is as fast as possible. You estimate the amount of gas and 
time each route would take. 

I SHOW OPT I ON$1 
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Scenario number : 2 
You reach the outskirts of town and must decide which route to take • the 
FREEWAY (187), the 2 LANE HIGHWAY (FM97) or the 1LANE MAIN ROA0(486). 
You can only afford four gallons of gas and so must choose a route that Is 
not too demanding of fuel . You are also running late and so must choose a 
route which Is as fast as possible. You estimate the amount of gas and 
time each route would take. 

BLt;~ IHt; IIUI &;ST. ~AS USAGt; ; UI.llME; 
~QICE; 

~ ~ 
4.2 Gallons of 2 Hours • gas 10 Minutes 

~ 3.2 Gallons of 2 Hours 
gas 30 Minutes 

3.0 Gallons of 3 Hours 
gas 5 Minutes 

Scenario number : 3 
You come to a crossroads with roads leading North, East, and West. You are 
unsure as to which is the road to take, but remember that the correct 
route had double yellow lines down the cemer. You examine the road 
markings, bearing in mind that they may have been changed since your last 
visit, to decide which road to take. 

I SHOW OPT I ON$1 
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Scenario number : 3 
You come to a crossroads with roads leading North, East, and West. You are 
unsure as to which Is the road to take but remember that the correct route 
had double yellow lines down the center. You examine the road markings, 
bearing In mind that they may have been changed since your last visit, to 
decide which road to take. 

HLU;I Ill~ I~ST ROAD; PAOIAIR.nY; 
CHOICE; 

~ NORTH Newly resurfaced 
~ with no lines 

~ EAST Faded single I broken linea 

~ WEST Faded double 
solid lines 

Scenario number : 4 
You approach a traffiC circle at the edge of a town. The traffic circle has 
four exits slgnposted FM31, FM315 and FM3152 respectively. You can not 
remember which road to take but recall that on your last visit, which had 
been In the middle of winter, there had been a tree which was completely 
bare of leaves on the comer of the appropriate tum-off. You examine each 
tum-off, bearing in mind that any trees may have been cut down since you 
were last here. 

I SHOW OPTIONS I 
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Scen•rlo number : 4 
You approach a traffiC circle at the edge of a town. The traffic circle has 
four exits signposted FM31, FM315 and FM3152 respectively. You can not 
remember which road to take but recall that on your last visit, which had 
been In the middle of winter, there had been a tree which was completely 
bare of leaves on the corner of the appropriate tum-off. You examine each 
tum-off, bearing in mind that any trees may have been cut down sirtee you 
were last here. 
SELECT DIE BEST PAQBABUU: 

~; Newly planted Ash Tree 

~ Mature Pine Tree I 

Mature Oak Tree 

Scenario number : 5 
You drive down a main road which you recognize. You know that your friend 
lives on one of the three streets leading off this road. They are signposted 
'GRANGE AVENUE', 'PfTCROFT AVENUE' and 'NORRIS ROAD'. You remember 
that on the comer of the correct street there was a PIZZA RESTAURANT. 
You examine the buildings on each street comer to choose which street to 
tum into. 

I SHOW OPTIONS I 
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Scenario number : 5 
You drive down a main road which you recognize. You know that your friend 
lives on one of the three streets leading off this road. They are signposted 
'GRANGE AVENUE', 'PITCROFT AVENUE' and 'NORRIS ROAD'. You remember 
that on the comer of the correct street there was a PIZZA RESTAURANT. 
You examine the buildings on each street comer to choose which street to 
tum into. 
$ELECT JHE BEST 

CHOICE: 

~ GRANGE 
~ AVENUE 

~ PITCROFT 
~ AVENUE 

~ NORRIS 
~ ROAD 

Scenario number : 8 

STBEEI: 

·PIZZA RESTAURANT 
• Established 1980 

• PIZZA RESTAURANT 
• Established 1991 

• MEXICAN RESTAURANT 
- Established 1975 

PAOBABLID: 

I 

You drive down the street but cannot remember the exact number of your 
friend's house. You know It is either 21, 23 or 25. You also remember that 
It used to have a green painted door, but realize that It may have been 
painted since you were last here. The houses are all Identical 2-story 
houses and so you can only use the doors to make your decision. 

I SHOW OPTION$ I 
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Scenario number : I 
You drive down the street but cannot remember the exact number of your 
friend's house. You know it is either 21, 23 or 25. You also remember that 
it used to have a green painted door, but realize that It may have been 
painted since you were last here. The houses are all identical 2-story 
houses and so you can only use the doors to make your decision. 

$ELECT DtE BEST DOOR ; PROBAB!I.ID : 

~: No. 25- Old painted BROWN door .. I __ __. 

~ No. 23- Old painted GREEN door 

§ No. 21 - Newly painted BLUE door 

Please click on •NEXT SCREEN· button in order to rate time 
confidence you have in the correctness of your decisions. Rate 

from 1 (LOW) to 10 (HIGH). 

NEHT SCREEN 
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YOU ARE FINISHED I 
THANK YOU FOR YOUR PARTICIPATING IN THIS 

EXPERIMENT. 
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