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ABSTRACT 

The goal of this research was to demonstrate that there are benefits to 

expertise when solving complex problems that have ambiguous characteristics. 

This research effort was motivated by the expertise-performance paradox 

(Camerer and Johnson 1991), a counter-intuitive finding that despite greater 

domain-specific knowledge of experts relative to novices, they are little if at all 

better in terms of the quality of decision outputs. However, much of the previous 

research required integrating a small number of clearly defined inputs to reach a 

pre-specified objective. In such environments -- which are hardly representative 

of real-world managerial problems -- there may be insufficient latitude for experts 

to demonstrate their superior problem-solving ability. 

To achieve our objective, we explored how providing or withholding a 

decision aid (which helps to identify inputs) and varying the level of noise 

inherent in externally available information (which affects the ability to evaluate 

inputs) moderates the expertise-decision making link. Eight hypotheses were 

proposed which were tested by running a 2x2x2 between-subjects experiment 

(expert/novice by decision aid/no aid by low versus high input noise). 

Relative to novices, we found that experts were better at selecting 

diagnostic inputs and evaluating non-quantified inputs. As a result, they made 

more accurate and tightly clustered decisions. They were also more confident in 

their decisions, but their confidence level exceeded what was justified by their 

greater accuracy. The benefits of expertise were more pronounced when solving 
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less structured problems. Without the aid, novices' decisions degraded 

considerably: there was greater variability in their judgments; they were more 

prone to extreme errors; their mean error increased; and the calibration of their 

judgments decreased. Experts, in contrast, were less frequently affected by the aid 

manipulation. We therefore conclude that experts outperform novices when 

solving complex problems with ambiguous characteristics because they can impose 

a more meaningful structure onto such problems which reduces a greater portion 

of the problem's uncertainty. These findings provide important evidence 

regarding expert-novice performance differences by advancing our knowledge of 

when experts outperform novices and why they are able to do so. 



CHAPTER 1 

1. OVERVIEW OF THE STUDY 

liMen occasionally stumble over the truth, but most of them pick 
themselves up and hurry on as if nothing happened." Winston 
Churchill (1874-1965) 

Marketing managers often face an environment characterized by 

overwhelming amounts of data -- much of questionable value -- but no obvious 

14 

rule for selecting, evaluating and combining these inputs to make a final decision. 

However, because many marketing decisions recur, there is an opportunity to 

learn and to develop domain specific expertise. There is widespread empirical 

support that as a result of expertise, individuals will exhibit different cognitive 

processes relative to less experienced decision makers (c.f., Johnson 1988; Chi et 

al. 1981; Brucks 1985; Chi et al. 1988), but the findings are equivocal as to 

whether experts are any better than novices in terms of the quality of decision 

outputs (c.f., Johnson 1980; Armstrong 1985; Camerer and Johnson 1991). 

Armstrong (1985) makes the shocking statement that one should " ... not hire the 

best expert you can -- or even close to the best. Hire the cheapest expert" (p. 91). 

Should marketing departments accept this view and expend little energy screening 

potential new hires? We don't think so! We believe there are benefits to 

expertise. 
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1.1 Research Objectives and Methodology 

Thus, the objective of this dissertation is to demonstrate the benefits by 

examining how expertise affects decision performance when solving context 

invariant problems which vary in their ambiguity. Specifically, we explore how 

providing or withholding a decision aid (which helps to identify problem relevant 

inputs) and varying the level of noise inherent in externally available information 

(which affects the ability to evaluate inputs and therefore induce an appropriate 

transformation rule) moderates the expertise-decision making link. By doing so, 

we will better understand under what conditions experts outperform novices and 

why they are able to do so. We expect experts to outperform novices when 

solving complex problems with ambiguous characteristics because: 1) they can 

impose a more meaningful structure onto such problems; and, 2) by drawing upon 

their experience they recognize, and can compensate for, inputs of questionable 

value. Both serve to reduce a problem's ambiguity and hence improve decision 

performance. 

Based on the above, eight hypotheses were proposed concerning how 

experts and novices differ when solving problems which vary in their ambiguity. 

To test the proposed hypotheses, we ran a 2x2x2 between-subjects fixed-effects 

factorial design (expert/novice by decision aid/no decision aid by low versus high 

input noise). Sixty-nine certified professionals (experts) and 72 students (novices) 

were randomly assigned to one of four problem solving conditions which varied in 

their ambiguity. Each subject made one highly realistic, judgment-intensive 
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decision. 

1.2 Summary of Results 

Relative to novices, we found that experts perceived problems as more 

structured. As a result, they were better than novices at selecting diagnostic 

features and evaluating non-quantified inputs. They also made more accurate and 

tightly clustered decisions, and were less prone to the extreme errors made by 

novices. They were more confident in their decisions, but their confidence level 

exceeded what was justified by their greater accuracy. Thus, we found experts to 

be better than novices on most measures of performance. Furthermore, 

consistent with our expectations the benefits of expertise were more pronounced 

when solving problems without access to a decision aid. Given their experience, 

experts evoke more appropriate solution strategies than novices, who resort to 

widely varying, ad hoc solution strategies. In light of the fact that many marketing 

problems do not have an obvious decision rule, the ability to evoke good 

strategies is a valuable benefit. 

However, we found that adding noise (stochastic error) to information 

inputs produced few hypothesized effects. Subjects did not appear to be 

consciously aware of the effect that noise was having on them, although there was 

some evidence that noise did affect decision processes. For example, noise 

lowered confidence levels, as intuition would predict. This effect was caused by a 

decrease in the confidence of experts when provided noisy data; novices, in 



contrast, were unaffected. Apparently, it takes expertise to discern the adverse 

effects of noisy inputs. 

1.3 Format of the Study 
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In chapter 2 of this dissertation the effect of problem characteristics and 

expertise on decision making are developed conceptually. It is argued that these 

jointly determine the extent to which a problem is perceived as ill-structured, 

which in tum affects decision making processes and outcomes. In chapter 3, eight 

hypotheses are presented beginning with the main effects of expertise on decision 

making. How these effects are moderated by increasing the ambiguity of problem 

characteristics are then presented. A research methodology appropriate for 

testing the hypotheses is presented in chapter 4. The analysis and empirical 

results appear in chapters 5. Chapter 6 provides a discussion and concluding 

remarks. 



Chapter 2 

2. CONCEPTUAL FRAMEWORK 

IIAn information processing system need not be concerned with the 
size of the haystack, if a small part can be identified in which there 
is sure to be a needle. Effective problem solving involves extracting 
information about the structure of the task environment and using 
that information for highly selective heuristic searches for solutionsll 

(Simon 1978, p. 277). 
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Many marketing decisions are made in an environment with overwhelming 

amounts of data, but no obvious strategy for how to effectively use the data to 

make a final judgment or choice.1 What information, for example, is relevant to 

a product launch decision, and how should information deemed relevant be 

combined? These real world characteristics differ markedly from most of the 

laboratory research on decision making which requires integrating only a small 

number of clearly defined inputs to reach a prespecified objective (see, e.g., the 

multiple-cue probability learning studies by Todd and Hammond 1965; Hammond 

et a1. 1973; Muchinsky and Dudycha 1975; Steinmann 1976; Brehmer and 

Kuylenstierna 1980; Sniezek 1986). Relative to these laboratory experiments, we 

consider many of the problems faced by marketing practitioners to have "ill-

1 For our purposes, the terms judgment and choice are used interchangeably, 
although it is recognized that a judgment refers to forming an opinion whereas a 
choice connotes a commitment to action among alternatives. These terms are 
used interchangeably because what may be a judgment for one marketing 
practitioner (e.g., an estimate of sales) may directly affect a choice by another 
(e.g., a go/no go product launch decision). For a good review of judgment and 
decision making, see Johnson and Puto (1987). The theory developed here is 
independent of whether the outcome is a judgment or choice. 
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structured" or ambiguous problem characteristics. 

The extent to which a problem may be ill-structured is determined, in part, 

by how clearly specified are the inputs, goals, and/or allowable transformation 

rules (Reitman 1965; Taylor 1974; Simon 1978), which taken together define the 

problem space (Newell and Simon 1972). To illustrate these problem 

characteristics, consider making a job offer. The goal is to select the best 

candidate from the choice set available. A relevant input is the number of years 

of work experience each applicant has. An allowable transformation rule is to 

rate those with more work experience as having better potential, but employers 

should not take into consideration a person's age, even if available, due to 

discrimination laws. 

The solving of problems categorized as ill-structured (Gorry and Scott 

Morton 1971) has received little attention (for exceptions, see Voss and Post 1988; 

Perkins and Rao 19902), despite the fact that such problems (e.g., product launch 

decisions) have more far reaching consequences than more structured problems 

(e.g., short term forecasts). We argue that the benefits of expertise are more 

apparent when solving problems with ill-structured or ambiguous characteristics 

because, by drawing on their experience, experts can impose a more meaningful 

2 Neither Voss and Post nor Perkins and Rao cleanly manipulated problem 
characteristics that affect structure. The former assume that political science 
problems are ill-structured; the latter adopt Gorry and Scott Morton's (1971) 
untested supposition that product launch decisions are less structured than 
consumer promotion decisions, and that decisions are identical in every way but 
structure. In both studies, individual differences in decision processes occurred 
when solving the presumably ill-structured problems. 
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structure onto such problems, thereby reducing a greater portion of the problem's 

ambiguity. In contrast, as the ambiguity of problem characteristics increases, 

novices will resort to a variety of ad hoc solution strategies which will result in 

widely varying levels of performance. 

The tendency to focus on problems with well-structured characteristics in 

experimental research may explain the poor performance of experts relative to 

novices3: Experts were unable to demonstrate their superior ability to select and 

evaluate relevant information, two process related advantages of expertise which 

affect decision performance (Sawyer 1966; Johnson 1988).4 Problems with ill-

structured characteristics are information rich and require large amounts of 

internal knowledge (Voss and Post 1988), and therefore may provide an 

environment complex enough to discern the advantages of expertise. Support for 

this belief is indirectly provided by Punj and Stewart (1983) who note that task 

characteristics, as opposed to individual differences, are "the most important 

determinants of behavior when the task is well-defined and unambiguous" (p. 

182); by implication, individual differences may therefore take precedence as task 

ambiguity increases. How a problem's perceived structure affects decision making 

3 An alternative explanation for the performance paradox has been provided 
by Adelson (1984): because experts represent problems abstractly, this can put 
them at a disadvantage relative to novices if asked to answer concrete questions. 

4 There is a striking similarity between studies of expert/novice performance 
differences and studies that compared clinical (expert) to statistical models (e.g., 
Meehl 1954) in that the focus has been on integrating clearly defined inputs while 
bypassing the process of selecting and evaluating inputs. 
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first requires defining what is a problem, and what factors affect the extent to 

which a problem is perceived as ill-structured. 

2.1 The Effect of Problem Characteristics on Decision Making 

2.1.1 What is a Problem? 

Problems arise from a disharmony between the current state of affairs and 

a desired state, where the method(s) to overcome the performance gap are not 

immediately obvious (Newell and Simon 1972). Because problems are a 

relationship between reality and one's preferences, they are conceptual entities 

rather than physical entities (Smith 1988). Problem-solving is action oriented 

thought intended to improve the likelihood of effectively reaching a solution, 

thereby reducing the disharmony. A factor that affects problem-solving activities 

is the perceived structure of the task at hand.S No one to our knowledge has 

systematically varied problem characteristics which affect perceived structure to 

examine the effect this has on decision making. 

2.1.2 Factors That Affect a Problem's Perceived Structure6 

The extent to which a problem is ill-structured can be defined two ways. 

S For comprehensive normative models of factors which affect decision 
strategies, see Beach and Mitchell (1978) and Bettman (1979); for an excellent 
review of empirical research, see Payne (1982). 

6 This discussion on factors that affect problem structure owes much to Smith 
(1988). 
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The first perspective is to define problem structure independently of the decision 

maker. This approach, popularized by Simon (1973), focuses on problem 

representability or the size of the problem space. The extent to which a problem 

is ill-structured is inversely related to the specificity of the problem space: ill

structured problems cannot be represented precisely. Given this definition it can 

be argued that a single move in chess is well-structured (it is unlikely that the 

number of allowable moves at any point in the game will exceed 30), but the 

game in total is ill-structured (Simon 1973) -- even the most powerful computer 

simulations do not consider every possible move. While this example presupposes 

a rudimentary knowledge of chess, the intent is to convey that it is the sheer size 

of the problem that determines the extent to which a problem is structured. 

While this may be considered a sufficient condition for a problem to be ill

structured, it is not a necessary condition. 

Consider, for example, the game of number scrabble. Number scrabble 

involves two players who alternately choose numbers between one and nine 

without replacement that sum to 15. Given a large amount of effort some 

decision makers could fully represent the problem (e.g., by constructing a decision 

tree), thereby allowing them to confidently execute an appropriate solution 

strategy. For most individuals, however, the cognitive effort and skill to fully 

structure this problem would be overwhelming, hence they would resort to 

simplifying heuristics. For example, they might choose a number that, when 

added to their current number(s) sums to 15; if that number is unavailable, 
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choose the next lowest number. This ad hoc strategy is executable, but it can be 

shown that it is not very effective. But suppose that the player was told the game 

can be reformulated as tic-tac-toe (put five in the center and even numbers that 

sum to ten in the diagonal comers), then it is unlikely that they would have any 

trouble easily developing a wide array of winning solutions (Newell and Simon 

1972). The process of reformulating (or decomposing) problems that upon first 

inspection may appear ill-structured reduces the size of the problem space 

(Newell and Simon 1972) and hence the potential ambiguity. 

This example suggests that what is perceived as ill-structured by one 

problem solver may be quite structured for another if the latter has sufficient 

insights, perhaps through training or experience, to know how to reduce a 

problem's ambiguity such that they can reliably invoke a valid decision rule. 

Thus, the extent to which a problem can be perceived as ill-structured is a 

function of the problem-problem solver union (Reitman 1965; Newell and Simon 

1972; Smith 1988). 

A crucial difference between these two definitions is that if structure is 

inherent in the problem, the extent to which a problem is ill-structured can be 

determined prior to any problem solving effort. But if it is necessary to take into 

consideration the problem solver's knowledge -- as is now commonly accepted -

then the extent to which a problem is perceived as ill-structured can only be 

assessed after the individual has begun solving the problem and only with respect 

to that individual (Smith 1988). Perceived problem structure is therefore jointly 
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affected by the problem solver's knowledge and characteristics of the task, as 

illustrated in figure 2.1. The conceptual framework includes a sampling of specific 

problem characteristics which fall under the broad categories inputs, goals and 

transformation rules. Note that necessary conditions for a problem to be 

perceived as ill-structured are: 1) it must have one or more ambiguous problem 

characteristics (in the number scrabble game it is the transformation rules that are 

ambiguous, not the inputs or goals); and, 2) the decision maker cannot easily 

transform the problem into one that slhe can execute a known and feasible 

solution strategy. How a problem is perceived, in turn, affects decision making 

processes and outcomes. Thus, by manipulating problem characteristics and 

measuring the problem solver's knowledge, we can infer the effect these have on 

perceived problem structure by measuring decision making processes and 

observing outcomes. 

A nice feature of this model is that perceived structure lies on a continuum 

because all the antecedents are themselves continuous variables. Thus, if the 

decision maker perceives the characteristics of the problem as well specified and 

unambiguous, and they readily identify a viable solution strategy, then the 

problem is well-structured to them. If, on the other hand, the characteristics of 

the problem are not well specified, but the decision maker can, by applying her 

knowledge or receiving outside assistance, determine an appropriate solution 

strategy, the problem can be thought of as ill-structured but structurable. If 

problem characteristics are ambiguous and the state-of-the-art of knowledge is 
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insufficient to reduce the ambiguity, the problem is inherently ill-structured for all 

decision makers. This latter scenario accommodates Simon's (1973) definition. 

This does not mean that problems perceived as ill-structured are not solvable: to 

resolve these problems we resort to ad hoc solution strategies or rules of thumb 

(Smith 1988). 

Figure 2.1 

Antecedents to Perceived Problem Structure 

Some Examples of 
Problem Characteristics 
Which Affect Structure 

Inputs: 

* Ease of selecting 
inputs 

* Noise inherent in 
inputs 

Goals: 

* Clarity of goals 

* Ease of evaluating 
solutions 

Transformation Rules: 

* Number of 
allowable 
transformations 

* Specificity of 
transformations 

Knowledge of Problem 
Solver 

Perceived 
Problem 
Structure 

~ 

Decision 
Making 
Processes 
and Outcomes 

Within this dissertation we systematically vary two problem characteristics 

which affect a problem's structure so that we may assess the effect that perceived 



structure has on well defined processes and outcomes. The first manipulation 

affects the ability to select appropriate inputs for decision making. As Klayman 

(1988) notes, determining which inputs to use is the first step in formulating a 

judgment about a prespecified criterion. Helping the decision maker to identify 

problem relevant inputs bounds the problem space while providing some insight 

into the complexity of the problem. Johnson (1988; Shanteau 1992) has found 

that experts are better at discovering relevant cues than are novices when not 

provided with a decision aid. 
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The second manipulation varies the level of noise inherent in the inputs, 

which affects the ability to evaluate non-quantified inputs and therefore induce an 

appropriate transformation rule. Sawyer (1966; Einhorn 1972) found advantages 

to expertise when it was necessary to evaluate non-quantified information. But his 

research compared experts to statistical models, not novices. Our goal is to 

demonstrate individual differences in the ability to recognize, and compensate for, 

inputs of questionable value. 

Thus, the first manipulation affects the ability to identifY problem relevant 

inputs and the second to evaluate inputs. The absence of a decision aid and/or 

the presence of noise should increase a problem's ambiguity. When solving 

problems with ambiguous characteristics we expect large individual differences in 

decision processes and outcomes given different levels of expertise. Drawing from 

Voss and Post (1988), experts should " ... be better able than novices to decompose 

an ill-structured problem into appropriate subproblems; and similarly, that they 
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should be better able to select parameter values for open constraints in a manner 

that leads to a meaningful solution ... " (p. 265). Solving problems which vary in 

their ambiguity offers an exciting opportunity to study individual differences. For 

example, experts may be more affected by noisy data than novices, but less 

affected by the absence of a decision aid. But before developing this reasoning, it 

is helpful to explicate differences in decision making between experts and novices 

holding problem characteristics constant. 

2.2 The Effect of Expertise on Decision Making 

"an expert is one who knows more and more about less and less," a 
quip by Arkes and Hammond (1986, p. 447). 

Analyzing expert-novice performance differences has attracted the attention 

of cognitive psychologists and behavioral decision theorists. The former focus on 

process differences whereas the latter eJiamine outcomes (Johnson 1988). 

Understanding process differences sheds valuable insight into when experts might 

be expected to reliably outperform their less knowledgeable counterparts. But 

first it is important to clarify what is meant by expertise. 

2.2.1 Defining Expertise 

Alba and Hutchinson (1987) differentiate between expertise and familiarity. 

Familiarity is a function of task related experience; it is generally assumed to be a 

necessary, but insufficient, condition to develop expertise. What is learned by 
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experience differs markedly across individuals (Brucks 1985; Alba and Hutchinson 

1987). We can, for example, imagine a situation where a teenage auto enthusiast 

knows more about cars than his parents, who have much more experience using 

automobiles. Thus, familiarity is not a reliable indicator of intersubject 

differences in performance. An alternative view is to define expertise as the 

ability to perform tasks successfully (c.f., Alba and Hutchinson 1987; Jacoby et a1. 

1984; Chase and Simon 1973). Using verifiable performance differences when 

solving standardized problems to define expertise has proven invaluable at 

unearthing process differences (e.g., Chase and Simon 1973). Unfortunately, such 

a definition renders any arguments regarding the benefits of expertise tautological. 

A compromise position is to recognize that expertise consists of domain specific 

knowledge developed through training or experience that results in measurable 

differences in cognitive processes, but these differences mayor may not lead to 

better decisions. It is, for example, possible for someone who lacks task specific 

knowledge to compensate for the deficiency by expending more effort thereby 

performing as well as someone more knowledgeable. Payne (1976; 1982; Payne et 

a1. 1988) found that individuals are capable of controlling their decision processes, 

an ability that allows us to cope with complex tasks. Thus, the proposed 

definition is independent of performance, and accommodates the views of both 

cognitive scientists and behavioral decision theorists. 
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2.2.2 Expert/Novice Differences in Decision Processes: A Cognitive Perspective 

Experts have better developed declarative and procedural knowledge (Chi 

and Glaser 1980). Declarative knowledge is factual and is conceptualized as one 

of several associative network models, such as schemas or scripts (Mitchell 1982). 

A schema is a collection of data associated with a given concept; it is customary 

to represent the data as nodes which are connected by arcs. Chi and Glaser 

(1980; Murphy and Wright 1984) posit that an expert's declarative knowledge is 

very dense and contains many clusters of related information. The structure and 

content of an individual's schema affect the ability to understand and interpret 

domain relevant information. In addition to enhancing the likelihood of 

recognizing incoming stimuli, well developed schemas are more likely to result in 

correctly inferring missing information. 

Procedural knowledge refers to collections of condition-action (if-then) 

statements which are organized into production systems (Brucks and Mitchell 

1981). Condition-action statements are, in essence, stimulus-response 

relationships and as such can be difficult to change once they are learned (Neves 

and Anderson 1981). If the condition is satisfied, the corresponding action can be 

immediately determined. Thus, if an expert's procedural knowledge is appropriate 

for the task at hand, they are likely to make decisions faster than novices 

(Johnson 1988; Kuusela 1992) -- indeed, decisions may appear spontaneous. But 

in unfamiliar situations, decision making will be slower, less focused and less 

predictable. 
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Declarative and procedural knowledge reside in long-term memory as 

opposed to working memory. There is little evidence that experts' working 

memory is greater than novices'. Most agree that the amount of information that 

can reside in working memory at one time is limited to seven plus or minus two 

Itchunkslt (Miller 1956); however, what is contained in the chunks of information 

differs across individuals. Chase and Simon (1973), in their study on the ability of 

chess players to reconstruct middle- and end-game chess positions, found that 

both experts and novices recalled between five and nine chunks of information, 

but that the chunks recalled by experts contained more chess pieces. 

Furthermore, the experts' chunks contained particular configurations of pieces, 

e.g., pawn chains and castled-King positions, which have strategic implications, 

whereas the chunks recalled by novices did not. They concluded that experts 

recognize legitimate patterns of pieces, which would explain their poor 

performance when asked to reconstruct random chess configurations. Thus, 

relative to novices, experts have better organized and more solution oriented 

information in working memory rather than greater capacity. 

To formulate a judgment a decision maker must first decide which inputs 

to use (Klayman 1988). Empirical findings indicate that knowledgeable decision 

makers are more selective in the information that they acquire (Johnson 1988); 

more flexible in the manner in which they search for information (Johnson 1980); 

and better able to screen out information which is less relevant (Punj and Staelin 

1983; Brucks 1985; Shanteau 1992; but see Murphy and Wright 1984). They also 
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agree more than novices concerning what information is important and focus 

more on rare events (Shanteau 1988), but often at the expense of undervaluing 

base-rate information (Johnson 1980). These results suggest that experts examine 

less external information than novices (Moore and Lehman 1980; Kuusela 1992). 

However, Brucks (1985; Punj and Staelin 1983) found the reverse to be true: 

knowledge was positively related to information search. In her study subjects had 

to request information, hence those with domain specific knowledge could ask 

more questions and therefore collect more information. A positive relationship 

between expertise and information use has been labeled the Information-Use 

Hypothesis (Shanteau 1992). Given these contradictory findings, it is not 

surprising that someone has taken the middle position. Shanteau (1992) argues 

that both experts and novices rely on only a small, non-significantly different 

amount of externally available information, but that the information used differs. 

Novices are more prone to acces~ irrelevant information. An explanation which 

reconciles these views is that experts activate domain specific schemas which 

direct attention to relevant information. Thus, if the decision environment has 

large amounts of irrelevant information -- a characteristic of many real-life 

decision contexts -- it is likely that novices (who necessarily lack well developed 

schemas) will look at more information overall; on the other hand, if the task 

requires expertise to collect information, experts will examine more. In less 

complex problem solving contexts, experts and novices will both examine a 

similar, small number of externally available information. 



32 

Having identified a cue set, it may be necessary to quantify one or more 

inputs. Sawyer (1966; Einhorn 1972), in an empirical review comparing clinical to 

statistical models, found advantages to expertise if non-quantified inputs required 

measuring. What, for example, is the value of a rumor that a competitor will 

respond to a change in the marketing mix? The ability of experts to incorporate 

"soft" information into their decision process would explain why combining model

based predictions with managerial predictions yields the highest levels of decision 

achievement (Blattberg and Hoch 1990). Managers bring to the decision task 

information difficult to quantify which, if relevant, will improve explained 

variance; statistical models, on the other hand, are less prone to systematic bias 

and inconsistent application of decision rules. We are unaware of any attempts to 

assess individual differences when evaluating non-quantified information. It is 

reasonable to assume that because of the experts' greater experience, they would 

return more uniform evaluations. 

Another characteristic differentiating experts from novices is how problems 

are cognitively represented, which in turn affects the strategy by which they solve 

problems. Experts categorize problems based on solution procedures (what 

Einhorn, 1980, calls task structure) as opposed to surface features; as a result, 

they are more likely to exhibit intersubject agreement concerning relevant 

principles (Chi, FeItovich and Glaser 1981; Chi, Glaser and Rees 1982; 
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Schoenfeld and Herrmann 19827). Because of the way experts represent 

problems they are more likely to engage in top-down decision strategies (Johnson 

1980; Chi, Feltovich and Glaser 1981). Top-down, knowledge-based decision 

strategies start with known quantities (i.e., the condition in a condition-action 

statement) to derive unknown quantities, hence forward progress is always being 

made (Larkin et al. 1980). The bottom-up, means-end decision strategy used by 

novices is not so practical. Decision makers start with the goal (the desired 

action) and determine what conditions are necessary to achieve the goal. When 

working from the goal to the initial conditions it is likely that many solution paths 

will dead-end (Le., a necessary condition is not available), hence the decision 

process must begin anew. As a result, the experts' top-down approach to problem 

solving is generally faster than is the novices' bottom-up strategy, which agrees 

with the discussion above concerning appropriate procedural knowledge. The top-

down approach also provides diagnostic insight into where and why a solution 

fails, if in fact a solution path "dead-ends." The decision maker can trace back a 

few steps and begin anew, which is valuable in determining what actions are 

appropriate. As a result, experts are credited with having better self-monitoring 

skills (Chi et al. 1982). In contrast, novices focus their attention on goals instead 

7 Schoenfeld and Herrmann (1982) raised the concern that differences in the 
way problems are categorized may stem from non-domain specific individual 
differences, such as aptitude. However, in a controlled experiment they 
demonstrated that one month of math instruction caused a group of randomly 
selected novices to behave more like experts in that math problems were 
organized more on the basis of solution procedures than on "surface structure" 
problem statements, as was the case with the control group. 
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of essential features of the task, hence learning is inhibited because insufficient 

attention is devoted to acquiring valid schemas. One can work backward without 

"attending to those features that allow categorization into convenient problem 

types and to which particular solution steps can be applied" (Sweller et al. 1983, p. 

659). 

In an interesting follow-on to the work by Chi and her colleagues 

concerning problem representation, Adelson (1984) demonstrated that how a 

problem is represented internally can impose limits on performance. In her study 

experts formed abstract representations of computer programs (based on what the 

program does) whereas novices developed concrete representations (based on how 

the program functions). If subjects were then asked to answer concrete questions 

the experts were at a disadvantage relative to the novices and did not answer the 

questions as well. Although her study provides further support for the more 

sophisticated method of representing problems employed by experts, it challenges 

the claim made by Chi and her colleagues that the levels used to represent 

problems by novices are subordinate levels used by experts; if this were the case, 

the experts would not have been at a disadvantage. 

These processing related issues that distinguish experts from novices are 

capsulized in table 2.1 below. Note that the driver of all these characteristics is 

that experts have more extensive declarative and procedural knowledge then 

novices. 



Table 2.1 

Cognitive Differences Between Experts and Novices 

Long-term Memoty 
Experts (relative to novices) have: 

- greater domain-specific declarative and procedural knowledge (Chi 
and Glaser 1980) 

Working Memoty 
Experts have: 

- larger memory chunks (Chase and Simon 1973) 
- more meaningful patterns within chunks (Chase and Simon 1973) 

Information Search /Evaluation 
Experts are: 

- more flexible in their information search (Johnson 1980) 
- more selective in acquiring information (Johnson 1988) 
- less likely to access irrelevant information (Punj and Staelin 1983; 
Brucks 1985; Shanteau 1992) 
- more likely to agree on what information is diagnostic (Shanteau 
1988) 
- more likely to focus on rare events (Johnson 1980) 

Problem Representation/Decision Strategy 
Experts (are): 

- more likely to categorize problems based on solution strategies 
(Einhorn 1980; Chi et al. 1981) 
- more likely to engage in top-down decision strategies (Johnson 
1980; Chi et al. 1981) 
- possess better self-monitoring skills (Chi et al. 1982) 
- faster at solving familiar problems (Johnson 1988; Kuusela 1992) 
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These processing differences suggest that on many performance dimensions 

(e.g., speed of problem resolution, appropriateness of search) experts are superior 

to novices. In some circumstances these process differences may be highly valued 

in themselves. It may not be possible to judge the quality of a decision, hence 
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one can only take comfort in the decision process. However, oftentimes there is 

an objective criterion from which a decision maker's output can be gauged. For 

example, a sales forecast can be compared to the actual outcome. In such cases, 

what is likely to be of most concern is not the process of decision making, but 

rather the accuracy of the decision output. Behavioral decision theorists have 

expended a considerable amount of energy studying decision accuracy.8 

2.2.3 The Relationship Between Expertise and Decision Accuracy 

Despite the aforementioned differences in cognitive processes, behavioral 

decision theorists have shown that the quality of decision outputs by experts often 

varies little, if at all, from novices (c.f., Johnson 1980; Armstrong 1985; Camerer 

and Johnson 1991) -- indeed, Goldberg (1959) found that trained clinicians were 

no better than secretaries at diagnosing brain damage. 

The most widely used methodology for studying decision processes is based 

on Brunswick's Lens Model (Hammond et a1. 1964; Arkes and Hammond 1986; 

Hammond et a1. 1986). Subjects are asked to predict a criterion given a set of 

prespecified inputs or cues. Subjects' decisions are then compared to the actual 

outcome. However, it is not uncommon to provide only a few (typically less than 

five) rescaled, uncorrelated cues in an abstract environment (see Brehmer and 

Joyce, 1988, for a review). Few studies use true exp~rts and realistic tasks; fewer 

8 Studies of decision accuracy necessarily require that if mUltiple goals exist, 
they do not conflict or one goal dominates. An example of potentially conflicting 
goals would be to maximize market share and maximize profitability. 
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still require the decision maker to interpret or evaluate information -- instead, 

data is converted to easily understood scales. Under such conditions -- which are 

hardly representative of natural problem-solving environments -- it is difficult for 

experts to reliably outperform novices. 

However, some studies have demonstrated expertise effects. For example, 

in an analysis of IQ estimation ability, Hammond et al. (1964) found that there 

was no difference between experts and novices in the consistency with which they 

applied their decision rules, but that experts' decision rules were more valid, i.e., 

more isomorphic with the true underlying task. Johnson (1980) examined 

numerous studies that compared experts' judgments to novices'. He concluded 

that the benefits of expertise are more apparent if the combination rules are very 

complex (environments which lend themselves to non-linear cue use because if

then rules greatly reduce the problem space), and the task requires the decision 

maker to evaluate inputs (what Sawyer 1966 and Einhorn 1972 call 'expert 

measurement'). He went on to comment that "experts may not differ from 

novices on mundane tasks ... the difficult, unusual or ambiguous case may be the 

experts' metier" (Johnson 1980, p. 9). A good example which meets Johnson's 

criteria is provided by Armstrong (1985). Sportswriters were better than graduate 

students and faculty at forecasting scores for football games. This finding 

certainly has value to gamblers, but what about decisions in organizational 

settings? It is the hard decisions that gravitate toward the top of the hierarchy. 

Johnson (1980) attempted to demonstrate the benefits of expertise by studying 
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admissions to postgraduate training programs in medici,ne, a complex, judgment-

intensive task. However, he found that the novice outperformed several, but by 

no means all, experts at ranking applicants. But he did not vary task 

characteristics, hence individual differences when solving problems which differ in 

complexity cannot be determined. 

Experts and novices may therefore perform equally well on problems with 

unambiguous characteristics, which is what much of the laboratory research 

concludes. But as problem characteristics become more ambiguous there is some 

evidence that experts may be able to impose a more appropriate structure onto 

the problem thereby reducing a greater portion of the ambiguity and hence 

outperforming novices. When solving unfamiliar, highly ambiguous problems, 

novices must resort to unreliable, ad hoc solution strategies. Evoking ad hoc 

strategies increases the variance in judgments across decision makers (Grebstein 

1963 found large variations in novices' decisions) as well as the likelihood of 

making large errors. This reasoning would explain Shanteau's (1988) belief that 

experts are less likely to make large errors than novices. Thus, we advance the 

suppositions shown in table 2.2 below. 



Table 2.2 

The Effect of Expertise on Decision Accuracy 

Experts, relative to novices, are likely to: 
- have more valid decision rules, particularly when 
solving problems with ill-structured characteristics 
(Hammond et al. 1964; Johnson 1980) 
- be more consistent when evaluating non-quantified 
information 
- exhibit less variance in judgments (Grebstein 1963) 
- make fewer large errors (Shanteau 1988) 

In the next chapter hypotheses which link problem characteristics and 

expertise to decision making processes and outcomes are presented. 
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Chapter 3 

3. RESEARCH HYPOTHESES 

To formulate a judgment about a prespecified criterion the decision maker 

must first decide which inputs to use and then determine what type of functional 

relationship (transformation rule) relates the inputs to the criterion to be judged 

(Klayman 1988). But this assumes that the inputs are already quantified, which is 

often not the case. Evaluating non-quantified information (e.g., what is the value 

of information contained in a reference letter?) is referred to as 'expert 

measurement' (Sawyer 1966; Einhorn 1972). Thus, decision achievement depends 

on the decision maker's ability to select, evaluate and combine information that is 

available either internally or externally. Klayman (1986) has shown that subjects 

can learn which inputs are relevant even in environments with random error if 

given many trials with immediate and unambiguous feedback. However, the 

research by behavioral decision theorists typically bypasses this step by specifying 

what inputs are relevant. They also eliminate the need to evaluate non-quantified 

inputs. Thus, to some extent the problems faced by decision makers are already 

partially solved. Discouragingly, these studies conclude that experts are often no 

better than novices (Camerer and Johnson 1991). Clearly, real world decision 

contexts require decision makers to perform all three steps. 

With this in mind, we have suggested that at least two factors affect the 

ability to perform these steps: expertise and problem characteristics. We argue 
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that experts are better at selecting, evaluating and combining information than 

novices, hence they make better decisions. However, the benefits of expertise are 

more apparent when solving problems with ambiguous characteristics -- simple 

decisions may not be rich enough to discern the advantages of expertise. Within 

this chapter, eight hypotheses are advanced which link expertise and problem 

characteristics to decision making processes and outcomes. 

3.1 Selecting and Evaluating Inputs 

Empirical findings indicate that experts are better able to screen out 

information which is less relevant (Punj and Staelin 1983; Johnson and Russo 

1984; Brucks 1985; Shanteau 1992; but see Murphy and Wright 1984) and agree 

more than novices concerning what information is important (Johnson 1980; 

Shanteau 1988). Given the experts superior declarative and procedural 

knowledge (Chi and Glaser 1980) these findings are intuitively reasonable. When 

presented with new information, experts activate domain specific schemas which 

help to evaluate and interpret relevant information, while minimizing attention 

directed toward irrelevant information. Because novices' schemas are less 

developed, they are more likely to examine irrelevant information. Thus, in 

environments containing large amounts of both relevant and irrelevant 

information, experts tend to acquire less external information than novices 

(Moore and Lehman 1980; Kuusela 1992). The difference in the amount of 

information acquired is expected to be greatest when solving ambiguous problems, 
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e.g., those with no obvious decision rule. We further hypothesize that given the 

need to assess non-quantified inputs, experts will return more uniform evaluations 

because of their similarity in task related experiences. Thus, 

HI: Experts, relative to novices, will: 
a) agree more among themselves concerning what are 
the relevant inputs; and, 
b) this effect will be more apparent when solving 
problems with ambiguous characteristics. 

H2: In environments with large amounts of relevant and 
irrelevant information, experts, relative to novices, 
will: 
a) identify a fewer number of externally available 
inputs as relevant; and, 
b) this effect will be more apparent when solving 
problems with ambiguous characteristics. 

H3: Experts, relative to novices, will: 
a) agree more among themselves concerning what 
value to attach to non-quantified inputs; and, 
b) this effect will be more apparent when solving 
problems with ambiguous characteristics. 

3.2 Consistency and Accuracy of Judgments 

Based on extensive observations, Shanteau (1988) concludes -- but to this 

author's knowledge does not demonstrate -- that experts are less likely to make 

large errors than novices. Two arguments support this belief. Experts relative to 

novices are more likely to categorize problems based on solution strategies 

(Einhorn 1980; Chi et a1. 1981), which would explain their greater task insight, a 

tendency that is more apparent when solving difficult problems (Hammond et a1. 

1964; Johnson 1980); and experts have better self-monitoring skills (Chi et a1. 
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1982), that is, they are more prone to check their work in progress and question 

their solutions than are novices. The first explanation suggests that experts will be 

more likely to use similar solution strategies than will novices, as implied by H1-

H3. The second suggests that they will be more likely to catch gross errors in 

calculations. Both would lead to greater differences in performance between 

experts and novices when solving ambiguous, complex problems. In such 

situations, novices will resort to a variety of ad hoc solution strategies which will 

return widely differing outcomes. Furthermore, because they lack experience 

novices cannot judge the goodness of their decisions. In contrast, experts can 

draw upon their experience and impose a more meaningful structure onto the 

problem; they also have a better feel for what constitutes a good decision. This is 

not meant to imply that experts will make better decisions when faced with 

ambiguity, but rather that their performance will degrade to a lesser extent 

relative to novices when solving increasingly ambiguous problems. Thus, 

H4: a) The variance among judgments will be smaller for 
experts than for novices; and, 
b) this effect will be more apparent when solving 
problems with ambiguous characteristics. 

H5: Experts, relative to novices, will: 
a) make smaller errors in judgments; and, 
b) this effect will be more apparent when solving 
problems with ambiguous characteristics. 

3.3 Speed of Problem Solving 

If experts' declarative and procedural knowledge is appropriate for the task 
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they can encode and interpret information more quickly than novices (Chase and 

Simon 1973; Chi et ale 1981; Johnson 1988), hence they can make faster decisions 

(Kuusela 1992). But the time spent on decision making is also affected by 

characteristics of the problem. The process of imposing a structure onto problems 

with ambiguous characteristics requires reformulating the problem (Newell and 

Simon 1972; Voss and Post 1988) and/or closing open constraints (Reitman 1965). 

Experts spend more time than novices performing these steps (Voss and Post 

1988). Indeed, when solving problems with ill-structured characteristics novices 

may quickly resort to rules of thumb thereby solving ambiguous problems faster 

than unambiguous problems. Thus, while experts are expected to be faster overall 

at solving problems, there may be little difference when solving problems with 

ambiguous characteristics. 

H6: Experts, relative to novices, will: 
a) spend less time making their decision; but, 
b) this effect will be attenuated when solving 
problems with ambiguous characteristics. 

3.4 Confidence in Judgments 

Experts are more confident in their decisions than novices (e.g., Mahajan 

1992), but there are two arguments which suggest that differences in levels of 

confidence will be attenuated by ambiguous problem characteristics. The first is 

that novices are unable to accurately perceive ambiguity due to, for example, 

noisy data. It may require expertise to perceive the uncertainty in the task, hence 

the experts' confidence may fall-off when solving ambiguous problems whereas the 
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novices' may be unaffected. Consistent with this argument, experts have been 

shown to be better at judging the difficulty of problems (Chi et al. 1982). 

However, ambiguity may take other forms. For example, problems may be posed 

with or without guidelines for a solution procedure. This form of ambiguity may 

have a greater affect on novices than on experts. Providing guidelines (by, for 

example, providing a decision aid which helps to identify problem relevant inputs), 

alerts the decision maker to the complexity of the problem. Should a large 

number of inputs be identified as potentially relevant -- which may not have been 

obvious without the aid -- novices may regard their conclusions more cautiously 

than if no aid were provided. As the saying goes, "ignorance is bliss." However, 

because experts have well developed mental schemas, providing or withholding an 

aid may not affect their decision strategy, hence confidence. Both explanations 

suggest smaller differences in confidence when solving problems with ambiguous 

characteristics, but point to different conclusions regarding which party is most 

affected by problem characteristics: noisy data may have a greater deleterious 

effect on experts' confidence, whereas decision aids may adversely affect the 

confidence of novices. Thus, 

H7: Experts, relative to novices, will: 
a) be more confident in their decisions; but, 
b) this effect will be attenuated when solving 
problems with ambiguous characteristics. 
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Given experts' superior ability to judge the difficulty of problems (Chi et al. 

1982), we further expect that experts' judgments will be better calibrated than 

novices'. That is, experts should be more likely to correctly predict the range 

within which the true outcome will fall. Calibration is, however, jointly affected 

by decision accuracy and confidence. Thus, a decision maker can make a 

reasonably good point estimate and yet off-set it by specifying an overly narrow 

confidence range (Le., exhibit over-confidence in their jUdgment). It is therefore 

not surprising that research on expert/novice differences concerning the 

calibration of judgments is equivocal (for a review, see Camerer and Johnson 

1991). Our position is consistent with Wallsten and Budescu (1983). Thus, 

H8: Experts, relative to novices: 
a) are better calibrated (Le., more likely to specify the 
range within which the true outcome will fall); and, 
b) this effect will be more apparent when solving 
problems with ambiguous characteristics. 

In light of the fact that many marketing problems have ill-structured 

characteristics (because inputs are noisy, much judgment is involved, and there are 

no widely accepted decision rules), it behooves us to test these hypotheses so that 

we may better understand when and why experts outperform novices. A viable 

research methodology for doing so is proposed in the next chapter. 
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Chapter 4 

4. RESEARCH METHODOLOGY 

In the last chapter, eight hypotheses were advanced which suggest that 

there are benefits to expertise, but that the advantages are moderated by problem 

characteristics. To test the proposed hypotheses, we ran a 2x2x2 between subjects 

fixed effects factorial design (expert/novice by decision aid/no decision aid by low 

versus high input noise). Each subject made one highly realistic, time intensive 

decision. Experiment participants appraised residential property, an information 

rich decision that requires much judgment. Sixty-nine certified residential 

property appraisers comprised the experts and 72 students enrolled in 

Introduction to Real Estate Principles were the novices. Experiment participants 

were randomly assigned to one of four problem-solving conditions that varied in 

their ambiguity. 

Problem characteristics were manipulated two ways: 1) by increasing the 

difficulty in determining problem relevant inputs (this manipulation was achieved 

by providing or withholding a decision aid); and, 2) by manipulating the noise 

inherent in the inputs while holding the quantity of external information constant 

(which increases the difficulty in evaluating inputs and therefore inducing an 

appropriate transformation rule). Both manipulations were carefully selected to 

affect perceived problem structure. Thus, the interactions specified within the 

hypotheses can be examined with respect to each of the two problem 
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characteristic manipulations. 

The purpose of this chapter is to explain the choice of research contexts as 

well as clarify the judgment task. How the independent variables were 

operationalized is then discussed. Measures of the dependent variables along with 

methods used to analyze the data are deferred to the next chapter. 

4.1 Research context 

Comparing two or more decision making contexts which presumably vary in 

their perceived structure would introduce a host of confounds. For example, 

short-term forecasts are generally thought to be less ambiguous (more structured) 

than are new product development decisions (Gorry and Scott Morton 1971), but 

these contexts differ in ways other than in their ambiguity. For example, the 

aptitude of those who make these decisions could very well differ. Thus, our 

objective was to identify one context that could be presented with differing levels 

of ambiguity. Furthermore, the context had to meet the following criteria: 

1) The decision environment is information rich; 

2) there is no obvious rule for selecting and evaluating relevant 
inputs; 

3) much judgment is involved; and, 

4) a large pool of recognized experts exist who would be available 
to participate in the experiment. 

Many marketing problems satisfy the first three criteria (e.g., forecasting 

sales or estimating advertising response), but satisfying the fourth was more 
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difficult. After considering several contexts, the best one appeared to be 

appraising residential property. Appraising residential property is a necessary step 

in completing a buyer/seller real estate transaction.9 Appraisers work with 

bankers to provide possession utility, one of three utilities (the others being time 

and place) provided by marketers. Appraising property also offers the benefit of 

being able to study highly realistic, non-trivial problems with the control of a 

laboratory setting. Field studies of decision making, in contrast, not only pose 

logistical difficulties but are prone to uncontrollable and potentially confounding 

factors. Finally, there is a large pool of certified experts working in the 

Tucson/Phoenix areas. 

4.1.1 The Appraisal Process. Appraising residential property consists of 

several major steps. Without belaboring the individual steps, appraisers are first 

asked by a financial institution to provide a market value for a piece of property, 

referred to as the "subject property". A market value is defined as the most 

probable price for the subject property in a competitive market, and therefore 

should not include any special or creative financing or sales concessions. 

Using an on-line computer data bank of all currently listed and recently 

sold properties, the appraiser is required to extract at least three pieces of 

property that have recently sold that are similar to the subject property. These 

properties are referred to as "comparables". After touring the subject property 

9 Many appraisals are not, however, associated with property sales. They are 
often done in order to refinance a home or to secure a loan to finance an add-on. 
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and then talking to the appropriate real estate agent(s) who sold the comparables, 

the appraiser must then fill-out a standardized form used throughout the United 

States called the Uniform Residential Appraisal Report (URAR). One portion of 

this multi-page form requires determining dollar adjustments to be made to the 

sales price of the comparable properties to equate them to the subject property. 

To complete this section requires two steps: 1) determining the feature(s) that 

differ between the subject property and each of the comparable properties; and, 

2) estimating what is a fair dollar value for the feature(s) and then adjusting up or 

down the sales price of the comparable properties to equate them to the subject 

property. 

To illustrate completing this portion of the URAR, consider two pieces of 

property that are virtually identical; the only apparent difference is that the 

comparable property, which we will assume recently sold for $80,000, has a one 

car carport whereas the subject property has a two car carport. Because the 

subject property has an enhanced feature (a larger carport), it is reasonable to 

assume that a fair value for the subject property should be something greater than 

$80,000. Having identified the distinguishing feature, the decision maker must 

then determine an appropriate mark-up to equate a one car carport to a two car 

carport and add this figure to the $80,000 sales price. They might decide that a 

fair mark-up is $1000, hence they would conclude that the subject property is 

worth $81,000. Of course, in real life there are many features that need to be 

considered; and to complicate matters, some features that are different have little 



or no dollar value. Thus, the ambiguity in this task lies in selecting and 

evaluating the relevant features (inputs). Ideally, when the three comparable 

properties have been equated to the subject property, the adjusted values will 

converge onto a single value. 

A sampling of property features that appear in the Uniform Residential 

Appraisal Report along with typical descriptions (or levels) that these features 

may take on are shown in table 4.1 below. 

Table 4.1 

Subset of Features That Appear in the 
"Uniform Residential Appraisal Report" 

Feature 
House design 
Quality of material 
Bedrooms 
Bathrooms 
Fireplace 
Garage 
Pool 
Fence material 

4.2 The Judgment Task 

Description of Features 
Territorial/Ranch 
Frame & stucco/Slump block/Brick 
2/3/4 
1/1.75/2 
0/1/2 
None/Carport/Garage 
Present/ Absent 
Chain link/Wood/Slump block 

Our goal was to approach the ideal experiment which would use true 
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experts and real tasks. The President of a southwestern chapter of the Appraisal 

Institute provided the organization's membership roster, hence we were able to 

contact 137 certified and/or designated property appraisers, all of whom we 
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classified as experts. iO In addition, the instructors of the Real Estate Principles 

courses (Finance 261) of the University of Arizona not only allowed us to 

announce the experiment in their classes but encouraged their students to 

participate. These students comprised the novice subject pool. 

With respect to the task, it is unfortunately impractical for a large number 

of decision makers to complete the entire appraisal process multiple times. 

Instead, we eliminated the time intensive data collection and verification stage 

and focused on the crux of the appraisal process: determining a market value by 

comparing the subject property to three comparables. It is at this stage that 

decision makers are most free to use their own judgment to determine what 

features are relevant and how much these features are worth. Thus, subjects were 

asked to perform the calculations that are required to complete the URAR. 

All participants determined the market value of the same subject property. 

To be consistent with the actual appraisal process, they were also provided with 

three predetermined comparable properties. This judgment intensive task can be 

completed in approximately 30 minutes. Upon completion, they were asked to 

fill-out a mUlti-page questionnaire. 

4.2.1 Experimental Procedure. Subjects were first contacted by the 

author to see if they were willing to participate. In the case of experts, this step 

was done over the phone; for novices, the announcement was made at the end of 

10 Five of the 137 appraisers refused to participate due to either time 
constraints or because they were concerned about legal implications. 
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the class period. If they expressed a willingness to participate, however weak, 

experimental stimuli and the questionnaire were mailed to them. After reading a 

cover letter and general introduction, they were then asked to estimate the market 

value for one piece of property. The necessary material to make the decision was 

included in a professional looking University of Arizona folder. The folder 

contained a general description of the neighborhood, descriptions of the subject 

property and the three comparable properties, and a questionnaire. In bold 

letters subjects were instructed to "not confer with anyone else or access any other 

material." An example of the experimental stimuli sent to participants appears in 

Appendix A. Like the actual appraisal process, survey participants were first 

asked to equate all three comparables to the subject property, and use this 

information to determine their market value estimate. After they developed their 

estimate, they completed the questionnaire. The subjects then returned all the 

material in a pre-addressed, stamped envelope. After one week, a reminder letter 

was sent to the subjects encouraging them to participate or, if they already had, 

thanking them for their time (see Appendix D). If the material was not returned 

within two weeks, they were then contacted by phone. As a further incentive to 

participate, a summary of the findings was offered to the subjects. 

4.3 Operationalizing the Independent Variables 

A 2x2x2 between-subjects fixed-effects factorial design was executed to test 

eight proposed hypotheses. Problem characteristics were manipulated two ways, 
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each at two levels. In this way hypothesized interactions could be tested with 

respect to each of the manipulations. The third manipulation was expertise. 

Expertise was not randomly assigned, rather subjects had to meet pre-specified 

criteria. A detailed discussion of these manipulations follows, beginning with 

problem characteristics. 

4.3.1 Manipulating Problem Characteristics. We manipulated problem 

characteristics two ways, both of which were carefully selected to affect decision 

making processes and outcomes by affecting a problem's perceived structure. 

Thus, differences in levels of performance between experts and novices due to 

increasing problem ambiguity can be examined with respect to each of the 

manipulations, thereby providing a stronger test of the hypotheses. The first 

manipulation affects the difficulty in determining what are the relevant 

distinguishing features (inputs). This manipulation was operationalized by 

providing or not providing a decision aid, a form very similar to that contained in 

the Uniform Residential Appraisal Report. An example of the decision aid 

appears in Appendix B. In the no aid condition, a scratch sheet was included in 

the survey instead of the aid. Note that the decision aid only serves to structure 

the information available, it does not provide any additional information.11 

The second manipulation affects the difficulty in evaluating the relevant 

11 It can be argued that the decision aid also encourages feature-based 
processing. However, within the experimental stimuli both the instructions and 
the example make it explicit that feature-based processing is the correct 
processing style. 
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inputs which in tum affects the ability to identify an appropriate transformation 

rule. In one conditio~ the three comparables provided to the decision maker (as 

well as the subject property) were all captured well by a simple, seven variable 

regression model that predicts sales price.12 Thus, if the decision maker 

identifies these inputs, the task of evaluating the inputs is greatly simplified 

because no logical inconsistencies will emerge when the decision maker attempts 

to equate the comparables, one at a time, to the subject property. In the second 

condition, the decision maker received the same four properties (one subject and 

three comparables), but random error or "noise" was added to or subtracted from 

the sales price of the comparables (although the sum of the random errors across 

the three comparables is zero). As a result, should the decision maker evoke an 

appropriate solution strategy, the adjusted comparables will not converge onto a 

single market value -- instead, apparent inconsistencies in the value of features 

will emerge. The amount of noise that could be added without jeopardizing the 

realism of the task was based on discussions with two appraisers. A pretest then 

provided directional support for the level of noise used in the experiment. 

To illustrate this manipulation, consider a subject property with 1200 

square feet of living area. To develop a market value the decision maker has 

12 The best linear unbiased estimator of sales prices had seven independent 
variables, and resulted in a multiple R of .92 and a standard error of $3093 (F < 
.01). Other property features covary with the selected independent variables and 
therefore should not be thought of as irrelevant. However, if added in lieu of one 
or more of the independent variables, they are not significant or they considerably 
erode the predictive ability of the model. 
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access to three comparables, one with 1100 square feet that sold for $55,000, one 

with 1150 square feet that sold for $56,000, and one with 1300 square feet that 

sold for $59,000. If the decision maker infers that each square foot of living area 

is worth $20, then she should conclude that the subject property is worth $57,000. 

But suppose the sales prices for these comparables were instead $56,000, $56,000 

and $58,000, respectively. Clearly, there is no value per square foot that will 

cause the adjusted comparables to converge onto a single market value. Yet, it is 

common for unobservable phenomena (e.g., an anxious buyer) to affect property 

prices. Note that this is not a manipulation of information relevance; in both 

conditions the comparables fall within acceptable parameters for use in decision 

making (Le., they have roughly the same square footage). Furthermore, the 

amount of external information is constant; the only difference is the reported 

sales price of the comparables. However, the manipulation is such that in the 

latter condition the decision maker must rely on their experience to recognize and 

compensate for noisy externally available information. 

4.3.2 Operationalizing Expertise. Expertise is defined as possessing a 

large amount of domain specific knowledge. There is no consensus, however, as 

to how to operationalize this construct (c.f., Armstrong 1985; Brucks 1985; Alba 

and Hutchinson 1987). A popular approach used by cognitive psychologists is to 

let recognized credentials separate experts from novices. For the purposes of this 

dissertation, those individuals classified as experts were either state certified 

and/ or designated property appraisers. Those classified as novices had no formal 
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real estate appraisal experience. They were, however, a demographically similar 

student population from the University of Arizona who had begun the necessary 

course work to pursue a profession in real estate (Real Estate Principles - Finance 

261). Compared to other potential novice subjects, this group is more like the 

experts in aptitude for and interest in real estate.13 

Experimental stimuli were distributed to 132 experts and 109 novices. 

Sixty-nine of 132 appraisers (52.2%) and 72 of 109 students (66.1 %) completed 

the survey and met the qualifications. The most common excuse provided by 

experts for not responding was that they were too busy. When the experiment 

was executed interest rates were quite low, hence the demand for appraisal 

services was very high. 

13 Shanteau (1992) makes the distinction between novices who possess some 
relevant knowledge and are trying to become experts, and naive decision makers 
who know essentially nothing about the decision context. Our novices meet 
Shanteau's definition and therefore provide a stronger test of the hypotheses then 
would be the case if we had opted to use naive subjects. 
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Chapter 5 

5. ANALYSIS AND EMPIRICAL RESULTS 

The goal of this dissertation is to demonstrate the benefits of expertise by 

examining how it affects decision performance when solving context invariant 

problems which vary in their ambiguity. To achieve this aim, a conceptual 

framework -- presented in chapter 2 -- posited that expertise and problem 

characteristics jointly affect the extent to which a problem is perceived as well- or 

ill-structured; and that, in turn, the decision maker's perception of a problem's 

structure affects decision making processes and outcomes. Eight hypotheses were 

then advanced which link expertise and problem characteristics to various decision 

making processes and outcomes. 

To test the hypotheses, a 2x2x2 between-subjects fixed-effects factorial 

design (expert/novice x decision aid/no aid x low versus high input noise) was 

executed. Within this chapter we analyze the data collected. The first section 

examines the success of the expertise and problem characteristics manipulations. 

Differences in domain specific knowledge between experts and novices are 

examined to demonstrate the appropriateness of the subject pool. The combined 

effect of expertise and problem characteristics on perceived problem structure is 

then tested. An analysis of subjects' motivation and interest in the task, as well as 

the extent to which they understood the instructions to the experiment, follows. 

Detailed analyses of each of the eight hypotheses are then presented. A summary 
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of the empirical results completes this chapter. 

5.1 Analysis of the Manipulations 

5.1.1 Expertise 

Expertise is defined as possessing a large amount of domain specific 

knowledge. For our purposes, those classified as experts were either state 

certified appraisers and/or designated appraisers (Le., they met criteria put forth 

by the Appraisal Institute). Novices were students enrolled in Introduction to 

Real Estate Principles (Finance 261) at the University of Arizona, which is an 

elective course. These students have expressed an interest in real estate and some 

will ultimately pursue a career within real estate. 

The mean age for the experts was 43.6 years old, and the average number 

of years employed within the real estate profession was 15.4 years. All were 

either certified (98.6 percent) and/or designated (58.8 percent). Fifty-one of the 

69 experts (73.9 percent) were male. For novices, the mean age was 23.5 years, 

with an average of 0.26 years of employment within real estate (those with 

experience generally worked in construction or office administration). None were 

certified or designated. Similar to the experts, 49 of 72 (68.1 percent) were male. 

However, age and experience do not necessarily translate into greater 

knowledge. Thus, to assess perceived domain specific knowledge, subjects 

responded to three lO-point semantic differential scales which appear in Table 

5.1. The greater the value, the more "expert" the decision maker regarded 
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themselves. The three measures proved highly reliable, returning a Cronbach 

alpha of .966. Those subjects within the experiment classified as experts (n = 69) 

had a mean score of 9.17 versus 4.36 for the novices (n = 72), which is a 

significant difference (t[139] = 18.24, P = .000) in the desired direction. This 

self-rated measure of knowledge in conjunction with the demographic composition 

lead us to conclude that we have successfully manipulated expertise. 

Table 5.1 
Measures Used to Assess Expertise 

Knowledge alpha = .966; lO-point semantic differential scales 

1) ... how knowledgeable do you consider yourself at estimating a market value 
for the subject property you just examined? 

2) ... how familiar are you with real estate terminology? 

3) ... how good are you at estimating market values of residential properties? 

5.1.2 Problem Characteristics 

Problem characteristics were manipulated two ways within the experiment, 

both of which were intended to affect perceived problem structure, hence decision 

making processes and outcomes. The first manipulation, providing or withholding 

a decision aid, affects the difficulty in determining distinguishing property features. 

One group of subjects was provided a form similar to that in the Uniform 

Residential Appraisal Report, which must be completed for all real-life property 

appraisals. Those receiving the aid, however, were not required to use it. In the 
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no aid condition, a scratch sheet was provided in lieu of the aid. The instructions 

explicitly stated to use only the material provided by the experimenter, hence 

those in the no aid condition had to evoke a solution strategy from memory. 

Of the 71 subjects who received the structuring aid, 36 were novices and 35 

were experts. Of the 36 novices, four (11.1 percent) did not return the aid and 

another four did not make any markings on the aid. Four of the 35 experts (11.4 

percent) did not return the aid. We cannot, however, assume that those not 

returning the aid did not use it. In a pilot test, two of four graduate students 

refused to return the aid claiming that their calculations might be grossly out of 

line with normal practices. They did, however, say that the aid influenced their 

thought process. Thus, it is inappropriate to remove those subjects who did not 

return the aid. Similarly, it can be argued that the four novices who returned the 

aid without appearing to use it at least had the advantage of viewing the aid, 

which in itself imposes a structure on the problem. We, therefore, conclude that 

all those receiving the aid, even if there was no evidence of use, be retained in 

the subject pool. 

The second manipulation, which we have labeled noiseless versus noisy 

data, affects the ability to evaluate inputs. In the noiseless condition, the three 

comparables (as well as the subject property) provided to the decision maker were 

captured well by a simple, seven variable regression model. Should the decision 

maker identify these variables, the task of evaluating the inputs is greatly 

simplified because no logical inconsistencies will emerge when equating the 



comparables to the subject property. In the noisy condition, stochastic error of 

$2,000 to $4,000 was added to the price of the comparables. As a result, the 

adjusted comparable prices will not converge onto a single market value. Thus, 

the first manipulation affects the ability to identify problem relevant inputs and 

the second manipulation affects the ability to evaluate inputs. 
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A measure of the success of the two problem characteristic manipulations 

is that subjects solving less structured problems (Le., those not having access to 

the decision aid and/or working with noisy data) should perceive the problem as 

more ambiguous or less structured. This effect might be stronger for novices than 

for experts. Hence, we expect significant main effects of the two problem 

characteristic manipulations on perceived problem structure and possibly a two

way interaction with expertise. In order to examine this relationship it is first 

necessary to develop a reliable and valid measure of the latent construct, 

perceptions of problem structure. 

5.1.3 Measuring Perceived Problem Structure 

To measure perceived problem structure, after subjects developed their 

market value estimate they responded to nine questions. These questions were 

intended to be general measures of a problem's perceived structure as opposed to 

measures designed to assess the effectiveness of specific manipulations. The scale 

items, which appear in Table 5.2, returned a coefficient alpha of .849. Question 

five was dropped from the composite measure because it had a low item-total 



correlation (.114) and therefore decreased the overall reliability. 

Table 5.2 
Measures Used to Assess Perceived Problem Structure{l) 

Perceived Problem Structure alpha = .849; 7-point Likert scales 

1) It was easy to decide what to do in order to develop my market value 
estimate. (reverse scaled) 

2) I am very comfortable with the method or strategy I used to determine my 
market value estimate. (reverse scaled) 

3) It was very difficult for me to determine what relevant features differed 
between the subject property and the comparable properties. 

4) The selling prices of the three comparables had very clear implications for 
pricing the subject property. (reverse scaled) 

5) I found the process of developing my market value estimate to be 
unambiguous. (reverse scaled; question dropped from composite measure) 

I found the process of developing my market value estimate to be : --
7-point response scales with the endpoints: 

6) not at all ambiguous < ----- > very ambiguous 
7) not at all complicated < ----- > very complicated 
8) very obvious < -----> not at all obvious 
9) not at all confusing < ----- > very confusing 

(1) = The reader is referred to sections 3 and 4, respectively, of 
the questionnaire in Appendix A. 

5.1.4 The Effect of the Manipulations on Perceived Problem Structure 

To test the effect of the manipulated constructs on perceived structure, a 

2x2x2 ANOV A was run with the average of the eight scale items the dependent 
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variable and the three manipulations (expertise, decision aid, and noisy data) the 
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independent variables. There was significant directional support for the main 

effects of both expertise and the decision aid (F[l, 133] = 18.55, one-tailed p = 

.000, and F[1, 133] = 3.125, one-tailed p = .040, respectively). Experts rated the 

problem as more structured than novices (mean for experts was 2.60 on a 7-point 

scale versus 3.32 for novices, where high numbers refer to greater perceived 

ambiguity). Similarly, those with the decision aid reported lower means than 

those without the aid (mean with the aid was 2.82 versus 3.12 without the aid). 

The effect of the noise manipulation, however, was not significant, nor were any 

interactions. These results appear in table 5.3. 

Table 5.3 
The Effect of Manipulations on Perceived Problem Structure 

SS DF MS F Sig. of F 

Dependent variable: Perceived Problem Structure 

Expertise 17.776 1 17.776 18.550 .000 
Aid 2.994 1 2.994 3.125 .079 
Noise .494 1 .494 .516 .474 
Exp X Aid .412 1 .412 .430 .513 
Exp x Noise l.126 1 l.126 l.175 .280 
Aid x Noise .095 1 .095 .099 .753 
E x A x N .715 1 .715 .746 .389 
Within cells 127.45 133 .958 

To further explore the lack of a significant noise effect on perceived 

structure, t-tests between differences in means were run separately for novices and 

experts for the two noise conditions. For neither experts (t[67] = 1.38, P = .173) 

nor novices (t[70] = -.23, P = .816) did the noise manipulation cause significant 

differences in their mean ratings of perceived problem structure. 
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Before jumping to the conclusion that the noise manipulation did not work, 

we examined two other explanations for the lack of significant results: 1) subjects 

may not have been aware of the effect of noise on their decision making 

processes; and, 2) the measure of perceived structure may not be valid. If it is 

true that subjects were not consciously aware of the effect of noise, we may still 

observe the predicted effects of noise on decision making processes and outcomes 

even though noise did not affect perceived structure. To test this, we examined 

the effect that adding noise to the selling price of the three comparable properties 

had on subjects' estimates for the adjustments to the comparables. Adjusting the 

comparables is a necessary step in the process of developing a market value 

estimate. Experiment participants were asked to identify differences between 

each of the three comparables and the subject property; based on these 

differences they were to adjust the prices of the comparables to equate them to 

the subject property. Ideally, the adjusted values converge onto a single market 

value. However, adding noise was intended to decrease the likelihood of this 

occurring. The mean adjusted values for the comparables appear in Table 5.4 

along with the selling price of the comparables provided as part of the 

experimental stimuli. In light of the main effect of expertise reported earlier, 

experts and novices are studied separately. Adding $2,000 of noise did not 

significantly affect the adjusted values of the comparables for novices, but did for 

experts. Subtracting $4,000 significantly affected both groups. Thus, while neither 

group reported differences in perceived structure due to noise, the manipulation 



did affect decision making, particularly for experts. 

Table 5.4 

The Effect of Noise on the Adjusted Price of the Comparables 
(figures in thousands of dollars) 
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Prices Provided to Ss Diff. Prices Provided by Ss Diff. Sig. 

Experts 

Compo 1 
Compo 2 
Compo 3 

Novices 

Compo 1 
Compo 2 
Compo 3 

Noiseless Noisy Noiseless Noisy 
Data Data Data Data 

50.0 
60.0 
59.0 

50.0 
60.0 
59.0 

52.0 +2.0 
62.0 +2.0 
55.0 -4.0 

52.0 +2.0 
62.0 +2.0 
55.0 -4.0 

59.08 
60.44 
59.74 

59.13 
59.86 
60.28 

60.39 
61. 59 
57.07 

58.13 
59.37 
57.45 

+1. 31 .055 
+1.18 .039 
-2.67 .000 

-1.00 .414 
-0.49 .742 
-2.83 .018 

It appears that $2,000 is not enough noise to affect decisions by novices, 

and the one comparable with $4,000 may be insufficient to cause a significant 

noise effect. Thus, we are not optimistic that the noise manipulation will prove 

successful when testing the hypotheses. The size of the noise manipulation was 

based on pretests which provided directional support for the success of the 

manipulation. This level of noise was selected because two expert appraisers 

informed of the purpose of the experiment believed that a greater amount of 

noise could jeopardize the realism of the decision task. It would be pointless to 

study expertise effects in contexts inconsistent with the experts' domain specific 

knowledge. 



Given the results in tables 5.3 and 5.4, we tentatively conclude that: 

1) experts saw any given problem as more structured than did the 
novices, which is not surprising given their greater domain specific 
knowledge; 

2) the aid manipulation does affect perceived problem structure in 
the desired direction, although there does not appear to be an 
interacting effect with expertise; 

3) noisy data does not effect perceived problem structure because 
subjects were not consciously aware of the effect that noise was 
having on them; and, 

4) the amount of noise added may be insufficient to cause 
significant effects when testing the hypotheses. 

These conclusions are contingent upon the assumption that perceived 

problem structure is a valid measure. To examine the validity of perceived 

problem structure, we looked at the effect it had on two outcome measures: 
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variance in judgments and subjective confidence ratings. The conceptual model in 

chapter 2 suggests that greater levels of ambiguity will lead to greater variance in 

judgments and lower levels of confidence. To compare variances, subjects were 

put into two groups: those providing perceived structure ratings greater than the 

mean rating, and those providing ratings less than the mean. Subjects perceiving 

the problem as less structured had a significantly higher variance in judgments 

than those perceiving the problem as more structured: the standard deviations 

were $3,185 and $2,255, respectively (Bartlett-Box F[1, 57572] = 7.953, P = .005). 

With respect to confidence in judgments, the correlation was -.389, which is 

significant at .01. These findings provide support for the validity of the perceived 
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problem structure measure. 

In light of the results concerning the effectiveness of the manipulations, we 

consider it appropriate to examine the full 2x2x2 ANOV A when testing the 

hypotheses. Should the noise manipulation and the noise related interactions be 

insignificant, we can then collapse across noise and examine the resulting 2x2 

ANOVA 

5.2 Analysis of Potential Covariates 

5.2.1 Subjects' Participation in the Task 

Factors which could adversely affect the statistical conclusion validity of the 

study (Cook and Campbell 1979) would be low levels of motivation or interest in 

the experiment, or subjects who -- perhaps because of poor instructions -- did not 

understand what was expected of them. These "nuisance variables", which are not 

of interest per se, may inflate the error variance. Measures of task clarity, 

motivation and interest were elicited in sections 3 and 4 of the questionnaire. If 

there are differences in these measures across expertise conditions, they should be 

used as covariates when testing the hypotheses. These measures, which returned 

coefficient alphas that exceed Nunnally's (1967) arbitrary 0.70 cut-off, are 

reported in table 5.5. 



Table 5.5 
Measures of Task Clarity, Motivation and Interest 

Task Clarity alpha = 0.790; 7-point Likert scales 

1) The instructions for this task were easy to understand. 

2) The instructions were confusing. (reverse scaled) 

3) The four property descriptions were believable. (question dropped from 
composite measure) 

Motivation alpha = 0.716; 7-point Likert scales 
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1) It was important to me to provide the best market value estimate that I could, 
given the information available. 

2) I found the process of developing a market value boring. (reverse scaled) 

3) I carefully deliberated over all the available information before developing my 
market value estimate. 

Interest alpha = 0.787 

Developing my market value estimate was __ : 

7-point response scales with the endpoints: 
1) mundane < ----- > fascinating 
2) of no concern to me < ----- > of concern to me 
3) boring < ----- > interesting 

For all three measures the mean values provided by experts and novices 

exceeded 5.0 on a 7-point scale, and there was no significant difference between 

the experts' ratings and the novices'. This finding is important because expertise 

was not randomly assigned and therefore might have covaried with one or more 
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of these measures. Mean ratings are reported in table 5.6. 

Table 5.6 
Mean Ratings for Task Clarity, Motivation and Interest 

variable novices experts d.f. t-stat. sig. of t 

Task Clarity 5.90 5.89 139 .06 .949 

Motivation 5.71 5.88 139 -1.09 .279 

Interest 5.16 5.03 139 .66 .512 

We then investigated if these three variables were affected by the problem 

characteristic manipulations. Separate 2x2x2 analyses of variance were run with 

expertise and the two problem characteristic manipulations the independent 

variables. Results of these analyses appear in tables 5.7a, b, and c. None of the 

manipulations significantly affect task clarity, interest or motivation. As a result, 

there is no need to use these variables as covariates when testing the hypotheses. 

Table S.7a 
The Effect of Manipulations on Task Clarity 

SS DF MS F Sig. of F 

Expertise .000 1 .000 .000 .988 
Aid .316 1 .316 .276 .600 
Noise .769 1 .769 .671 .414 
Exp x Aid .108 1 .108 .095 .759 
Exp x Noise .129 1 .129 .112 .738 
Aid x Noise 2.200 1 2.200 1.922 .168 
E x A x N .023 1 .023 .020 .887 
Within cells 152.27 133 1.145 
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Table S.7b 
The Effect of Manipulations on Motivation 

SS DF MS F Sig. of F 

Expertise 1.020 1 1.020 1.150 .286 
Aid .930 1 .930 1.049 .308 
Noise .003 1 .003 .003 .954 
Exp x Aid .722 1 .722 .814 .369 
Exp x Noise 1. 331 1 1.331 1.500 .223 
Aid x Noise .248 1 .248 .280 .598 
E x A x N .168 1 .168 .189 .664 
Within cells 118.02 133 .887 

Table S.7c 
The Effect of Manipulations on Interest 

SS DF MS F Sig. of F 

Expertise .496 1 .496 .365 .547 
Aid 3.451 1 3.451 2.541 .113 
Noise 1.202 1 1.202 .885 .348 
Exp x Aid .002 1 .002 .001 .971 
Exp x Noise .996 1 .996 .733 .393 
Aid x Noise .537 1 .537 .395 .531 
E x A x N .245 1 .245 .180 .672 
Within cells 180.63 133 1. 358 

To summarize the empirical results thus far, we are confident of the 

success of our expertise manipulation and feel comfortable with the aid 

manipulation, but the noise manipulation may prove problematic. Neither experts 

nor novices appear to be consciously aware of the effect of noise. However, noise 

does affect decision making (more so for experts than novices), but may be 

insufficient to yield significant results when testing the hypotheses. 

Experts' and novices' mean ratings for task clarity, motivation and interest 



are quite high. Furthermore, there is no evidence that the manipulations 

significantly affected these three measures, hence they will not be used as 

covariates in subsequent hypotheses tests. In the next section, empirical tests of 

each of the eight hypotheses are presented. 

5.3 Empirical Tests of the Hypotheses 

5.3.1 Selecting and Evaluating Inputs 
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5.3.1.1 Hypothesis 1. To solve complex problems decision makers must 

select, evaluate and combine information that is available either externally or 

internally. Oftentimes there are large amounts of externally available 

information, but much of it is irrelevant. H1 posits that experts will agree more 

among themselves concerning what are the relevant externally available inputs. In 

other words, for any given piece of information, experts relative to novices will 

exhibit less variance in their perceptions of the information's relevance to the 

decision task. 

Within section 6 of the questionnaire subjects were asked to rate, on 7-

point Likert scales, the influence that 17 property features had when developing 

their market value estimates. These features, which appear in Table 5.8, can be 

classified a priori into three groups: 1) features that do not vary across the four 

properties (Le., the subject property and the three comparables) and therefore are 



not diagnostic; 2) features that exhibit minor, though non-significant 

differences14; and, 3) features that do affect the value of the subject property. 

Table 5.8 
Property Features Rated on Perceived Influence(l) 

Low Diagnostic Features 
Air conditioner 
Number of Bedrooms 
Design Style 

Medium Diagnostic Features 
Year house was built 
Lot size 
Month that comparable sold 
Days listed before comparable sold 
Breakfast area 
Dining area 
Children's playhouse 

High Diagnostic Features 
Square feet of living area 
Presence of fireplace 
Type of landscaping 
Material of fence 
Type of garage 
Occupant of house 
Type of financing 

(1) = Property features were rated on 7-point Likert scales with the 
endpoints 'Not at all influential' to 'Extremely influential.' 

To test HI, the average of each subject's influence ratings for each of the 
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three groups of property features was calculated. These three groups of features 

were studied separately because experts should provide more extreme ratings for 

14 Non-significant in that they were not retained within the seven-variable 
predictive model and hence at best are marginally diagnostic. 
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the low and high diagnostic features than will novices; thus, if these groups of 

features were combined, it would drive up the variance in the experts' influence 

ratings even if they correctly perceived the relative importance. A necessary 

condition for HI to be supported is that the within-cell variances be unequal. 

The variance in the experts' influence ratings should be smaller than novices', and 

the difference in the variances between experts and novices should be greater 

when solving more ambiguous problems. The appropriate test is the Bartlett-Box 

F test.15 The greater is the Bartlett-Box F statistic, the greater the likelihood of 

rejecting the null hypothesis that the variances are equal (Neter et al. 1985). 

Bartlett-Box F statistics for the three 2x2x2 ANOV As (expert/novice by 

decision aid/no aid by noiseless data/noisy data) appear in Table 5.9. As can be 

seen, the null hypothesis cannot be rejected for any of the three analyses of 

variance. In none of the analyses does the variance for at least one of the eight 

treatment conditions significantly differ from the others. 

The analysis was then repeated at the individual feature level. For 14 of 

the 17 property features the null hypothesis that the within-cell variances were 

equal could not be rejected. For only three property features was there unequal 

within cell variance, and for only two of those (i.e., playhouse and square feet of 

15 Box's transformation of the Bartlett test for equality of variance utilizes 
the F-distribution, hence it is more widely applicable than the non-transformed 
Bartlett test which approximates a chi-square distribution with r-l degrees of 
freedom. However, the degrees of freedom for the F-distribution differ from 
those of the corresponding ANOVA model. The formulas for calculating the 
degrees of freedom appear in Appendix E. 
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living area) was the pattern of the variances in the predicted direction. Given 

these findings at both the composite level and individual feature level, we must 

reject both H1a and H1b. 

Table 5.9 
Tests for Equality of Variance for the 

Low, Medium and High Influence Property Features 

Low Influence Property Features 

Bartlett-Box F(7, 17495) - 0.327, p - .942 

Medium Influence Property Features 

Bartlett-Box F(7, 17495) - 1.557, p - .143 

High Influence Property Features 

Bartlett-Box F(7, 17495) - 0.874, p - .526 

Two explanations for the non-significant results present themselves. The 

first is that the 7-point Likert scales used to elicit influence ratings are too narrow 

to allow significant differences in the variance in ratings. Alternative data 

collection methods may have been more appropriate. For example, subjects could 

have been asked to allocate a fixed amount of points (typically 100) to the various 

features within each of the three groups of property features. This method 

generates ratio as opposed to interval level data; it also tends to cause individuals 

to expend more effort determining relative importance. In studies of attribute 

importance ratings, the point allocation method has been found to be superior to 

7-point Likert scales (Aaker 1991). 

A second explanation is that experts may have interpreted the question 
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differently then intended. Within the questionnaire it was stated in bold letters to 

rate "what information was important to you when you developed this particular 

market value estimate." Some features were not manipulated within the 

experiment, yet could clearly be influential in different appraisal contexts. For 

example, some experts rated the number of bedrooms as highly influential, which 

seems odd since all four properties had the same number of bedrooms. One 

possibility is that these experts used their real world experience in answering the 

question, rather than relying on information that varied in the judgment task. 

Another possibility is that experts were reporting that it was important to examine 

attributes such as number of bedrooms in order to determine if it was necessary 

to make adjustments. A few experts interpreting the intent of the question in 

these ways would drive up the variance in the low and medium diagnostic 

categories, thereby reducing the likelihood of supporting HI. The variance in 

experts' ratings does in fact systematically increase from high diagnostic features 

(the variance was .560) to low diagnostic features (the variance equaled 2.941). 

The tendency to overrate the importance of low diagnostic features was not 

unique to experts, but was less pronounced for novices. Indeed, with the 

exception of experts' ratings of the medium diagnostic features (mean rating of 

2.88), all the reported means exceeded 3.5 on 7-point scales. This explanation, 

however, does not provide an answer for the lack of support for HI for the high 

diagnostic property features. For this group of features, the experts' variance was 

smaller (.561 for experts versus .760 for novices), which at least provides 
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directional support. 

5.3.1.2 Hypothesis 2. While HI examines the variance in influence 

ratings for property features which differ in diagnosticity, H2 looks at the number 

of features rated as influential. In environments with large amounts of irrelevant 

information -- a characteristic of many real world decisions -- we expect experts to 

rate as influential a fewer number of externally available inputs. 

To test H2, subjects' influence ratings for each of the 17 property features 

discussed above were converted to dichotomous variables. A value of one was 

recorded if the subject's rating exceeded 4.0 on the 7-point scale, otherwise a 

value of zero was recorded. The purpose of this transformation was to negate the 

effect of extreme ratings hugely affecting the mean.16 These dichotomous 

values were then summed across all 17 property features thereby returning a 

discrete number for each subject that could range from zero to 17. Each subject's 

value indicates how many property features they considered important when 

developing their market value estimate. Given the large amount of irrelevant 

information, we expect experts to rate fewer features as influential. 

The results of the 2x2x2 analysis of variance appear in Table 5.10. A main 

effect of expertise is apparent (F[I, 133] = 8.505, P = .004). As predicted, 

16 Consider a simplistic two feature example. A subject who rated two 
features 3 and 7 would return an average rating of 5.0, similar to a subject who 
provided ratings of 5 and 5. After the transformation the first subject would 
receive a value of 1 and the second a value of 2. The transformed values appear 
to better reflect how many features actually influenced their decision process than 
does their mean values. 
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experts rated fewer features as influential (mean for the experts was 9.87 versus 

11.54 for novices), which supports H2a. There were no main effects for the aid or 

noise, nor were there significant two-way interactions. The three-way interaction, 

however, was marginally significant (F[l, 133] = 2.984, P = .086). 

Table 5.10 
ANOVA of Number of Property Features Rated as Influential 

SS DF MS F Sig. F 

Expertise 102.14 1 102.14 8.505 .004 
Aid 4.05 1 4.05 .337 .562 
Noise 8.56 1 8.56 .712 .400 
Exp x Aid 6.00 1 6.00 .500 .481 
Exp x Noise 1.24 1 1.24 .103 .748 
Aid x Noise 13.81 1 13.81 1.150 .285 
E x A x N 35.84 1 35.84 2.984 .086 
Within cells 1597.2 133 12.01 

The three-way interaction can be examined several ways, but the most 

revealing is to study experts and novices separately. For experts, there was a 

marginally significant aid by noise interaction (F[l, 65] = 3.587, P = .063). This 

interaction is shown in panel A of figure 5.1; it appears that for experts problem 

characteristics have an offsetting effect. When no aid is available, experts rate a 

smaller number of features as influential if the inputs are noiseless then when the 

inputs are noisy. This simple effect is marginally significant (p = .065). With 

noiseless data the adjusted values of the three comparables should converge onto 

a single market value estimate, hence from the decision maker's perspective a 

stable solution should be reached after examining a smaller number of features. 

For noisy inputs, the adjusted prices will not converge which is likely to prompt 
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the decision maker to consider more information. But interestingly, providing a 

decision aid appears to encourage experts to examine more features, a finding 

that is most apparent when inputs are noiseless. The contrast across the two aid 

conditions when the data is noiseless is also significant (p = .056). 

For novices, a very different picture emerged. As is evident by examining 

panel B of figure 5.1, neither of the problem characteristics nor their interaction 

significantly affected the number of inputs perceived as relevant. In all four 

problem-solving conditions the novices claimed that approximately 11.5 of the 17 

features they were asked to rate influenced their decision. 

Number of 
Features 
Rated as 
Influential 

Figure 5.1 

Three-way Interaction of Property Features Rated as Influential 

Panel A - Experts 

10.75 10.61 

No Aid 

8.25 

Noiseless 
Data 

9.79 

Noisy 
Data 

Panel B - Novices 
11.88 

11.58 .........-:' 

NoAi~ 

Aid 11.21 

Noiseless 

Data 

11.53 

Noisy 
Data 
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In light of the main effect of expertise and the three-way interaction, we 

conclude that experts use less externally available information than novices -- this 

was true regardless of the problem's ambiguity. Furthermore, there is evidence 

that experts alter their decision making behavior as problem characteristics 

change whereas novices do not. If we compare experts to novices, it can be 

shown that when inputs are noiseless but no aid is available, experts use 

significantly fewer inputs than novices (p = .005). This is also true if an aid is 

available but inputs are noisy (p = .073). However, if an aid is provided and 

inputs are noiseless (i.e., in the most structured of the four problem-solving 

conditions), there is no significant difference between experts and novices (p = 

.696). These findings support H2b. 

Note that in this experiment subjects did not have to ask for information -

as they had to in Brucks' (1985) study -- hence there was no benefit to expertise 

when collecting data. Instead, given the large amount of irrelevant information 

expertise was required to determine which features were diagnostic. As evidence 

of the experts' superior ability to select diagnostic features, the analysis was run 

separately for the low and high diagnostic property features. The main effect of 

expertise was supported in both analyses (F[l, 133] = 3.986, P = .048, and F[1, 

133] = 3.466, P = .065, respectively), but there were no significant two- or three

way interactions. Importantly, experts rated a fewer number of low diagnostic 

features as relevant (the mean for experts was 1.67 versus 2.04 for novices) and a 

greater number of high diagnostic features as relevant (5.57 versus 5.11). Thus, in 
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environments with relevant and irrelevant information, experts are better at 

filtering-out irrelevant information than novices and focus their attention on 

appropriate information to use for decision making (see also Punj and Staelin 

1983; Brucks 1985; Shanteau 1988, 1992). 

5.3.1.3 Hypothesis 3. Having demonstrated that experts are better able 

to select relevant information for decision making, the next step in the decision 

process is to examine if they are better at evaluating non-quantified information. 

If experts provide significantly higher ratings for the importance of, say, square 

feet of living area to the market value of property (which, in fact, they did), there 

is still the task of estimating how much the addition of a known quantity of square 

feet adds to the value of a house. Part of the training process of appraisers is to 

learn how to estimate the contribution that various property features add (or 

subtract) to the value of a house by using a paired-sales analysis. Properly 

executing this technique is fraught with difficulties17, and there are definitely no 

books to refer to determine these values. H3 posits that experts will be more 

consistent at estimating the contribution of various property features than novices. 

Within section 6 of the questiormaire, subjects were asked to estimate the 

additional value that each of 10 different property features would add to a house. 

To test if experts and novices are consistent in their perceptions of the 

17 To execute a paired-sales analysis, two properties which differ on only one 
feature must be identified. The difference in their selling prices is an estimate of 
the contribution of that feature. However, it is extremely rare to find two houses 
that differ on only one feature, although this criterion is more easily satisfied for 
townhouses and condominiums. 
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contribution of each of these features we must compare within-cell variances. 

(The means, however, need not be equal across treatment conditions; one group 

may be systematically different from the other.) Table 5.11 reports the Bartlett

Box F test statistic for equality of variance for each of the 10 property features, 

along with the means and standard deviations for the experts and novices. For all 

10 property features the variance in the estimates was significantly smaller for 

experts than for novices (p < .001), thus, there is strong support for H3a. 



Feature 

additional 

Table 5.11 
Analysis of 10 Property Feature Evaluations 
(significance levels appear in parentheses) 

Bart1ett
Box F 

mean values 
Novices Experts 

s td . dev. (1) 

Novices Experts 

100 square feet 
58.34 
(.000) $1,766 $1,893 $2,386 $865 

additional 
fireplace 

garage 

carport 

slump block 
wall 

1. 75 vs 1.0 
bathrooms 

assumable 
loan 

desert 
landscaping 

1976 home vs. 
1974 home 

owner occupied 

93.67 
(.000) 

22.50 
(.000) 

44.02 
(.000) 

21.82 
(.000) 

12.36 
(.000) 

34.68 
(.000) 

55.36 
(.000) 

203.6 
(.000) 

55.99 
(.000) 

1,166 1,134 1,428 379 

1,771 1,143 1,118 615 

1,166 1,254 955 403 

1,185 1,101 1,128 625 

1,534 1,870 1,331 858 

1,724 751 2,483 1,039 

1,138 123 1,200 435 

1,416 54 1,968 200 

1,394 379 2,611 882 

(1) = Means and standard deviations for experts and 
novices across all four problem solving conditions. 
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H3b posits that the difference in the variances between experts and novices 

will be greater when solving less-structured problems as opposed to more-

structured problems. This relationship can be represented as: 

(eq. 5.1) [YarN U - YarE U] > [YarN S - YarE s], , , , , 



where Varij is the within-cell variance for subject pool i (i = novices[N] or 

experts[E]) for problem solving condition j (j = less structured decision 
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environment[U] or more structured[S]). To solve this, we rearrange equation 5.1 

as: 

(eq. 5.2) [VarN,U + YarE,S] > [YarN,S + VarE,U] . 

Variances can be added if the values within each treatment condition are mean 

centered. To return an exact F test, the number of subjects which contribute to 

VarN,U must equal those causing YarE,S (similarly for the right-hand side of the 

equation), otherwise the combined variance will not be based on equal weights. 

When subjects needed to be removed to balance the design, they were selected at 

random. Given that no three-way interactions were specified, the effect of the aid 

and noise were studied separately. 

Tables 5.12a and b report the Bartlett-Box F statistic for each of the 10 

property features for each of the two problem solving conditions (thus, 20 tests for 

equality of variance were run). The resultant combined variance of YarN U + , 

YarE S is labeled condition two, and the right-hand side of equation 5.2 as , 

condition one. When the Bartlett-Box F statistic is significant, the standard 

deviations are reported. Means are not reported because they have been set to 

zero. In only four of the 20 tests were the differences in variance in the predicted 

direction (three in the aid condition and one in the noise); in six cases there were 

significant differences in the reverse direction (two in the aid condition and four 

in the noise). Clearly, there is no obvious pattern, hence we must reject H3b. 



Feature 

additional 

Table 5.l2a 
Analysis of Expertise by Aid Interaction 

for 10 Property Feature Evaluations 
(significance levels appear in parentheses) 

Bart1ett
Box F 

std. dev. (1) 

Condo 1 Condo 2 

100 square feet 
44.32 
(.000) $958 $2,301 

additional 
fireplace 

garage 

carport 

slump block 
wall 

1. 75 vs 1.0 
bathrooms 

assumable 
loan 

desert 
landscaping 

1976 home vs. 
1974 home 

owner occupied 

0.314 
(.575) 

1.109 
(.292) 

1.812 
(.178) 

0.853 
(.356) 

1.864 
(.172) 

4.656 
(.031) 

9.045 
(.003) 

17.02 
(.000) 

14.59 
(.000) 

2,191 1,616(R) 

984 669(R) 

982 1,695 

1,102 1,886 

(1) = H3b predicts that the variance in condition two will 
exceed that in condition one; reverse patterns are marked 
with (R). 
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Feature 

additional 

Table S.12b 
Analysis of Expertise by Noise Interaction 

for 10 Property Feature Evaluations 
(significance levels appear in parentheses) 

Bartlett
Box F 

std. dev. (1) 

Condo 1 Condo 2 

100 square feet 
16.36 
(.000) $2,121 $1,268(R) 

additional 
fireplace 

garage 

carport 

slump block 
wall 

1. 75 vs 1.0 
bathrooms 

assumable 
loan 

desert 
landscaping 

1976 home vs. 
1974 home 

owner occupied 

7.881 
(.005) 

0.062 
(.804) 

3.706 
(.054) 

4.749 
(.029) 

0.124 
(.725) 

0.392 
(.531) 

0.018 
(.893) 

0.313 
(.576) 

35.17 
(.000) 

1,192 840(R) 

722 567(R) 

1,010 768(R) 

1,037 2,385 

(1) - H3b predicts that the variance in condition two will 
exceed that in condition one; reverse patterns are marked 
with (R). 

5.3.2 Consistency and Accuracy of Judgments 
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5.3.2.1 Hypothesis 4. In many decision making contexts a criterion exists 

from which the goodness of decisions can be judged. In such circumstances, the 
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ideal situation is to consistently make decisions which are close to the actual 

outcome - in other words, minimize variance and bias. In this problem solving 

context, decisions can be compared to the actual selling price of the subject 

property. H4 examines how tightly clustered are the decisions by experts relative 

to novices across problem solving conditions, and H5 examines the mean errors 

across the different treatment conditions. Thus, H4 looks at the variances and H5 

the means of subjects' market value estimates. 

The Bartlett-Box F test can be used to determine if the variance in the 

market value estimates for experts is smaller than novices. The dependent 

variable is the difference between each subject's market value estimate and the 

price of the property ($63,000). The Bartlett-Box F statistic along with the mean 

and standard deviations for novices and experts are reported in Table 5.13. The 

within-cell variance is significantly smaller for the experts (Bartlett-Box F[l, 

55488] = 58.08, P = .000), which supports H4a. 

Table 5.13 
Analysis of the Variance in the Judgments 

(level of significance appears in parentheses) 

mean values std. dev. <1> 
Dependent Bartlett- Novices Experts Novices 
Variable Box F 

Errors in 58.08 
Judgment (.000) $3,210 $2,597 $5,412 

(1) - Means and standard deviations for experts and 
novices across all four problem solving conditions. 

Experts 

$2,001 
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The test for interactions is the same as that conducted for H3b, but in this 

situation the variances in judgments are the dependent variable. The expertise by 

aid interaction and the expertise by noise interaction were again studied 

separately. Given the directional nature of the hypothesis, in the case of the 

expertise by aid interaction the differences in the variances was significant (F[l, 

55456] = 3.102, one-tailed p = .039); however, the expertise by noise interaction 

was not (F[l, 54692) = 2.430, p = .119). These results are shown in table 5.14. 

Means are not reported because they are set to zero. A perusal of the novices' 

data revealed that adding noise decreased the variance in judgments, contrary to 

expectations. Upon closer examination, one novice in the noiseless condition 

made a gross overestimate of the actual price ($80,000 versus the actual selling 

price of $63,000). Studies of differences in variance are highly sensitive to such 

outliers. Thus, the analysis was rerun, but this time excluding the subject with the 

$17,000 error. This did decrease the variance in the noiseless data condition, but 

not enough to yield significant results. In sum, H4b is supported for the expertise 

by aid interaction only. 



Feature 

Effect of 
Decision Aid 

Table 5.14 
Analysis of Expertise by Problem Characteristic 

Interactions for Errors in Judgment 
(significance levels appear in parentheses) 

Bartlett
Box F 

3.102 
(.078) 

std. dev. (1) 

Condo 1 Condo 2 

$3,615 $4,484 

Effect of 
Decision Noise 

2.430 
(.119) 

======--~~-----==---====================,==================-=== 

(1) H3b predicts that the variance in condition two will 
exceed that in condition one. 

5.3.2.2 Hypothesis 5. Shanteau (1988) claims, but to this author's 

knowledge does not provide evidence, that experts are less likely to make large 

errors than novices. We agree with this supposition. We further expect that the 

differences in the size of the errors will increase as problems become more 

ambiguous. 

To test H5, each subject's error in judgment was squared. This 
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transforination accentuates the effect of large errors; however, it also exacerbates 

the unequal within cell variance problem noted above (Bartlett-Box F[7, 17495] = 

18.503, P = .000). To correct for the unequal cell variances, the data was 

analyzed using weighted least squares. Ideally, weights can be calculated that are 

the reciprocal of each observation's error term variance. By multiplying by these 

weights, errors subject to large variation receive less weight. Unfortunately, it is 

rare that error variances are known. For our purposes, the weight applied to the 



90 

novices was the ratio of the experts' standard error to the novices'. This ratio was 

.2164 (1,114 / 5,149); in other words, the novices' standard error was roughly five 

times that of the experts'. Experts received a weight of 1.0. The resulting 

weighted less squares regression model had an R2 of .245 (F[7, 133] = 6.173, P = 

.000). Given the directional nature of the proposed main effects, both expertise 

(t[133] = 6.195, one-tailed p = .000) and the aid (t[133] = 1.406, one-tailed p 

.081) are significant in the desired direction. Thus, H5a is supported.18 

Statistics from the weighted least squares model appear in table 5.15. 

variable 

Table 5.15 
Weighted Least Squares Regression Analysis of 

Subjects' Squared Errors in Judgment 

beta t 1.• of to) s g. 

dependent variable: squared errors in judgment 

Expertise 
Aid 
Noise 
Exp x Aid 
Exp x Noise 
Aid x Noise 
E x A x N 
constant 

13.919 
3.159 
-.931 
3.098 
-.085 

-2.823 
-1. 566 
24.656 

6.195 
1.406 
- .414 
1. 379 
-.038 

-1. 256 
-.697 

10.974 

(1) - significance levels are two-tailed. 

.000 

.162 

.679 

.170 

.969 

.211 

.487 

.000 

Although the two-way interactions are not significant, a closer inspection of 

the cell means suggests that the expertise by aid interaction is having the 

predicted effect. Cell means appear in figure 5.2. When novices are examined 

18 As further evidence of the expertise effect, if the errors are rank ordered 
from small to large, the worst 33 performers of the 141 subjects are all novices. 
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separately, performance degrades significantly from the aid to the no aid 

condition (t(133] = 1.654, one-tailed p = .050). Without the aid, it appears that 

novices are resorting to less effective solution strategies then if provided the aid. 

The performance of experts, however, was unaffected by the aid manipulation (p 

= .494). This latter finding supports the argument presented in chapters 2 and 3 

that, in the absence of a decision aid, experts can evoke appropriate solution 

strategies. When comparing experts to novices across aid conditions, both 

contrasts are significant (t[133] = -2.837, P = .003 with the aid, and t[133] = -

4.432, P = .000 without the aid). These results provide evidence that the aid 

manipulation moderates the novice-decision making link, but that it does not 

affect experts. Thus, there is partial support for HSb. 

squared errors 
in judgment 

($OOO's) 

Figure 5.2 
Expertise by Aid Interaction for Errors in Judgment 

novices 
45.13 

10.7.:...:1=---_______ ~1O.67 experts 

Aid No Aid 
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5.3.3 Speed of Problem Solving 

5.3.3.1 Hypothesis 6. H6 examines the time required to develop a 

market value estimate. If experts' declarative and procedural knowledge is 

appropriate for the task, we expect them to make faster decisions than novices 

(Kuusela 1992). However, the process of structuring a problem requires 

reformulating the problem and/or closing open constraints. Voss and Post (1988) 

contend that experts take more time performing this step. Thus, although experts 

should be faster at problem solving, this effect is hypothesized to be attenuated 

when solving problems with ambiguous characteristics. 

Each subject was asked to record the time before and after determining 

their market value estimate. A 2x2x2 ANDV A was then run with time the 

dependent variable. The variances in these self-reported measures were not equal 

across treatment conditions (Bartlett-Box F[7, 8809] = 4.312, P = .000), hence the 

log of time was used (Bartlett-Box F[7, 8809] = .519, P :: .821). The main effect 

of expertise was significant (F[l, 97] = 18.27, P = .000), but in the reverse 

direction: experts took longer on average than novices to make their decision 

(the mean time for experts was 33.63 minutes versus 22.92 for novices), which 

refutes H6a. The main effect for the aid was also marginally significant (F[l, 97] 

= 2.98, P = .087). Those without the aid took less time (26.23 minutes versus 

30.51 minutes with the aid). An explanation for this unexpected main effect of 

the aid is that subjects resorted to simplifying heuristics when solving less 

structured problems. There are no significant two-way interactions, hence H6b is 
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not supported. These results appear in Table 5.16. 

Table 5.16 
ANOVA of Time Required to Reach a Decision 

(Dependent Variable is the Log of Time) 

SS DF MS F Sig. of F 

Expertise 3.87 1 3.87 18.27 .000 
Aid .63 1 .63 2.98 .087 
Noise .14 1 .14 .65 .424 
Exp x Aid .00 1 .00 .00 .996 
Exp x Noise .02 1 .02 .08 .777 
Aid x Noise .01 1 .01 .04 .842 
E x A x N .49 1 .49 2.34 .130 
Within cells 20.54 97 .21 

At least four reasons could explain the unexpected findings for expertise. 

The first is that 36 of 141 subjects did not record their time; it is plausible that 

those not reporting their time took longer to complete the task or rushed through 

it and were embarrassed to admit it. If non-reporting creates a bias, then we 

must examine whether novices and experts differ in their tendency to report their 

time. Table 5.17 examines this issue. As can be seen, there is no indication that 

novices and experts differed in their tendency to record their time (Chi-square[l] 

= .057, P = .812), thus, this explanation is not supported. 



Table 5.17 
Frequency of Subjects Providing Time to Complete Task 

Measure of 
Time Provided 

No 

Yes 

Total 

Novices 

19 
(26.4%) 

53 
(73.6%) 

72 
(100%) 

Experts 

17 
(24.6%) 

52 
(75.4%) 

69 
(100%) 

A second explanation is the possibility of a "bandwagon effect." Twenty-

nine of 53 novices who provided their time completed the study in one large 
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room. Although no time constraint was imposed, there appeared to be a tendency 

for the slower problem solvers to move faster once they saw several of their peers 

complete the experiment. If this were true, those novices completing the 

questionnaire in one large room would have completed the task in less time than 

those working on their own. Novices in the room took an average of 21.93 

minutes versus 24.13 minutes for those working on their own, which is not a 

significant difference (t[51] = .65, P = .516). Thus, there is no evidence that the 

data collection method was systematically flawed. 

A third explanation is that novices were less interested in and/or motivated 

to perform the task. Measures of interest and motivation were elicited. There 

were no differences in these measures across subjects (see Analysis of Subjects' 

Participation in the Task). Equally important, both novices and experts provided 

high mean ratings for all three measures (all means exceeded 5.0 on a 7-point 
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scale). Again, this fails to explain the results. 

A fourth possibility stems from work by Schroder et al. (1967). They argue 

that the level of information processing has an inverted-U relationship with 

respect to environmental complexity. Simple problems require little effort; as 

complexity increases, so does effort expended. However, beyond some level of 

complexity, effort decreases because subjects resort to simplifying heuristics. 

Their contribution to this conceptual model is the notion of information 

processing complexity (Ipe), a measure of an individual's ability to deal with 

information load, diversity and change. The greater one's IPC, the greater the 

complexity of rules for integrating dimensions of a schema. Thus, IPC bears 

resemblance to expertise (Chi et al. 1988). Relevant to our findings is that those 

with high levels of IPC, what Schroder et al. label "abstract" individuals, reach 

levels of information processing equal to or greater than "concrete" individuals 

across the entire spectrum of environmental complexity. A comparison of abstract 

to concrete individuals is presented in figure 5.3. Thus, if we were successful at 

developing a non-trivial decision task (which seems reasonable given the time 

expended), then this model would predict that experts would reach higher levels 

of information processing than novices. This model also suggests that if the 

complexity of developing a market value estimate in the structured conditions fell 

to the right of X, the optimal level of IPC for experts, then the manipulations 

leading to greater problem ambiguity would result in less time spent on problem 

solving for both experts and novices. In other words, without the aid or with noisy 
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data even experts would resort to more quickly executed heuristics. There is 

evidence that this was in fact the case for the aid manipulation (p = .087), but not 

for noise (p = .424). Mean times to complete the task are reported in table 5.18. 

Novices 

Experts 

High 

Level of 
Information 
Processing 

Low 

Table 5.18 
Time in Minutes to Develop Market Value Estimates 

Low 

Aid No Aid Noiseless 
Data 

24.21 21.86 23.77 

36.56 30.93 33.79 

Figure 5.3 

The Relationship Between Information Processing 
and Environmental Complexity 

x 
I 

Environmental Complexity 

Noisy 
Data 

21. 83 

33.50 

High IPC 
(abstract) 

LowIPC 
(concrete) 

High 
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5.3.4. Confidence in Judgments 

5.3.4.1 Hypothesis 7. H7 explores confidence in judgments with respect 

to developing market value estimates. Experts have been shown to be more 

confident in their decisions (see, e.g., Mahajan 1992). However, two arguments 

were advanced within chapter 3 suggesting that differences in levels of confidence 

will be attenuated when solving more ambiguous problems. The first explanation 

is that novices may be unable to perceive differences in levels of complexity across 

problem solving conditions, hence they may not alter their confidence ratings with 

increasing problem ambiguity. But experts, being better able to judge problem 

difficulty (Chi et al. 1982) would decrease their confidence levels. The second 

explanation is that providing the aid may alert novices to the difficulty of the 

problem, thus causing lower levels of confidence in the less ambiguous condition; 

experts, on the other hand, may be unaffected. Under either scenario, differences 

in levels of confidence would decrease with increasing ambiguity. 

Two measures of confidence were elicited in the questionnaire. The first 

asked subjects to specify a dollar range (an upper bound and lower bound) within 

which they believed the property actually sold for. The range was intended to 

capture an objective measure of confidence: The smaller the range, the greater 

the confidence of the decision maker in their ability. The within cell variances of 

the confidence ranges, however, were unequal (Bartlett-Box F[7,17495] = 14.935, 

P = .000), thus the log of the ranges were used for subsequent analyses (Bartlett-



Box F[7, 17154] = .435, P .881).19 

The second measure was subjective. Survey participants were asked to 

rate, on a 1 to 10 scale, 'How confident are you that the market value that you 

provided for the subject property will be within $1,000 of the average market 

value based on a random sample of 10 certified property appraisers?'. A 10 

indicated high levels of confidence. As expected, these two measures were 

negatively correlated (r = -.327, significant at .01). 

Because the two measures were correlated, a MANOV A was run to 

determine the effect of the manipulations on these two confidence measures. 

MANOV A tests of significance are based on differences in group means when 

examining the two correlated dependent variables simuItaneously.2O The main 
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effect for expertise was significant (Wilks' lambda = .746, p = .000), as shown in 

table 5.19. 

19 The transformation rule was the natural log of the upper bound (in 
$OOO's) minus the lower bound. 

20 A new variate is calculated by weighting the two dependent variables such 
that the group centroids are maximally discriminated. After performing this step, 
in essence an ANOVA is run on the new, optimally weighted variate (Bray and 
Maxwell 1985). 
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Table 5.19 
MANOVA With Two Measures of Confidence 

test value exact F DF sig. of F 

Dependent variables: Objective and Subjective Confidence 

Expertise Wilks' .746 22.31 131 .000 
Noise Wilks' .974 1. 772 131 .174 
Aid Wilks' .996 .234 131 .791 
Exp x Noise Wilks' .980 1.326 131 .269 
Exp x Aid Wilks' .987 .864 131 .424 
Noise x Aid Wilks' .999 .069 131 .934 
E x A x N Wilks' .992 .512 131 .601 

Because the omnibus MANOV A test was significant, separate analyses of 

variance were run to further examine the effect of the manipulations on each of 

the confidence measures. This analysis sequence, referred to as the Least 

Significant Difference test (Bray and Maxwell 1985), is often used (see, e.g., Sujan 

1985). With respect to the log of the confidence range, the main effect of 

expertise was significant in the predicted direction (F[1, 132] = 44.95, P = .000). 

The specified confidence ranges were $3,580 for experts versus $7,770 for novices. 

For the subjective confidence measure, the main effects for both expertise 

(F[1, 133] = 4.20, P = .042) and noise (F[1, 133] = 4.06, P = .046) were 

significant in the predicted directions; however, no interactions were significant. 

Experts were more confident (mean of 6.93 versus 6.31 for novices), and noise 

tended to decrease confidence ratings (the mean for noiseless data was 6.91 versus 

6.31 with noise). The ANOV A results appear in tables 5.20a and b. 
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Table S.20a 
ANOVA of Objective Confidence Measure 

SS DF MS F Sig. F 

Expertise 19.42 1 19.42 44.95 .000 
Aid 0.20 1 .20 .45 .502 
Noise 0.07 1 .07 .16 .691 
Exp x Aid 0.00 1 .00 .00 .976 
Exp x Noise 1.07 1 1.07 2.48 .118 
Aid x Noise 0.06 1 .06 .14 .712 
E x A x N 0.40 1 .40 .94 .335 
Within cells 57.02 132 .43 

Table S.20b 
ANOVA of Subjective Confidence Measure 

SS DF MS F Sig. F 

Expertise 17.59 1 17.59 4.20 .042 
Aid 0.89 1 .89 .21 .645 
Noise 17.01 1 17.01 4.06 .046 
Exp x Aid 5.46 1 5.46 1. 30 .256 
Exp x Noise 0.13 1 .13 .03 .859 
Aid x Noise 0.16 1 .16 .04 .846 
E x A x N 0.06 1 .06 .02 .902 
Within cells 557.46 133 4.19 

Although the expertise by noise interaction for objective confidence is not 

significant (p = .118), a closer examination of the cell means suggests that noise 

may moderate the expertise-objective confidence link. This interaction is 

illustrated in figure 5.4. When examining contrasts, there is a marginally 

significant increase in the range specified by experts when moving from the 

noiseless to the noisy condition (t[132] = 1.374, one-tailed p = .086), but the 

effect of noise on novices is insignificant (one-tailed p = .200). Thus, it appears 
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that it takes expertise to discern the adverse affect of noisy inputs on decision 

maldng. Relative to the noiseless condition, experts were more cautious when 

specifying a confidence range (Le., the width of the range increased). For novices, 

the specified range was not significantly different across noise conditions. Thus, 

both confidence measures provide strong support for H7a. For objective 

confidence there is marginal support that noise affects the decision making of 

experts, which is consistent with H7b. 

natural log of 
confidence range 
(smaller values 
imply greater 
confidence) 

Figure S.4 
Expertise by Noise Interaction for Objective Confidence 

novices 
-~-----1.89 

1.76 

0.97 experts 

Aid No Aid 
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What is not explained is the lack of a significant aid effect. None of the 

aid related effects were significant at 0.10, hence we can only speculate. 

Directionally, novices raised their subjective confidence level in the no aid 

condition and provided a smaller confidence range. Without the aid, they may 

have underestimated the complexity of the problem. Given the novelty of the 

decision task (with respect to their skill level) this is possible. Perhaps there is 

truth to the saying "ignorance is bliss." However, the experts' behavior was not so 

consistent. Subjective confidence decreased without the aid, but their confidence 

range did too. The decrease in subjective confidence is not too surprising. 

Experts are familiar with the task, but may have been uncomfortable with their 

ability to evoke a solution strategy from memory. But why the smaller confidence 

range? As noted, the aid effects were not significant, hence these findings may be 

due to chance. 

5.3.4.2 Hypothesis H8. H8 examines how well calibrated decision 

makers' judgments are. Calibration depends on the relationship between 

confidence and accuracy. If a decision maker does not believe they have done a 

good job providing a market value estimate, they can specify a wider range within 

which they believe the actual selling price fell (Le., exhibit lower objective 

confidence, discussed above). Thus, it is possible to be well calibrated (in this 

case, specify a correct range) even if the decision maker's point estimate for the 

market value is poor. Ceteris paribus, the smaller the specified confidence range, 

the less the likelihood that the range will include the actual selling price of the 
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subject property. Findings regarding the calibration of judgments are equivocal 

(for reviews, see Camerer and Johnson 1991; Wallsten and Budescu 1983). In an 

often cited study, Murphy and Winkler (1977) showed that predictions by (expert) 

weather forecasters were remarkably well calibrated. But others have concluded 

that experts' judgments are not well calibrated (Christensen-Szalanski and 

Bushyhead 1981) and may be worse than novices' (Mahajan 1992). We 

hypothesized that given the experts' superior ability they would provide smaller 

ranges (exhibit greater objective confidence) while at the same time specifying 

ranges that included the actual selling price more often than novices. In other 

words, the experts' better decision accuracy would more than offset the smaller 

ranges provided. 

To test this hypothesis, a dummy variable was created which was coded '0' 

if the subject's range did not include the actual selling price and '1' if it did. A 

LOGIT model was then run with the three manipulated variables, along with their 

interactions, as the independent variables. LOGIT models do not assume 

normally distributed error terms and as a result they return closed form solutions. 

For this reason they are preferred to the open form solutions of PROBIT models 

which assume normally distributed error terms -- an unrealistic assumption anyway 

given the categorical nature of the independent variables. The results of the 

LOGIT model appear in table 5.21. 



Table 5.21 
LOG!T Model of Ability to Specify Correct Range 

variable beta<1> S.E. Wa1d stat. d.f. 

constant -.885 .221 16.068 1 
Expertise -1. 035 .376 7.581 1 
Aid .702 .332 4.469 1 
Noise .803 .369 4.735 1 
Exp x Aid -.527 .304 3.005 1 
Exp x Noise -.157 .304 .266 1 
Aid x Noise - .498 .304 2.683 1 
E x A x N -1. 550 .912 2.888 1 

Model Chi-square: Chi-square[7] - 15.634, p - .029 

(1) = Novices, no aid and noisy data were all coded -1; 
experts, the aid and noiseless data were coded 1. 
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Sig. 

.001 

.006 

.035 

.030 

.083 

.606 

.101 

.089 

Interpreting the beta coefficients must be done with caution. Unlike OLS 

regression, to determine the effect of a change in an independent variable the 

exponent of beta must be multiplied by the odds ratio (Neter et a1. 1985). 

However, if we just look at the signs of the betas a striking feature of the fitted 

model is that expertise decreases the likelihood of correctly specifying an 

appropriate range (the beta is negative, p = .006), while providing a decision aid 

(p = .035) and providing noiseless data (p = .030) increase the likelihood. The 

effect of the aid and noise manipulations are consistent with expectations: The 

greater the problem ambiguity, the less the likelihood of correctly specifying a 

confidence range. But H8a, which posits that experts' judgments are in general 

better calibrated than novices, is not supported -- in fact, the reverse is true. 

However, the main effect of expertise must be qualified because of significant 

two- and three-way interactions. 
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But before examining the interactions, an explanation for the generally 

poor calibration of experts is that the increase in their confidence is greater than 

what is justified by their better decision making ability. Previously it was shown 

that experts provided significantly smaller ranges than novices ($3,580 versus 

$7,770). As expected, they also made more accurate decisions. Nevertheless, the 

combin~d effect of confidence and accuracy resulted in novices' judgments being 

better calibrated than experts'. Mahajan (1992) also found the calibration of 

novices to exceed experts, but in her case the cause of the poor calibration of 

experts was that they made worse decisions. She attributed this finding to experts 

being cognitive misers who overlooked critical information. In contrast, we found 

that experts expended more time and were more likely to access diagnostic 

information. 

The calibration of experts' judgments was not, however, always worse than 

novices', an outcome that is apparent if we examine the effect of the interactions. 

Given the marginally significant three-way interaction (p = .089), we examined 

the two-way expertise by aid interaction at each level of noise. Thus, we ran two 

LOGIT models each with expertise, aid, and the expertise by aid interaction as 

categorical independent variables. The results of these models appear in tables 

5.22a and b. 



Table 5.22a 
LOGIT Model of Ability to Specify Correct Range: 

Noiseless Data Condition Only 

variable beta(1) S.E. Wa1d stat. d.f. 

constant -.925 . 321 8.315 1 
Expertise -.597 .288 4.282 1 
Aid .434 .275 2.488 1 
Exp x Aid - .011 .389 .001 1 

Model Chi-square: Chi-square[3] - 7.111, p - .068 

(1) - Novices and no aid were coded -1; experts and the aid 
were coded 1. 

Table 5.22b 
LOGIT Model of Ability to Specify Correct Range: 

Noisy Data Condition Only 

variable betan~ S.E. Wa1d stat. d.f. 

constant -1.171 .311 14.156 1 
Expertise -.620 .405 2.343 1 
Aid - .055 .331 .027 1 
Exp x Aid -1.044 .468 4.982 1 

Model Chi-square: Chi-square[3] ~ 7.103, p ... .069 

(1) ... Novices and no aid were coded -1; experts and the aid 
were coded 1. 
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Sig . 

.004 

.039 

.115 

.978 

Sig. 

.000 

.126 

.869 

.026 

If we examine only those subjects in the noiseless data condition, novices' 

judgments were better calibrated than experts' in both aid conditions (p = .039). 

But this was not the case for novices in the noisy data condition (p = .126). For 

these subjects there was a significant expertise by aid interaction (p = .026). The 

calibration of novices' judgments degraded considerably if not provided a decision 

aid whereas the performance of experts actually improved. These findings are 
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best illustrated by use of cross-tabulations, which appear in table 5.23. There is 

directional support that experts' judgments are better calibrated than novices' 

when inputs are noisy and no aid is provided, although the difference between 

experts and novices in the proportion of subjects who specified an appropriate 

range is not significant at alpha = .10. In the other three problem-solving 

conditions novices were superior to experts. 

Novices 

Experts 

Table 5.23 
Number of Subjects Providing a Correct Range 

(value in denominator is the maximum possible) 

Noiseless Data 
Aid No Aid 

10/19 

4/16 

6/19 

2/16 

Noisy Data 
Aid No Aid 

6/17 

1/19 

3/17 

6/18 

The poor performance of novices in the no aid condition can be partially 

attributed to the fact that their accuracy decreased when not provided an aid -- as 

was shown when testing H5b -- but their confidence did not change significantly. 

For experts, the presence or absence of a decision aid did not affect accuracy; on 

the other hand, noise decreased their confidence. Because noise lowered the 

confidence of experts, it is not surprising that their best level of calibration 

occurred when inputs were noisy. But this does not explain why noise adversely 

affected novices, and why experts in the aid/noisy data condition did so poorly. 

Nevertheless, we can conclude that H8b is marginally supported when inputs are 

noisy and no aid is available. 
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5.3.5 Summary of Results 

A summary of the hypotheses tests appears in table 5.24. In general, there 

were strong and consistent expertise effects. With the exceptions of time required 

to make decisions and calibration of judgments, where effects contrary to those 

hypothesized were found, there were nearly always advantages to expertise. As 

for the problem structure manipulations, the expertise by aid interaction was 

significant on several occasions. However, the noise manipulation produced few 

hypothesized effects. Noise did lower the confidence of experts, and on two 

occasions there were significant three-way interactions. Within the Analysis of 

Manipulations we questioned if the noise manipulation was sufficiently strong. 

Should this experiment be executed again, we believe that a greater amount of 

noise should be used. But one must be cautious; too much noise could create a 

context that is outside the realm of the experience of experts. 

While we believe that we have been successful at providing explanations 

for the non-significant results, in retrospect we can see that there are ways to 

improve data collection which may provide stronger tests of the hypotheses. In 

particular, we would advise using a point allocation method to determine the 

influence of externally available inputs. Also, if possible read the instructions to 

participants to minimize potential misunderstandings. 

In the next chapter we discuss the empirical results and provide concluding 

remarks. 



Table 5.24 
Summary of Results 

H1: Experts, relative to novices, will: 
a) agree more among themselves concerning what are the relevant 
inputs (n.s.); and, 
b) this effect will be more apparent when solving problems with 
ambiguous characteristics (n.s.). 

H2: In environments with large amounts of relevant and irrelevant 
information, experts, relative to novices, will: 
a) identify a fewer number of externally available inputs as relevant 
(supported); and, 
b) this effect will be more apparent when solving problems with 
ambiguous characteristics (marginal support). 

H3: Experts, relative to novices, will: 
a) agree more among themselves concerning what value to attach 
to non-quantified inputs (supported); and, 
b) this effect will be more apparent when solving problems with 
ambiguous characteristics (n.s.). 

H4: a) The variance among judgments will be smaller for experts than 
for novices (supported); and, 
b) this effect will be more apparent when solving problems with 
ambiguous characteristics (supported for aid manipulation). 

H5: Experts, relative to novices, will: 
a) make smaller errors in judgments (supported); and, 
b) this effect will be more apparent when solving problems with 
ambiguous characteristics (support for no aid adversely affecting 
novices). 

H6: Experts, relative to novices, will: 
a) spend less time making their decision (reverse effect); but, 
b) this effect will be attenuated when solving problems with 
ambiguous characteristics (n.s.). 

< table continued on next page> 

109 



H7: Experts, relative to novices, will: 
a) be more confident in their decisions (supported); but, 
b) this effect will be attenuated when solving problems with 
ambiguous characteristics (support for noisy data adversely affecting 
experts). 

H8: Experts, relative to novices: 
a) are better calibrated (Le., more likely to specify the range within 
which the true outcome will fall) (reverse effect); and, 
b) this effect will be more apparent when solving problems with 
ambiguous characteristics (marginal support). 
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Chapter 6 

6. DISCUSSION AND CONCLUSION 

The goal of this research was to demonstrate that there are benefits to 

expertise when solving complex problems that have ambiguous characteristics. 

This research effort was motivated by the expertise-performance paradox 

(Camerer and Johnson 1991), a counter-intuitive finding that despite the greater 

domain specific knowledge of experts relative to novices (Chi and Glaser 1980), 

they are little if at all better in terms of the quality of decision outputs (c.f., 

Johnson 1980; Armstrong 1985). However, much of the previous research 

required integrating a small number of clearly defined and typically orthogonal 

inputs to reach a pre-specified objective (see, e.g., the Social Judgment Theory 

work reviewed by Brehmer and Joyce 1988). In such environments -- which are 

hardly representative of real-world managerial problems -- there may be 

insufficient latitude for experts to demonstrate their superior ability to select and 

evaluate inputs, two process related advantages of expertise that should affect 

performance (Sawyer 1966; Johnson 1988). 

To achieve our objective, we began our research by clarifying what 

constitutes a problem. Doing so provided a foundation for understanding when 

experts can outperform novices. Problems are conceptual entities that arise from 

a disharmony between the current state of affairs and a desired state (Newell and 

Simon 1972; Smith 1988). The size of the "problem space" is determined by how 
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clearly specified are the inputs, goals, and/or allowable transformation rules 

(Reitman 1965; Taylor 1974; Simon 1978). Should one or more of these problem 

characteristics be ambiguous, the problem may be called ill-structured. Many 

marketing problems, e.g., product launch decisions, are categorized as ill

structured (Gorry and Scott Morton 1971) because they are typically made in 

environments with overwhelming amounts of data, but no obvious strategy for how 

to effectively use the data to reach a decision. Surprisingly, individual differences 

when solving such problems have received little attention (but see Voss and Post 

1988; Perkins and Rao 1990) despite their obvious significance. 

We then argued that a problem's structure is not independent of the 

problem solver, as some have suggested (Simon 1973), but rather that a problem's 

perceived structure is a function of the problem-problem solver union (Reitman 

1965; Newell and Simon 1972; Smith 1988). Thus, necessary conditions for a 

problem to be perceived as ill-structured are that it have one or more ambiguous 

problem characteristics, and the decision maker cannot readily evoke a known and 

feasible solution strategy. A problem's perceived structure in turn affects the 

individual's decision making processes and outcomes. This conceptual model, that 

problem characteristics and expertise jointly affect a problem's perceived 

structure, and that perceptions of structure affect decision making, provide a 

framework for understanding when experts outperform novices and why they are 

able to do so. 

The contributions of this research effort are twofold: 1) we rigorously 
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examined expert-novices differences in a realistic and complex judgment-intensive 

problem-solving context; and 2), we shed insight into how differences in 

performance were affected by varying the ambiguity of problem characteristics. 

To achieve these aims, we manipulated expertise and two problem characteristics 

within an invariant decision context. Numerous decision process and outcome 

measure were elicited. 

We found that experts outperformed novices when solving complex 

problems with ambiguous characteristics because they impose a more meaningful 

structure onto such problems which reduces a greater portion of the problem's 

uncertainty. Specifically, the presence or absence of a decision aid had little 

effect on experts because they can evoke an appropriate strategy from memory. 

In contrast, novices' decisions degrade considerably when solving less structured 

problems. Without access to a decision aid, it appears that they resort to more 

quickly executed, but widely varying, ad hoc solution strategies. 

Within this chapter we discuss these results in more detail. We begin with 

expertise, then follow with how problem characteristics moderate the expertise

decision making link. 

6.1 The Effect of Expertise 

Experts perceived problems as more structured than novices. As a result, 

in environments with large amounts of relevant and irrelevant externally available 

information, they were better than novices at selecting diagnostic features (Punj 
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and Staelin 1983; Brucks 1985; Shanteau 1988, 1992). There were also more 

consistent than novices concerning the perceived value of non-quantified inputs. 

The ability to evaluate and incorporate "soft" information into decision making is 

a promising benefit (Sawyer 1966). 

Because experts are better than novices at selecting and evaluating inputs, 

it is not surprising that their decisions were more tightly clustered (i.e., they 

exhibited less variance) and had a smaller mean error. They were also less likely 

to make extreme errors (Shanteau 1988). Of the 141 judgments (69 by experts 

and 72 by novices), the worst 33 decisions were all made by novices. One novice 

overestimated the actual selling price by 27 percent, hardly an insignificant error. 

For experts, the largest error was 9.5 percent -- not good, but a huge 

improvement. 

A factor that may have contributed to their better performance is that 

experts took longer to make decisions than novices. Differences in information 

processing complexity could explain these findings (Schroder et al. 1967). 

Knowledgeable individuals engage in greater levels of information processing 

across the entire spectrum of environmental complexity, an effect that is more 

noticeable when solving moderate to difficult problems. 

Experts were also found to be more confident in their judgments than 

novices, which agrees with Mahajan (1992). This was true for two correlated 

measures of confidence, one objective and the other subjective. For objective 

confidence, experts relative to novices specified a narrower range within which 
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they believed the actual selling price of the subject property fell. For subjective 

confidence, they also provided higher ratings regarding the likelihood that their 

estimate would be within $1,000 of the average market value provided by a 

random sample of 10 certified appraisers. 

However, experts' judgments were very poorly calibrated -- overall, they 

were much worse than novices. When asked to specify a dollar range within 

which the selling price of the subject property fell, experts were correct only 18.8 

percent of the time whereas novices were correct 34.7 percent of the time.21 

Individuals are notoriously overconfident when solving moderate to difficult 

problems (Lichtenstein et al. 1992), hence the poor levels of calibration for both 

experts and novices are not unusual. But the extreme overconfidence of experts 

merits attention. Mahajan (1992) also found experts to be more overconfident, a 

finding she attributed to their being cognitive misers who overlooked critical 

information. As a result, in her study experts made less accurate decisions than 

novices. We found that experts spent more time and accessed more diagnostic 

features, and were in fact more accurate than novices. Thus, in our study the 

overconfidence of experts was due to confidence ratings that increased in excess 

of what was justified by their better decision making ability. 

An explanation for the inflated confidence of experts may stem from the 

type of feedback available to them. In real-life, the non-evaluative feedback (Le., 

21 We sent a summary report to the experts which drew attention to the 
poor calibration of their judgments which will hopefully have a beneficial effect. 
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the actual outcome to an event or task) received by appraisers bears resemblance 

to that available to clinicians. Feedback is effortful to collect, time delays are 

common and the actual outcome (in our case the selling price) is not an 

unambiguous measure of a fair market value because selling prices are affected by 

unexplained phenomena. Christensen-Szalanski and Bushyhead (1981) have 

shown that doctors' judgments were poorly calibrated when diagnosing 

pneumonia. The feedback in both these environments differs markedly from that 

available to weather forecasters, who have been found to be very well-calibrated 

(Murphy and Winkler 1977). Weather forecasters receive huge amounts of 

feedback that is immediate and unambiguous. 

Another possible explanation for the overconfidence of the experts in this 

study is due to the barrage of unfavorable evaluative feedback they receive in 

real-life. Unfavorable evaluative feedback (e.g., being told you have done a poor 

job) has been found to improve accuracy and lower confidence levels (Mahajan 

1992). But in her study feedback was provided by a presumably neutral party. 

Appraisers typically receive evaluative feedback from self-interest seeking third 

parties (e.g., an irate agent calls who lost out on a sale because of a low appraised 

value). It is a reasonable conjecture that evaluative feedback of this nature would 

make a person more defensive and may serve to strengthen their conviction. One 

appraiser who helped design the experiment commented to this effect. Given the 

pervasiveness of evaluative feedback both in organizational settings (e.g., annual 

performance reviews) and in daily life (the all too common tendency to critique 



others even when one's opinion is not solicited), the effect of the source of 

evaluative feedback on decision making merits further attention. 
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6.2 The Moderating Effect of Problem Characteristics on the Expertise-Decision 

Making Link 

Within the experiment we manipulated problem characteristics two ways. 

The first, providing or withholding a decision aid, affects the ability to select 

inputs for decision making. The second, adding or not adding noise (stochastic 

error) to the inputs, affects the ability to evaluate non-quantified inputs. Most 

studies of individual differences make the selection of inputs transparent. 

Furthermore, we are unaware of any research that examines factors that affect the 

ability to evaluate inputs. Holding expertise constant, both manipulations should 

affect the extent to which a problem is perceived as ill-structured, which in turn 

should affect decision making processes and outcomes. However, these problem 

characteristics might have a greater effect on novices than experts. Novices, 

unlike experts, cannot draw upon their experience and evoke appropriate solution 

strategies and/or compensate for inputs of questionable value. The effects of 

each of these problem characteristics and their interaction with expertise are 

discussed below. 

6.2.1 Providing or Withholding a Decision Aid. A factor which affects 

the extent to which a problem is structured is how clearly defined are the inputs. 

The decision aid was intended to draw attention to specific inputs thereby helping 
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the decision maker to impose a meaningful structure onto the problem. Subjects 

who received the aid did in fact rate the problem as more structured than those 

without the aid. This provides support that the aid was a successful 

operationalization of a problem characteristic that affects a problem's perceived 

structure. 

The aid manipulation interacted with noise to affect the number of 

features perceived as relevant by experts, but the manipulations did not affect 

novices. In all four problem-solving conditions, novices rated between 11 and 12 

of the 17 features as influential when developing their decision. In contrast, 

experts changed their behavior as problem characteristics changed. In the 

noiseless data condition, experts rated fewer features as relevant if no aid was 

available than when an aid was provided -- apparently, the aid prompted them to 

consider more inputs. However, when the data was noisy they used a greater 

number of features if no aid was available and less when an aid was provided. 

But in all conditions, experts used a fewer number of externally available inputs 

than novices. Thus, Shanteau's (1992) claim that experts and novices use a similar 

amount of information but differ in the diagnosticity of information used is not 

true: Experts use fewer inputs, particularly if no aid is available a.nd inputs are 

noiseless, or an aid is available and inputs are noisy. It is of interest to note that 

the number of inputs rated as influential (between 8 and 12 of the 17 features 

available) was very similar to the number of cues used by experts when asked to 

judge gilts (female breeding pigs) based on verbal descriptions (Phelps and 
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Shanteau 1978; see also Johnson 1980). Without access to computing technology, 

it appears that around a dozen inputs may be the limit to peoples' processing skill. 

In addition to affecting the number of inputs rated as influential, the aid 

manipulation affected decision outputs. Subjects provided the aid made more 

tightly clustered decisions (Le., there was less variance in their jUdgments). But 

this effect was driven by differences in the accuracy of novices across problem

solving conditions. Specifically, when not provided an aid novices made 

significantly worse decisions than if an aid was available. Experts' decisions, on 

the other hand, were unaffected by the aid manipulation. These findings provide 

support for the argument that in less structured environments novices resort to 

widely varying, ad hoc decision heuristics, whereas experts can evoke appropriate 

solution strategies. They also highlight the value of training seminars which 

expose people to solution methods. 

The decision aid did not significantly affect confidence levels, but overall it 

did improve the calibration of judgments. The cause of the better calibration was 

because novices' decisions were more accurate when provided an aid. In fact, 

when provided an aid novices' judgments were better calibrated than experts'. 

However, there was a significant three-way interaction, hence experts were not 

always worse than novices. In the least structured of the four problem-solving 

conditions (that is, with no aid and noisy data), experts were more apt to specify a 

correct range than novices, but this was not true in the other three conditions. 

The cause of the experts better performance within this condition is partially 
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attributable to the fact that they lowered their confidence when inputs were noisy. 

Experts are, after all, better able to assess problem complexity than novices (Chi 

et aI. 1982). The calibration of novices' judgments, on the other hand, fell-off as 

problem ambiguity increased. Given these patterns of behavior, we conclude that 

experts are in general more overconfident than novices, but this effect is 

moderated by problem characteristics; when solving very ambiguous problems, 

novices are worse than experts. 

Finally, subjects using the aid spent more time completing the task. Thus, 

it is not true that when faced with ambiguity subjects spend more time 

reformulating the problem (Newell and Simon 1972; Voss and Post 1988) and/or 

closing open constraints (Reitman 1965). At least in this study, it appears that 

they resort to more quickly executed, but less effective strategies; this was true 

even for certified appraisers. 

6.2.2 The Effect of Noise. The noise manipulation is more subtle than 

providing or withholding a decision aid. However, it offers the advantage of 

specifically addressing how problem characteristics may affect the ability to 

evaluate non-quantified inputs, a necessary step in many real world decision 

contexts. 

Subjects were not consciously aware of the effect that noise was having on 

them, as demonstrated by the lack of a significant difference in perceived 

ambiguity ratings between noise conditions. However, noise does appear to affect 

decision processes, most notably for experts. For example, adding $2,000 to the 
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actual selling price of the comparable properties affected the adjusted value of the 

comparables for experts only, whereas subtracting $4,000 significantly affected the 

adjusted value of that comparable for both experts and novices. 

In addition to affecting adjustments to the selling prices of the comparable 

properties, noise also lowered confidence levels, as intuition would predict. This 

effect was driven by a decrease in the confidence of experts in the noisy condition 

relative to the noiseless condition. Apparently, it takes expertise to discern the 

adverse effect of noisy inputs on decision making. The simple effect of noise on 

novices was not significant. Thus, while perceptions of ambiguity do not mediate 

the relationship between noise and confidence, experts are responding 

subconsciously to noise in a manner consistent with expectations. 

6.3 Concluding Remarks 

Experts see any given problem within their domain of expertise as more 

structured than novices. As a result, they are better than novices at selecting 

diagnostic inputs and more consistent when evaluating non-quantified inputs. 

They also make more tightly clustered decisions, and are less prone to the 

extreme errors made by novices. They are more confident in their decisions, but 

their confidence level exceeds what is justified by their greater accuracy. Some of 

these effects were more apparent when solving less structured problems. Novices' 

decisions degraded considerably in the no aid condition: there was greater 

variability in their judgments; they were more prone to extreme errors; their mean 
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error increased; and the calibration of their judgments decreased. Experts, on the 

other hand, were less frequently affected by the aid manipulation. This supports 

the conceptual model that expertise and problem characteristics jointly affect a 

problem's perceived structure, and that perceptions of structure in tum affect 

decision making processes and outcomes. Given their experience, experts can 

evoke appropriate solution strategies if one is not available. In light of the fact 

that many marketing problems have no obvious decision rule, the ability to evoke 

good strategies is a valuable benefit. 

This study differs from most of the previous research on expert decision 

making. Large numbers of recognized experts and a demographically similar 

population of novices solved a realistic, judgment-intensive non-trivial problem. 

Subjects' responses were then pooled for subsequent analyses. In contrast, most 

previous studies adopted the lens model to assess individual differences, a 

methodology popularized by Hammond and his colleagues (Hammond et al. 1964; 

Hammond et al. 1986). In these studies, a few subjects make a large number of 

decisions that require integrating a small number of clearly defined inputs to 

reach a specific goal (see, e.g., the work reviewed by Brehmer and Joyce 1988). 

Paramorphic models which presumably capture their decision process are then 

fitted to the subject's outcomes (Johnson 1980 provides a good example; Einhorn 

et al. 1979 argue for the appropriateness of paramorphic models). These 

paramorphic models are then compared to assess individual differences. This 

methodology provides insight into: 1) how isomorphic a subject's decision rule is 
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with the true underlying model; 2) how consistently they apply their decision rule; 

and 3) what is the correlation between a subject's decisions and the actual 

outcomes. But this approach can be criticized because no insight is provided 

concerning the ability to evaluate inputs; furthermore, what inputs are relevant is 

usually explicit. Thus, it can be argued that within these studies the problem is 

already partially solved. We demonstrated that experts are better than novices at 

performing these two steps. It is therefore not surprising that eliminating these 

steps reduces the likelihood of finding expertise effects, which provides an 

explanation for the expertise-performance paradox. Finally, some decision 

theorists question the stability of paramorphic models (Beach 1992), hence their 

appropriateness for examining individual differences. 

We are not suggesting that our study completely resolves the expertise

performance paradox. However, we do provide concrete evidence for when 

experts outperform novices and why they are able to do so. Experts outperform 

novices because they can impose a more meaningful structure onto judgment

intensive non-trivial problems; this effect is more apparent when solving problems 

without access to a decision aid. In other words, experts are better at solving 

problems with ambiguous characteristics, as Johnson (1980) speculated. 

Furthermore, we offer a unifying theme: Perceptions of problem structure 

mediate the expertise-decision making link. Given the importance of problems 

categorized as ill-structured to marketing decision makers (Gorry and Scott 

Morton 1971), we believe this research effort takes an important step in the right 



124 

direction. 

6.4 Limitations 

No study is without some limitations. One limitation is that the external 

validity of these findings can always be challenged because factors were controlled 

to increase the internal validity. This limitation can be levelled at virtually all 

laboratory research and therefore will not be belabored. 

A second limitation that qualifies these findings is that we studied decision 

making with respect to one type of problem. Smith (1988) offers a typology of 

problems which distinguishes evaluation problems, as ours was, from, e.g., 

prediction and goal-setting problems. While it can be argued that evaluation 

problems bear resemblance to prediction problems (because the goals are explicit 

and there are typically a limited number of transformation rules), they both differ 

markedly from goal-setting problems. The type of problem studied implicates 

problem characteristics that are most likely to influence decision making. For 

example, when solving evaluation problems decision makers must select, evaluate 

and combine information to reach a prespecified criterion. Thus, we manipulated 

characteristics that affected the ability to identify and evaluate inputs. The 

characteristics we manipulated may have different effects if decision makers had 

been asked to solve a different type of problem. 
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6.5 Directions for Future Research 

As a result of insight gained while completing this study, several ideas for 

future research present themselves. With respect to problem characteristics, one 

issue that has both methodological and theoretical implications is to further 

explore the effect of problem characteristics on perceived structure and how they 

jointly affect it. Within our study, it is possible that the dearth of hypothesized 

noise effects is because the decision aid and noise do not work independently, as 

was intended. There may even be times when the aid and the noise have an 

offsetting effect. Consider, for example, a situation were the data were extremely 

noisy: a decision maker may be better-off using a non-analytic strategy to develop 

a market value estimate rather than an analytic approach which is required to 

complete the decision aid. There were two marginally significant three-way 

interactions within our study. In one of these, where subjects were asked to rate 

how influential various property features were, it appears that for experts the aid 

and noise had an offsetting effect. But for the other three-way interaction, which 

concerned the calibration of judgments, the manipulated characteristics had a 

compounding effect. Thus, we did not find consistent evidence that the problem 

characteristics do or do not work independently. We therefore encourage further 

research. 

Another issue is to determine what portion of the effect of expertise on 

perceived structure is attributable to ability (an invariant individual characteristic) 

as opposed to knowledge (an acquired skill). Ericsson and Smith (1991) conclude 



that individual characteristics explain little of the differences in performance. 

Yet, it seems reasonable that clinicians and secretaries, for example, differ in 

more ways than just years of education and experience. Schroder et aI. (1967) 

provide a method for assessing one's information processing complexity. 
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More research which explores the process by which decision makers solve 

problems perceived as ill-structured would certainly be valuable. For example, 

Voss and Post (1988) found that experts start by imposing constraints that reduce 

the size of the problem space. This finding has both theoretical and practical 

import. We are unaware of any follow-on research. 

Because perceived structure affects decision making, it would be desirable 

to develop a valid, context independent measure of perceived problem structure. 

We have attempted to do so. However, although the composite measure we 

developed has face validity, it may be inappropriate if applied to a different type 

of problem. 

Another research avenue which is an extension of this effort is to explore 

how perceived structure affects the relative value of information inputs. 

Information is rarely costless, hence decision makers must trade-off the cost of 

acquiring information against the perceived value that the information will have 

on reducing uncertainty. In less structured problem-solving contexts there may be 

a preference for non-quantified, more descriptive "soft" information over very 

detailed, factual "hard" information. Insight into this issue would be extremely 

valuable to developers of Marketing Decision Support Systems. 
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A final research agenda is to study how perceived problem structure fits 

into models on contingent decision making. Beach and Mitchell (1978) suggest 

that perceptions of task characteristics affect strategy selection (in reference to, 

e.g., analytic versus non-analytic strategies). Task characteristics include problem 

characteristics and environmental characteristics. Empirical research on the effect 

of task characteristics on decision making has focused on environmental 

characteristics, such as time constraints and amount of information (see, e.g., 

Payne 1976; Payne et al. 1988). Our focus was on the effect of problem 

characteristics, while holding environmental characteristics constant. Future 

research may examine both types of task characteristics together. 



Appendix A 

The following survey was sent to experts in the no aid, 

noiseless data condition. The actual survey was printed in a variety 

of Swiss Roman 10, 11, 12 and 14 point fonts. 
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February 8, 1993 

1-

Dear 2-: 

I am a doctoral student at the University of Arizona, and I am writing to 
request your assistance in a project on how individuals estimate the market value 
of residential property. I cannot overemphasize how much I want you to 
participate. There is a limited number of professional appraisers in Tucson, and I 
value each of your opinions. 

From past experience, I would estimate that this will take less than 
40 minutes of your time. In exchange for your participation, I would like to offer 
you a summary of the findings. I believe you will find the results of this study 
informative and relevant to your profession. As all responses will be aggregated 
before being analyzed, you can be assured that your identity will be kept strictly 
confidential. 

Thank you in advance for your time and cooperation. As a token of my 
appreciation, I have enclosed one dollar so that you may purchase a cup of coffee 
while you are completing this study. If you have any questions, please feel free to 
call me at (602) 621-7479. 

Sincerely, 

Mark T. Spence 

Enclosures 



A STUDY ON 
APPRAISING RESIDENTIAL PROPERlY 

Mark T. Spence 
Ph.D. Candidate 

Department of Marketing 
Karl Eller Graduate School of Management 

University of Arizona 
Tucson, AZ 85721 

February 1993 
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An Overview of the Study 

The purpose of this study is to examine how you arrive at a property price. 
In order to determine this, you are asked to provide a market value estimate for 
one piece of property, referred to as the subject property. A market value is 
defined as the most probable price for the subject property in a competitive 
market, and therefore should not include any special or creative financing or sales 
concessions. 

To aid you in developing your estimate, you are provided with three 
properties from the same neighborhood that have recently been sold. This 
information is included separately with the heading "Property Descriptions." 
These three properties are referred to as comparables. Of course, residential 
properties are never exactly identical. Thus, your objective is to determine what 
features differentiate the subject property from each of the three comparable 
properties. And once you have determined the differences between the 
properties, you must then estimate whether you think the subject property should 
sell for more or less than each of the comparable properties, and by how much. 
To be consistent with "real life" appraisals, you should use all three comparables 
to develop your market value estimate. Please record all your responses in the 
section titled "Questionnaire." 

A Simple Example 

For those unfamiliar with this process, suppose that the subject property is 
very similar to one of the comparable properties that has recently sold for 
$82,000. The only apparent difference between the two pieces of property is that 
the comparable home does not have a swimming pool, whereas the subject 
property has a well-maintained built-in pool. Thus, your goal is to estimate how 
much more or less a house with a swimming pool would sell relative to a similar 
house that did not have a pool. If you believe that a pool increases the value of a 
home relative to the house without a pool by $10,000, you would conclude that a 
good market value for the subject property is $92,000 (i.e., $82,000 + $10,000 = 
$92,000). If instead you believed the pool increased the value of the house by 
$1,200, you would conclude that a good market value is $83,200. This procedure 
is referred to as adjusting the comparable property to equate it to the subject 
property. You will have three comparables to compare to the subject property. 
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Your Task 

You are asked to estimate the market value for one subject property. All 
the information you are to use for making your decision is in the section labeled 
"Property Descriptions." There are four property descriptions (one subject 
property and three comparable properties), as well as a general description of the 
neighborhood where the properties are located. 

The properties you will be reviewing are actual pieces of property from one 
neighborhood in a major metropolitan area in Arizona that have been sold within 
the last 18 months. However, because some of you may be familiar with the 
neighborhood -- hence you would have an unfair advantage at estimating the 
market value -- the actual neighborhood will not be mentioned by name but is 
described in some detail. 

It is possible that you would like additional information before you make 
your market value decision because you find the enclosed information inadequate. 
However, to preserve the validity of this study, it is important that you use only 
the material in the Property Descriptions section. Please do not confer with 
anyone else or access any other material. If necessary, rely on your general 
experience or use your judgment to infer additional information. After you have 
examined the property descriptions, record your responses in the section labeled 
"Questionnaire." You are allowed to use a calculator, and it is recommended that 
you use a pencil for any calculations. 

You may work at your own pace, so please take your time and provide the 
best answers you can. Once again, your cooperation is greatly appreciated. 

AT THIS POINT, PLEASE EXAMINE THE PROPERTY 
DESCRIPTIONS. AFfER YOU HAVE DONE SO, ANSWER THE 
QUESTIONNAIRE TO THE BEST OF YOUR ABILITY. 

PLEASE WRITE THE CURRENT TIME HERE: a.m. / p.m. ------
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Property Descriptions 

Instructions 

Please review all four property descriptions before developing your market 
value estimate. To be consistent with real life appraisals, the first page of the 
questionnaire asks you to equate each of the three comparables to the subject 
property; after you have done so, you can then use these values to develop your 
best estimate for the market value for the subject property. 
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General Overview of the Neighborhood 

The neighborhood where all the properties are located is on the edge of a 
major metropolitan area in Arizona and is approximately one square mile. 
Although the neighborhood will remain unidentified, the pieces of property within 
this neighborhood are real -- all the properties were sold within the last 18 
months. 

Nearly all the structures in this neighborhood are stand-alone single family 
dwellings, although a few small apartment complexes and town house complexes 
are located along the perimeter. Virtually all the houses were built by a single 
builder in the early- to mid-1970s. Very few properties have views of the 
surrounding mountains, and none of the properties have basements. The lot sizes 
in this neighborhood are quite large and uniform, all about 7000 square feet. The 
starting price for houses in this neighborhood is in the low $40,000s, with the 
occasional house selling for over $70,000. 

There is a small regional park within the neighborhood as well as an 
elementary and junior high school. The high school is located one mile away. A 
couple convenience stores are located along the perimeter. There is a small plaza 
within the neighborhood, but nearly all the shops have gone out of business. 
There is, however, a substantial shopping area which includes fast food 
restaurants, grocery stores and retail outlets just over one mile away. 

Most of the residents in this neighborhood are military personnel or blue 
collar workers who earn around $30,000 per year. The neighborhood consists 
mostly of young families with children. 

Because we cannot disclose the actual street addresses, assume that none 
of the properties are located on the four major roads that surround the 
neighborhood. Rather, all the houses are located on reasonably quiet streets and 
are in close proximity (within one half mile) of each other. 
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Your objective is to determine a market value for the subject property by 
any means you consider appropriate. Please do not write on the pages with the 
property descriptions, rather use this blank sheet of paper for making any 
calculations you deem necessary. 

SCRATCH SHEET 
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SUBJECT PROPERTY 

Please estimate the market value of this property. 

This lovely ranch style home was built in 1976 and is situated on a 7Ox100 
(7000) square foot lot in a quiet neighborhood. It has l300 square feet of living 
area, three bedrooms and one and three quarters bath. There is a dining area, 
but no breakfast area. This well maintained, easy care beauty has large bedrooms 
and a delightful, separate family room. The house is constructed of slump block 
material, and features an evaporative cooler and a forced air gas heater. The 
front yard is low care desert landscaping and the backyard is grass. There is a 
large workshop behind the carport, and a basketball court and children's 
playhouse in the backyard. Everything for the young family! There is a one car 
carport, and the large yard has a covered patio and is surrounded by a slump 
block wall. No special financing concessions are available. Arrange to show with 
owner. 



Comparable Property #1 

This house sold for: $50,000 
Month that house sold: December 1991 
Number of days that house was listed before selling: 72 
Financing: No qualifYing cash to assumable loan at 10% was assumed with a 
balance of $45,000. Payments are $460 per month. 

Description of property at time of sale: 
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This ranch style home is located approximately one half mile from the 
subject property. It was built in 1974 and is situated on an 72x100 (7,200) square 
foot lot. This 1040 square foot home has three bedrooms and one and three 
quarters bath. There is a breakfast area, but no dining area. This neat, family 
oriented house with north/south exposure shows well. There is newer paint, a fan 
in the master bedroom, and mirrored closet doors in the master bath. The house 
is constructed of slump block material, and features an evaporative cooler and a 
forced air gas heater. The roof is six years old. The large, grassy landscaped yard 
is surrounded by a wood fence. There is no carport. Arrange to show with tenant 
or with listing agent. Dog in backyard is friendly. 



Comparable Property #2 

This house sold for: $60,000 
Month that house sold: July 1992 
Number of days that house was listed before selling: 26 
Financing: FHA financing. Buyer paid points. 

Description of property at time of sale: 
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This 1222 square foot ranch style home shows pride of ownership! It was 
built in 1973, and features three bedrooms and one and three quarters baths. It is 
situated on a spacious 82x85 (6,970) square foot lot two blocks from the subject 
property. There is an eat-in breakfast nook and a small dining area. The family 
room has a delightful fireplace. This picture perfect home has a large, low 
maintenance desert landscaped yard with an uncovered slab patio surrounded by a 
wood fence. The yard is just waiting for a pool. The house is constructed of 
slump block material, and has an evaporative cooler and a forced air gas heater. 
There is newer carpet, tile and paint. There is a one car garage with a workshop 
area with benches, shelves and 220 volt service. Arrange to show with owner. 



Comparable Property #3 

This house sold for: $59,000 
Month that house sold: March 1992 
Number of days that house was listed before selling: 89 
Financing: No qualifying cash to assumable loan at 10% was assumed with an 
outstanding balance of $50,000. Monthly payments are $515. 

Description of property at time of sale: 
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This 1411 square foot ranch style home is located four blocks from the 
subject property. Built in 1974, it has three bedrooms and one and three quarters 
baths. It is situated on an 8Ox85 (6,800) square foot lot. There is a bar style 
breakfast area and a dining area. This home features a spacious separate family 
room with a fireplace and built-in bar. Perfect for entertaining! The house has 
an evaporative cooler and a forced air gas heater, and is constructed of slump 
block material. It has been recently painted, both inside and out. The carpet and 
roof are original. There is no covered parking; the single carport has been 
converted to living area. There is a covered patio in the large, grassy backyard. 
The property is surrounded by a chain link fence. Arrange to show with tenant or 
with listing agent. Dogs in backyard -- do not enter without tenant. 
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Questionnaire 

Section 1. 

To be consistent with the actual appraisal process, first provide an estimate for 
the value of the subject property relative to each of the three comparables. These 
indicated market values need not be equal. 

Relative to comparable property #1 only, how much do you think the 
subject property is worth? 

$_----

Relative to comparable property #2 only, how much do you think the 
subject property is worth? 

$ ------
Relative to comparable property #3 only, how much do you think the 

subject property is worth? 

$_----

Using all the information available, please write down your best estimate 
for the market value for the subject property in the space below. After you have 
done so, provide a range about your estimate that you believe includes the actual 
sales price. Please try to keep the range as small as possible. 

YOUR BEST ESTIMATE FOR THE MARKET VALUE OF THE SUBJECf 
PROPERTY 

Upper limit that 
you believe the property 
actually sold for 

YOUR BEST ESTIMATE 
FOR THE MARKET VALUE 

Lower limit that 
you believe the property 
actually sold for 

$_------

$_-----

$_-----



How confident are you that the market value that you provided for the 
subject property will be within $1000 of the average market value based on a 
random sample of 10 certified property appraisers? 
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Not at all 
confident 

Very 
confident 

1 2 3 4 5 6 7 8 9 10 

NOW THAT YOU HAVE READ THE PROPERTY DESCRITIONS AND 
COMPLETED THE FIRST PAGE OF THE QUESTIONNAIRE, PLEASE 
WRITE THE CURRENT TIME HERE: a.m. / p.m. 

ESP101 
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Section 2. 

In this section, I would like to gain an understanding of how you developed your 
market value estimate. 

Could you please list the property feature or features you considered when 
making your decision? Please put the feature that most influenced your decision 
first. 

Which of the three comparables do you think was the most like the subject 
property? Please explain why. 

Excluding actually touring the subject property, what other information 
would you have liked, if any, to determine your market value estimate? 
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Section 3. 

Please circle the number that best reflects how much you agree or disagree with 
each statement shown below. The higher the number, the more you agree with 
the statement. There are no right or wrong answers. 

Strongly Strongly 
Disagree Agree 

1) The instructions for this task were easy to understand. 1 2 3 4 5 6 7 

2) The instructions were confusing. 1 2 3 4 5 6 7 

3) The four property descriptions were believable. 1 2 3 4 5 6 7 

4) It was important to me to provide the best market 
value estimate that i could, given the information 1 2 3 4 5 6 7 
available. 

5) I found the process of developing a market value 
boring. 1 2 3 4 5 6 7 

6) I carefully deliberated over all the available 
information before developing my market value estimate. 1 2 3 4 5 6 7 

7) It was easy to decide what to do in order to develop 
my market value estimate. 1 2 3 4 5 6 7 

8) I am very comfortable with the method or strategy 
I used to determine my market value estimate. 1 2 3 4 5 6 7 

9) It was very difficult for me to determine what relevant 
features differed between the subject property and the 1 2 3 4 5 6 7 
comparable properties. 

10) The selling prices of the three comparables had 
very clear implications for pricing the subject property. 1 2 3 4 5 6 7 

11) I found the process of developing my market value 
estimate to be unambiguous. 1 2 3 4 5 6 7 
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Section 4. 

The purpose of this section of the questionnaire is to measure your interest in the 
process of developing a market value estimate as well as how difficult you 
perceived the task. To take these measures, a series of descriptive scales is 
provided. Shown below is an example of how to use the scales. 

Example. If you felt that developing your market value estimate was quite 
closely related (but not extremely related) to one or the other end of the scale, 
you should place your check mark as follows. 

Boring _: _X : _: _: _: _: _ Interesting 

- or-

Boring : : : : ·x· - - - - -'--'- Interesting 

Please rate each item as a separate, independent judgment. Work at a fairly high 
speed; it is your first impressions that I am interested in. 

Developing my market value estimate was: 

mundane 

of no concern 
to me 

boring 

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

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

fascinating 

of concern 
to me 

interesting 



I found the process of developing my market value estimate to be: 

not at all 
ambiguous 

not at all 
complicated 

very 
obvious 

not at all 
confusing 

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

· . . . . . · . . . . . -------

· . . . . . · . . . . . -------

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

very 
ambiguous 

very 
complicated 

not at all 
obvious 

very 
confusing 
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Section 5. 

I am now interested in how knowledgeable you consider yourself when it comes to 
developing market value estimates. Assume that we selected two individuals, one 
of whom was a 21 year old undergraduate student at the University of Arizona 
who had ~ taken a course in real estate and the other was an appraiser who 
had appraised property in the relevant neighborhood for years. Let these two 
individuals define the endpoints of a continuum of expertise on appraising 
residential property. 

1) Relative to these two individuals, how knowledgeable do you consider yourself 
at estimating a market value for the subject property you just examined? Please 
circle a number. 

As knowledgeable as 
the undergraduate 

1 2 3 4 5 6 

As knowledgeable 
as the appraiser 

7 8 9 10 

2) Relative to these two individuals, how familiar are you with real estate 
terminology? 

As familiar as 
the undergraduate 

1 2 3 4 5 6 

As familiar as 
the appraiser 

7 8 9 10 

3) Relative to these two individuals, how good are you at estimating market 
values of residential properties? 

As good as 
the undergraduate 

1 2 3 4 5 6 

As good as 
the appraiser 

7 8 9 10 



Section 6. 

FOR THE REMAINDER OF THIS SURVEY, PLEASE DO NOT 
LOOK BACK TO ANY OF THE PRECEDING MATERIAL. 
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I would now like to gain some insight into what information was important to you 
when you developed this particular market value estimate. Please use the scale 
provided to rate how influential each of the pieces of information was to you 
when developing your market value estimate. Thus, if a property feature had a 
large dollar impact on your decision, circle 6 or 7; if, on the other hand, a feature 
had no dollar impact, circle 1. 

Not at all Extremely 
Influential Influential 

Year house was built 1 2 3 4 5 6 7 

Square feet of living area 1 2 3 4 5 6 7 

Lot size 1 2 3 4 5 6 7 

Air conditioner 1 2 3 4 5 6 7 

Month that comparable was sold 1 2 3 4 5 6 7 

Days listed before comparable was sold 1 2 3 4 5 6 7 

Number of bedrooms 1 2 3 4 5 6 7 

Breakfast area 1 2 3 4 5 6 7 

Dining Area 1 2 3 4 5 6 7 

Presence of fireplace 1 2 3 4 5 6 7 

Type of landscaping 1 2 3 4 5 6 7 

Material of fence 1 2 3 4 5 6 7 

Design style 1 2 3 4 5 6 7 
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Not at all Extremely 
Influential Influential 

Type of garage 1 2 3 4 5 6 7 

Occupant of house 1 2 3 4 5 6 7 

Type of financing 1 2 3 4 5 6 7 

Children's playhouse 1 2 3 4 5 6 7 
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Assume that you were shown two more pieces of property in the 
neighborhood that you just examined -- call these properties A and B. How much 
more or less do you think property A would be worth relative to property B, if 
property A had: 

an additional 100 square feet of living area? + /- $ 

a fireplace? + /- $ 

a garage instead of a carport? + /- $ 

a carport instead of no carport? + / - $ 

a slump block fence instead of a chain 
link fence? + /- $ 

1.75 bathrooms instead of 1 bathroom? + / - $ 

special financing concessions (e.g., a no 
qualifying loan at 1O%)? + / - $ 

a grass backyard instead of desert landscaping? + / - $ 

was constructed in 1976 instead of 1974? + / - $ 

was owner occupied instead of tenant occupied? + / - $ 
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Section 7. 

Before completing this survey, is there anything that I should be aware of before 
analyzing your answers? 



Section 8. 

The following data will be used for statistical analysis purposes only. Your 
identity will be kept strictly confidential. 

Age: 

Sex: Male Female 

Educational background (check one): 
__ have not completed high school 
__ High School degree 

some college 
four-year college degree 
some graduate work 

__ Graduate degree 

If you attended college, what was your major(s)? 

Number of years that you have been employed within the real estate 
industry (e.g., as a real estate agent, appraiser, mortgage banker, builder, etc.): 
___ years. 

Are you a certified or licensed appraiser in the state of Arizona? 
Yes No 

Are you a designated residential property appraiser? 
Yes No 

The properties you just examined were real properties from one 
neighborhood. Can you name the neighborhood or geographic area that the 
properties were from? If you have no idea, please leave blank. 

Neighborhood: ___________________ _ 

Yes __ , I would like to receive a summary of the findings from this 
study. 
No __ , I do not want a summary of the findings from this study. 
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THAT COMPLETES THIS SURVEY. ONCE AGAIN, THANK YOU 
VERY MUCH FOR YOUR PARTICIPATION! PLEASE RETURN ALL THE 
MATERIAL THAT WAS INSIDE THE FOLDER TO ME IN THE ENCLOSED, 
POSTAGE PAID ENVELOPE. 



Appendix B 

The following is the decision aid which helps to identify 

potentially relevant property features. The aid is based on the 

Uniform Residential Appraisal Report, a form which must be 

completed for all real-life appraisals. For those in the aid condition, 

this form replaced the scratch sheet in the questionnaire in 

Appendix A. 
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Property Features 

Sales Price of Comparable: 

Date of sale: 

Financing concessions: 

House Style: 

Square feet living area: 

Lot Size: 

Type of construction: 

Year house was built: 

Bedroom count: 

Bathroom count: 

Heating/cooling: 

Garage/carport: 

Porch/pool/fence, etc.: 

Fireplace: 

Miscellaneous: 

TOTAL $ ADJUSTMENTS: 

VALUE OF SUBJECT 

Your objective is to determine a market value for the subject property. 
Please do not write on the pages with the property descriptions, rather 
use this page for making any calculations you deem necessary. 

Subject 
Property 

xxxxx 

xxx xx 

xxxxx 

Comparable 
lit 

Difference in 

value between 
subj. & compo 

xxxxx 

Difference in 
Comparable value between Comparable 

112 subj. & compo 113 

xxxxx 

Differen~e in 
value between 
lillhi. &. camp. 

xxxxx 

~ 
Ul 
~ 



Appendix C 

The following are the three comparable properties that 

appeared in the noisy data condition. The only difference between 

these properties and those appearing in the questionnaire in 

Appendix A is that stochastic error has been added to the selling 

prices. 
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Comparable Property #1 

This house sold for: $52,000 
Month that house sold: December 1991 
Number of days that house was listed before selling: 72 
Financing: No qualifying cash to assumable loan at 10% was assumed with a 
balance of $45,000. Payments are $460 per month. 

Description of property at time of sale: 
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This ranch style home is located approximately one half mile from the 
subject property. It was built in 1974 and is situated on an 72x100 (7,200) square 
foot lot. This 1040 square foot home has three bedrooms and one and three 
quarters bath. Tnere is a breakfast area, but no dining area. This neat, family 
oriented house with north/south exposure shows well. There is newer paint, a fan 
in the master bedroom, and mirrored closet doors in the master bath. The house 
is constructed of slump block material, and features an evaporative cooler and a 
forced air gas heater. The roof is six years old. The large, grassy landscaped yard 
is surrounded by a wood fence. There is no carport. Arrange to show with tenant 
or with listing agent. Dog in backyard is friendly. 



Comparable Property #2 

This house sold for: $62,000 
Month that house sold: July 1992 
Number of days that house was listed before selling: 26 
Financing: FHA financing. Buyer paid points. 

Description of property at time of sale: 
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This 1222 square foot ranch style home shows pride of ownership! It was 
built in 1973, and features three bedrooms and one and three quarters baths. It is 
situated on a spacious 82x85 (6,970) square foot lot two blocks from the subject 
property. There is an eat-in breakfast nook and a small dining area. The family 
room has a delightful fireplace. This picture perfect home has a large, low 
maintenance desert landscaped yard with an uncovered slab patio surrounded by a 
wood fence. The yard is just waiting for a pool. The house is constructed of 
slump block material, and has an evaporative cooler and a forced air gas heater. 
There is newer carpet, tile and paint. There is a one car garage with a workshop 
area with benches, shelves and 220 volt service. Arrange to show with owner. 



Comparable Property #3 

This house sold for: $55,000 
Month that house sold: March 1992 
Number of days that house was listed before selling: 89 
Financing: No qualifying cash to assumable loan at 10% was assumed with an 
outstanding balance of $50,000. Monthly payments are $515. 

Description of property at time of sale: 
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This 1411 square foot ranch style home is located four blocks from the 
subject property. Built in 1974, it has three bedrooms and one and three quarters 
baths. It is situated on an 80x85 (6,800) square foot lot. There is a bar style 
breakfast area and a dining area. This home features a spacious separate family 
room with a fireplace and built-in bar. Perfect for entertaining! The house has 
an evaporative cooler and a forced air gas heater, and is constructed of slump 
block material. It has been recently painted, both inside and out. The carpet and 
roof are original. There is no covered parking; the single carport has been 
converted to living area. There is a covered patio in the large, grassy backyard. 
The property is surrounded by a chain link fence. Arrange to show with tenant or 
with listing agent. Dogs in backyard -- do not enter without tenant. 



Appendix D 

The following reminder letter was sent out approximately one 

week after the experimental stimuli. After another week, subjects 

who had still not returned the survey were contacted by phone. 

159 



160 

February 15, 1993 

1-

Dear 2-: 

Last Tuesday I mailed a survey to you on appraising residential property. 
If you have already completed and returned the survey to me, please accept my 
sincere thanks. If not, I would appreciate your response as soon as possible. 
Your participation is critical to the successful completion of this project. I know 
it is an inconvenient time for you, but I believe you will find the survey interesting 
and the summary report -- which I will gladly share with you -- informative. 

If by some chance you did not receive the questionnaire or it has been 
misplaced, please call me as soon as you get a chance at (602) 621-7479 and I will 
mail another one to you today. 

Sincerely, 

Mark T. Spence 
Doctoral Candidate 



Appendix E 

The following are the formulas for determining the degrees 

of freedom for the Bartlett-Box F test for equality of variance. For 

additional information, the reader is referred to Neter et al. (1985, 

p. 618-622). 
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Bartlett-Box F Test for Equality of Variance 

To conclude R a, that not all the variances across treatment conditions are 

equal, the Bartlett-Box F statistic must exceed F(1 - a; fl' f2). To determine the 

degrees of freedom for the F-statistic, 

fl = r - 1, where r = the number of treatment conditions; and, 

f2 = (r + 1) / (C - 1)2, where 

C = 1 + (1 / {3(r - I)}) * [sum(l/dfi) - (l/dfT)] • 

It can be shown that C is always greater than 1. Furthermore, as r increases, C 

approaches 1; as dfi increase (Le., the number of subjects within each treatment 

condition increase), the value within [ . ] decreases, hence C approaches 1. 

For the calculations appearing in table 5.9, r equalled 8 and the dfi were 

approximately 17, hence C was roughly 1.0227, which explains the large number of 

degrees of freedom for f2. 
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