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ABSTRACT 

Traditional information-processing accounts of the reasoning process in 

radiology assixme that humans process the details of the input image in order to 

compute judgments. In these accounts, the development of expertise involves the 

acquisition of increasingly precise and complex internal problem representations that are 

based on a normal anatomy prototype. 

Fuzzy-trace theory predicts that accurate Judgments rely on the reasoners 

ability to ignore irrelevant detail, to retrieve relevant gist memories and to accurately 

instantiate the image information with respect to the internal representation. Fuzzy-

trace theory predicts that the development of expertise involves the ability to access 

and process less precise and complex internal representations (i.e., gist). 

The purpose of this study was to examine the internal representations used to 

make judgments in radiology and to quantify the changes in complexity of the internal 

representations, as well as the differences in time, accuracy and confidence that might 

be associated with experience. Thirty-five panicipants from general and specialized 

expertise samples were included in the study. Each participant was presented with 32 

chest films including films with precise disease patterns (mass category) and diffuse 

disease patterns (interstitial category). For each film, the participant made a series of 



19 

judgments (normal/abnormal; category; specific diagnosis) and then sketched the 

features that were essential to the judgments. 

The information content and complexity of the representations were calculated 

using an approach that considered the underlying meaning of the sketches rather than 

the surface form. The sketches were converted to propositions and the information in 

the propositions was evaluated in terms of possible world semantics. 

Time, accuracy, confidence and content measures supported the prediaion of 

fuzzy-trace theory that the internal representations are abnormality-based. Consistent 

with predictions regarding the acquisition and use of gist representations expertise was 

associated with greater improvements in accuracy for interstitial (as opposed to mass) 

films; accuracy was higher with interstitial films when judgments were less reliant on 

surface detail (normal/abnormal); and accuracy was higher for mass films when 

judgments were more reliant on surface detail (specific diagnosis). Complexity 

measures showed that the overall representations did not get more complex with the 

development of expertise. 
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CHAPTER 1 

INTRODUCTION 

The judgment and decision-making process in radiology is poorly understood. 

Although high variability in judgments and decisions based on radiographs have been 

documented for decades, little is known about the internal information that is used for 

diagnosis. Less is known about how changes in external information may improve 

diagnostic accuracy. As early as 1944, the newly formed Board of Roentgenology 

participated in an inquiry to judge the effectiveness and possible limitations of the chest 

radiograph as a diagnostic test (Garland, 1949). 

Each member [of the Board of Roentgenology] made independent 

interpretations of four sets of films and found to his astonishment 

that not only did he differ from his colleagues in apparently simple 

interpretations, but that he even differed with himself in a 

significant percentage of the same films which he read on two 

separate occasions (pp. 309-310). 

The Board of Roentgenology ordered an extensive and detailed investigation of 

the cause of the high error rates - an investigation that continues today. This 

dissertation reports the results an experiment conducted to test the principles of fuzzy-
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trace theory-a comprehensive theory of memory and its relationship to reasoning- in 

respect to the problem of judgment and decision making in radiology. By 

understanding the natiure of the diagnostic process, it may be possible to improve the 

zccuTzcy of judgments and decisions. Before introducing the study, I will briefly 

overview the problem and provide a historical backdrop for this work. 

Since Garland's study, research has focused on improving the film-based image 

that is used for diagnoses (e.g., Ravesz & Kundel, 1977; Samuel, Kundel, Nodine, & 

Toto, 1995; Berbaum et al., 1990; Swensson & Theodore, 1990). Numerous 

technological advancements have improved the quality of the film-based image. New 

image acquisition modalities (e.g., Computed Radiography, Computer-Aided 

Tomography, and Magnetic Resonance Imaging and advanced display technologies 

(e.g., high-resolution film, image processing) have replaced the simple chest 

radiography techniques available to the 1944 Board of Roentgenology. These 

technological advancements have made it possible to enhance image information, 

highlight suspicious regions to point out possible missed locations, sharpen edges and 

increase contrast to improve the visibility of an abnormality on a complicated 

backgrouncQ and to provide additional information that might enhance the perceptual 

and cognitive processes associated with judgment and decision making (e.g., 

demographic information, laboratory test results, radiological references). Although 

poor visibility of the abnormality was assumed by Garland and others (e.g., Abbey, 
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Barrett, & Wilson, 1996; Nodine & Kundel, 1987; Nodine, Kundel, Polikoff, & Toto, 

1987; Swensson & Theodore, 1990) to be a significant contributor to the high error 

rates associated with diagnostic decision making, the benefits of techniques that 

enhance the image quality to improve the visibility of abnormalities have not been 

rigorously demonstrated. For example, highlighting a particular feature or pointing 

out a suspicious region can resxilt in improved (e.g., Parker et al., 1982; Kundel, 

Nodine, & Krupinski, 1990) or decreased (e.g., Swensson, Hesse, & Herman, 1982; 

Swensson & Theodore, 1990) accuracy. Similarly, the presentation of additional 

information has had mixed results. For example, the addition of the patient's clinical 

information has been shown to increase (e.g., Berbaum, Franken Jr., Dorfman, & 

Barloon, 1988; D'Orsi et al., 1992; White, Berbaum, & Smith, 1994) or have no effect 

on (e.g., Cooperstein et al., 1990; Good, Cooperstein, & DeMarino, 1990; Swensson, 

1988) diagnostic accuracy. Despite the continued study, error rates in judgment and 

decision making in radiology remain relatively high (e.g., Hamer, Morlock, Fosley, & 

Ros, 1987; Kundel et al., 1990; Herman & Hesse, 1975). 

Although new image acquisition technology has been quickly adopted and 

used in radiology departments, the display of images for diagnosis has not 

fundamentally changed in the last fifty years. Radiologists continue to perform the 

bulk of the primary reading using film on a film-altemator or hght-box (e.g., Stewart, 

1994). Technology has advanced to a point in which it both technically and 
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economically feasible to radically change the manner in which radiologists perform 

diagnosis. However, radiologists remain reluctant to move from the film-based 

environment in which they were trained to the new digital display environment. Even 

though the digital displays have been shown to physically provide information that is 

comparable to film (i.e., adequate contrast and spatial resolution), many radiologists 

claim that digital displays do not adequately support the diagnostic process (e.g., 

Samuel et al., 1995; Ishigaki et al., 1996). So, although it is possible that new display 

technology may improve accuracy radiologists are reluaant to abandon the traditional 

methods with which they were trained. 

At the same time, changes in the economic infrastructure of the healthcare 

industry, particularly the shift from fee-for-service reimbursement systems to managed 

care systems, are forcing radiologists to provide their specialty services in the most cost 

effeaive manner possible. Two basic assumptions of managed care (Lloyd & Reyna, In 

Press) could have significant consequences for the praaice of radiology. First, the 

assumption that "less technology is better than more technology" (p. 10), has forced 

radiology departments to justify the need for added capital expenditures. It is no 

longer possible for radiology departments to replace existing technology without the 

ability to predict with a high degree of certainty that the new technology will actually 

improve either the accuracy of the test or the profit to the department. This reduces 

the ability of radiology departments to test new technology based only on a 



24 

supposition that it may improve the overall process. A fimdamental understanding of 

how the radiologist makes a diagnosis is necessary to predict whether new equipment 

will, in fact, be cost effective. 

A second assumption, that "specialists are more expensive than primary care 

physicians" (p. 10), may have even more serious effects on radiologists and radiology 

departments. "With the high error rates that are currently associated with radiological 

diagnosis, administrators may question the necessity for radiologists. Consistent with 

current trends in a managed care, physicians with general expertise in medicine but 

little specialized expertise in radiology may be required to perform primary diagnosis 

with images. It may be assumed that since all physicians have general expertise 

regarding human anatomy and pathology this knowledge can be effectively used to 

interpret films and perform primary diagnosis of radiographs. 

High error rates, technological advancements and changes in the economic 

infrastructure of the healthcare industry are increasing the need to understand the basic 

requirements of the judgment and decision making process in radiology. In the 

decades since Garland first called for an intensive investigation, several explanations 

(e.g., Berbaum et al., 1988; Lesgold et al., 1988; Nodine & Kundel, 1987; Swensson & 

Theodore, 1990), usually in the form of mathematically-based perceptual or 

information-processing models, have been developed that attempt to link inputs (i.e., 

the film under review) with outputs (i.e., the diagnosis). In these explanations, it is 
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assumed that humans, like computers, read the intricate details of the film under study 

and combine those details with their own complex internal knowledge representations 

to produce a diagnosis. In these explanations, errors in judgments and decisions are 

caused by perceptual factors such as inadequate feature filters, and improperly set firing 

thresholds on internal perceptual detectors (e.g., Berbaimi et al., 1990; Kundel et al., 

1990) or cognitive factors such as failure to trigger an appropriate knowledge structure 

or information-processing overload (e.g., Swensson & Theodore, 1990; Lesgold et al., 

1988; Nodine et al., 1987). 

These current explanations are based on the assumption is that the image 

details (i.e., corresponding to numerical pixel values) are consciously or subconsciously 

processed by the decision maker to arrive at a diagnosis. This assumption continues to 

underlie most current explanations of judgment and decision making in radiology 

despite a surprisingly weak, or at least unpredictable, link between the physical 

characteristics of the image and human decision making performance. Psychophysical 

research has found few consistent links between the features of the image and human 

performance in judgment and decision making (see Rehm, (1992) for an overview). 

For example, nodule size, contrast and complexity of the image are each only 

approximately 61% accurate as a predictor of human diagnostic performance (Ravesz 

& Kundel, 1977). Even when the features of the image have been enhanced using 

image processing techniques, little or no improvement in diagnostic performance is 
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seen (e.g., Rehm, 1992; Rosenthal et al., 1990). Likewise, mathematically-based model 

observer algorithms fail to reliably predia the accuracy of human observers (e.g., 

Wagner, Meyers, Hanson, Brown, & Anderson; Feite, Barrett, Smith, & Meyers, 

1987). For example, a comparison of several model observer algorithms found that a 

Channelized (three-channel) Hotelling Observer with Overlapping Difference-of-

Gaussian Profile algorithm performed closest to the aaual human observer. The 

simple task compared in this study was that of locating a uniform-sized gaussian bump 

confined to a single location in the center of an image when only the background was 

varied from fixed to lumpy (Abbey et al., 1996). Although its performance is closest to 

that of the human, the Channelized Hotelling Model Observer "is not yet a predictive 

tool" (p. 55). In fact, Abbey and co-authors state that "the ability of these [model] 

observers to predict human performance in a wide range of detection tasks remains to 

be seen" (p. 56). 

Since even the most sophisticated mathematical processing algorithms fall 

short of describing human performance in di^nosis, explanations of judgment and 

decision making in radiology rely on elaborate internal knowledge structures to 

explain human performance in the diagnostic process. In these accoimts, the 

knowledge structure usually has as its foundation a prototype of the normal anatomy 

(e.g., Nodine & Kundel, 1987; Berbaum et al., 1986; Swensson & Theodore, 1990; 

Lesgold et al., 1988) and, although the size and complexity of the knowledge structiu-e 



27 

varies depending on the explanation, the structure may also contain representations of 

disease, disease filters, and rules for locating abnormalities. In these explanations, 

information contained within the internal knowledge structure of the expert drives the 

mathematical or information processing required for diagnosis. 

Fuzzy-trace theory (see Reyna & Brainerd (1995) for a recent overview) 

provides an alternative view of judgment and decision making. According to fuzzy-

trace theory, acoirate performance relies on the reasoner's ability to encode, access and 

effectively use qualitative memory representations (e.g., Reyna, 1991; Reyna, 1992; 

Reyna & Brainerd, 1993). In reasoning tasks outside the area of diagnostic radiology, 

researchers have consistently found that when confronted with a task, the reasoner 

simultaneously encodes multiple independent internal representations of the problem 

(e.g., Reyna & Ellis, 1994; Reyna & Kieman, 1994; Brainerd & Reyna, 1995). These 

independent representations form a continua from verbatim representations to gist-like 

essences of the problem. For example, when faced with a transitive inference task (i.e., 

the red stick is longer than the blue stick, the blue stick is longer the white stick) the 

reasoner will encode the exaa details of the problem (i.e., the wording of the premise 

information) as well as other, less detailed, essences of the problem (i.e., the sticks are 

getting shorter). In these tasks, a gist-processing preference has also been noted. That 

is, the reasoner will use the least detailed internal representation possible to solve the 

problem. So depending on the specificity of the question, the reasoner may tap 
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different independent memory representations to reach a solution. The encoding of 

multiple internal representations, the verbatim-to-gist continua, as well as the gist 

processing preference have been found in tasks such as transitive inference (e.g., Reyna 

& Brainerd, 1990), risky decision making (e.g., Reyna & Ellis, 1994), probability 

judgment (e.g., Reyna & Brainerd, 1994), class-inclusion reasoning (e.g., Reyna, 1991) 

and other tasks. 

Based on these and other theoretical principles, fuzzy-trace theory predicts that 

accurate judgment and decision making in radiology involves the ability to encode, 

access and use simple but relevant abnormality-based representations. Rather than 

processing the exact details of the image, reasoners recognize simple, but relevant, gist 

representations to arrive at a diagnosis. Thus, accurate reasoning is the result of the 

reasoner's ability to access and use the correct qualitative representation while 

suppressing the less relevant details of the problem. 

The purpose of the study reported here is to understand the form and content 

of the internal information representations used in judgment and decision making in 

radiology. To do this, the representations used by novice physicians and physicians 

with little or no specialized training in radiology will be compared to those of expert 

radiologists. Two samples will be studied to answer two separate but related sets of 

questions. First, to better understand the development of expertise, physicians with 

varying levels of specialized training in radiology will be studied. Second, to 
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understand differences that may be attributed to general and specialized expertise, 

physicians with little or no specialized training in radiology will be compared to expert 

radiologists. 

Information processing explanations of judgment and decision making describe 

the development of expertise as the acquisition of more elaborate knowledge structures 

that guide cognition. In addition, such explanations tend to characterize more 

advanced processing as more precise and more complicated. Fuzzy-trace theory 

predicts the opposite. Since accurate reasoning relies on the ability to encode, access 

and use simple problem representations, the development of expertise will involve the 

processing of simpler, but relevant, internal representations. 

Chapter 2, A Selective Review of the Literature provides a more detailed 

overview the current explanations of radiological decision making with a specific focus 

on how these explanations account for error and the internal information 

representations used to arrive at a diagnosis. Next, there will be a more detailed review 

of fuzzy-trace theory and its theoretical predictions for the development of expertise in 

radiology. Since a principal difference between the current explanations of judgment 

and decision making and the theoretical predictions of fuzzy-trace theory stems from 

the complexity of the internal information structures used in reasoning, it is necessary 

to quantify the information contained within the structures. The final section of 

Chapter 2 will review a concept of information that allows an objective measure of the 



30 

complexity of information regardless of the media in which the information is 

represented. Chapter 3 will describe the methods of the experiment conducted to test 

the theoretical prediaions of fuzzy-trace theory. Chapter 4 details the results of the 

experiment. The final chapter, Chapter 5, will discuss the implications of the findings 

in terms of the contrasting theoretical prediaions. The final portion of the chapter 

will discuss some areas of future work. 
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C H A P T E R  2  

SELECTIVE REVIEW OF THE LITERATURE 

Before beginning the selective review of the literature I will briefly overview 

the diagnostic process for the interpretation of chest radiographs as it is generally 

taught to residents (e.g., Reed, 1987; Weissleder & Wittenberg, 1994; Maurice M. 

Reeder, 1997). 

A Canonical View of the Reading Process 

Features on a radiograph are shadows of human anatomy and pathology. 

Because they are mere shadows, there may not be a one-to-one correspondence 

between the shadow on the film and the object that produced the shadow. For 

example, a throat lozenge in a patient's shirt pocket may produce a shadow identical to 

a tumor in the lung. To contend with this type of ambiguity and to decrease the lack 

of internal consistency in judgments, residents are to taught interpret radiographic 

images using a method of triangulation (e.g., Reed, 1987; Maurice M. Reeder, 1997). 

The triangle illustrates the interdependence of the different types of information that 

should be considered during the interpretation of the radiograph. The sides of the 

triangle contain three types of information relating to the film: (1) the disease pattern 

that is perceived from the image; (2) the differential diagnosis list pertaining to the 
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disease pattern; and (3) the technical, clinical, and demographic information relating to 

the patient and the radiograph under review. Information from one side of the triangle 

defines or enhances the possibilities for the other sides of the triangle. For example, a 

pattern of decreased pulmonary markings might be considered normal for an elderly-

patient but could be interpreted as emphysema in a 42 year old smoker. Although 

information from the sides of the diagnostic triangle feed into one another, residents 

are taught to examine the film first, to extraa a pattern or feature, and then to consider 

disease pathology and related patient information to confirm the pattern and to 

provide a more specific diagnosis. It is generally taught that information about the 

patient's condition can bias the judgment. 

The effect of information on the accuracy of a diagnostic judgment has been a 

long standing matter of debate. Lusted (Lusted, 1960) argued that consideration of 

clinical information was necessary early in the diagnostic process. Lusted proposed 

that errors in judgment and decision making occurred when decision makers failed to 

consider all possible diagnoses for a disease pattern (i.e., the second and third sides of 

the diagnostic triangle). He argued that perceiving the image on the film provided 

uncertain information to the decision maker. Incorrect or missed diagnoses were 

generally, in his view, the result of the decision maker's failure to consider all possible 

causes for the pattern that had been perceived in the image. Later in this chapter, I will 

overview a current explanation of judgment and decision making that argues, like 
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then perception. 

On the other side of the debate, Tuddenham (Tuddenham, 1962) asserted that 

perception rather than cognition was the major cause of missed or inaccurate diagnosis: 

error was caused by incorrea information on the first side of the diagnostic triangle. 

Tuddenham concluded that perception must be the cause of error because, when the 

relevant disease pattern was pointed out, physicians who had previously made 

incorrect judgments were able to correctly diagnose the disease. Since the physicians 

possessed both the knowledge and reasoning ability necessary to arrive at a diagnosis, 

errors could not be attributed to faulty decision making. Tuddenham asserted that 

since "...expert physicians 'miss' 25 to 30 per cent of 'positive' chest roentgenograms 

under conditions in which their errors must be largely due to failures of perception.... 

One cannot interpret a shadow he has not perceived, and failxire of perception must, 

therefore, accoimt for a substantial fraaion of ail of our diagnostic errors." (p. 694) 

Three current explanations of judgment and decision making in radiology that follow 

from the findings of Tuddenham will be reviewed later in the chapter. In these 

explanations, errors in diagnosis are attributed almost entirely to errors perceiving the 

relevant patterns within the image. 

Several experimental manipulations have been used to study judgment and 

decision making in radiology including: image processing enhancements (e.g., Rehm, 



34 

1992; Ravesz & Kundel, 1977), highlighting specific regions of the film (e.g., Swensson 

& Theodore, 1990; Parker et al., 1982), the addition of clinical information or previous 

radiological images (e.g., Berbaum, Franken Jr., & Smith, 1985; Berbaiun et al., 1988; 

Swensson, 1988; Cooperstein et al., 1990; Good et al., 1990), and increasing the 

number of abnormalities in an image to study the underlying mechanisms associated 

with visual search (e.g., Berbaimi et al., 1990; Samuel et al., 1995). In many of these 

experimental conditions expert performance is compared to that of novices (Herman 

& Hesse, 1975; Christensen et al., 1981). Many stable findings that have resulted from 

these experimental measurements. First and foremost is the finding that a high 

percentage of correct diagnoses occur almost immediately (e.g., Nodine & Kundel, 

1987; Christensen et al., 1981). Lusted (Lusted, 1960) described this finding with the 

following anecdote. 

During the first year of my residency training I had occasion to ask 

my chief, Dr. Robert Stone, how I could be sure of the accuracy of 

my roentgen diagnosis. In the course of our discussion he told me 

about his former chief, Dr. Howard Ruggles, an excellent 

diagnostician who was able to make a high percentage of correct 

diagnoses after a brief examination of the films. Sometimes 

physicians felt that Dr. Ruggles' ready diagnoses were perhaps not 

too reliable and they might ask: "Dr. Ruggles, what makes you 

think this shadow is a metastatic lesion.^" To which his just as ready 

reply would be: "Because it looks like it!" All of us to some extent 
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make diagnoses in this way, and often it is difficult to describe the 

many possible variations of cenain lesions, (p. 178) 

This fast recognition of the abnormality and almost instantaneous diagnosis 

combined with the reasoner's inabiUty to precisely describe the specific details that 

activated the diagnosis, is a finding common to several areas of medical expertise and 

referred to by physicians as "Aunt Minnie". Black (Black, 1992) relates the story of 

Aunt Minnie. 

"How do you recognize your Aunt Mirmie?" it goes. "You probably 

couldn't describe her features, but when you see her you instantly know 

it's old Aunt Minnie. It's that recognition that keeps you from hugging 

strangers in the railroad station." "Aunt Minnie" is generally used to 

answer students who ask how an experienced physician has just 

identified the "obvious" from among the dozen possibilities on the 

student differential, (p. 175) 

The finding that some diagnoses occur immediately while other take minutes 

longer is a phenomenon that defines the boundaries of airrent explanations of 

judgment and decision making in radiology. In addition to this finding, experimental 

measurements have resulted in other tenable findings that further fix the limits of the 

current explanations. One finding relates to the types of errors made by novices and 

experts. When given a perceptual task—a task in which the stimulus used contains a 

higher incidence of subtle abnormalities than would typically be present in a normal 

reading environment—both novices and experts make both false positive and false 

negative judgments. For both experts and novices the false positive rate is generally 
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liigher than the false negative rate, (e.g., Hu, Kundel, Nodine, Krupinski, & Toto, 

1994; Kundel et al., 1990; Berbaum et al., 1990). Novices have extremely high false 

positive rates (in perceptual tasks it is common to find false positive rates near .50) 

accompanied by high false negative rates (e.g., Krupinski et al., 1994; Hu et al., 1994). 

With the development of expertise, both the false positive and false negative rates 

become lower. Experts make few false negative Judgments and are much more likely 

to make a false positive judgment. However, when making a false negative judgment, 

it is likely that both experts and novices have fixated on the lesion for an extended 

period of time (relative to the time spent fixating on non-lesion areas) (e.g., Nodine et 

al., 1987; Krupinski et al., 1994). 

Other common findings include: expert radiologists are faster and have more 

accurate diagnoses than novices (e.g., Herman & Hesse, 1975; Christensen et al., 1981; 

Ishigaki et al., 1996); normal judgments take longer than abnormal judgments for both 

experts and novices (e.g., Samuel et al., 1995; Christensen et al., 1981); and experts' 

search strategies are more directed and efficient than novices (e.g., Kundel & LaFolIette 

Jr., 1972; Hu et al., 1994; Krupinski et al., 1994; Kundel, Nodine, & Carmody, 1978). 

The current accoxmts of judgment and decision making in radiology-both those 

that describe error in terms of cognitive failures and those that describe error in terms 

of perceptual failure-have common elements. First, these accounts describe cognition 

in the terms of information-processing. They assxime that the mind, like a computer, 
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processes that combine inputs and knowledge to produce judgments and decisions are 

reliable. As a result, these models expect that a given input combined with a given 

knowledge structure will reliably and repeatedly produce the same output. 

Information-processing overload is assvuned to be the primary cause of the lack of 

internal consistency noted by Garland and others (e.g.. Garland, 1949; Lusted, 1960). 

Second, current accounts describe the internal information representation as being 

based on a normal anatomy prototype. Because novices have extremely low accuracy 

detecting normal images (i.e., high false negative rate) it is assumed that what must 

develop as a result of specialized training and experience is a better prototype of 

normal anatomy. Third, because some abnormalities are instantaneously recognized 

while other abnormalities are only detected after a extended search, current accounts 

describe judgment and decision making in radiology as the product of a two-phase 

process. In the first phase, the input image is compared with the reasoner's normal 

anatomy prototype. At times, gross departures from the prototype are immediately 

processed and judged. Other more subtle abnormalities and suspicious regions are 

passed to the second phase of processing for further analysis. 

In the following sections, I will overview current perceptual and cognitive 

information-processing models of judgment and decision making in radiology followed 

by a overview the principles of fuzzy-trace theory. I will then use the theoretical 
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principles of fuzzy trace theory, along with previous findings in radiology, to describe 

the form and content of the internal information representations that are prediaed to 

be used to arrive at judgments in radiology. Since many of predicted differences 

between fuzzy-trace theory and the oirrent accovmts hinge on the complexity of the 

internal information representation used for judgments, in the final section of this 

chapter, I will overview an information theory that allows the objective measure of 

information. This information theory will be used as a metric for comparison of the 

important predictions of the study. 

Perceptual Explanations for Judgment and Decision Making in Radiology 

Kundel and Nodine explain the cognitive side of visual search in radiology in 

terms of a four-stage serial model (Nodine & Kundel, 1987). This model was first 

developed to describe the task of locating lung nodules in plain-film chest radiographs. 

It has since been used to describe other tasks including deteaion of diverse chest 

abnormalities (Samuel et al., 1995), mammography (Kxupinski et al., 1994), and 

orthopedic radiology (Hu et al., 1994). 

Figure 1 graphically represents the cognitive processes and information flows 

of the radiological decision making process according to Kundel and Nodine's model 

(Nodine & Kundel, 1987). The four-stages, listed in the order in which they funaion 

within the model are: global impression, discovery search, foveal verification, and 

reflective search. The global impression stage is frequently described by Kundel, 
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Nodine and co-authors (e.g., Nodine & Kundel, 1987; Samuel et al., 1995; Hu et al., 

1994; Krupinski et al., 1994) as the stage in which the film imder study is compared 

with the decision maker's internal prototype normal chest representation. This 

comparison results in the location of possible targets that will be fully examined in 

subsequent processing stages'. The global impression stage is primarily active within 

first two seconds of the decision making process. If no immediate diagnosis is made 

during the global impression stage, possible targets are sent to discovery search for 

further processing. Discovery search has two main processing functions. First, it 

applies further coarse screening to the targets received from the global processing phase 

in an attempt to acquire sufficient information to reach a final diagnosis. The 

discovery search process also uses coarse screening to detect abnormalities that were 

not flagged in the global impression stage. Output from discovery search is sent to 

foveal verification. Fovea! verification acts as a driver in this model operates by 

redirecting information flows to any other processing stage in the model. If high-level, 

global information is required, foveal verification shifts cognitive processing to the 

global impression stage. If finer-grained information is required, foveal verification 

shifts processing to discovery search. 

' Alternatively, the same authors occasionally describe the global impression stage as a parallel comparison of the 
features within the film to the decision maker's stored representations of abnormal (e.g., (Nodine et al., 1987)). 
Recent publications however, cite the Cognitive Side of Visual Search (Nodine & Kundel, 1987) paper which 
describes this phase as a comparison to the normal chest prototype. 



40 

Global Impressioi 
Pnor Knowledge 
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PHASE 2 

Discovery Search 
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Need more 
Jnformationlrf 

Post Search Recal Decision 

Figure 1. Process and flow of Kundel & Nodine's model (Nodine & 
Kundel, 1987) of decision making. 

If prior knowledge is required, foveal verification shifts to prior knowledge. However, 

the bulk of the interaction occurs between foveal verification and reflective search. 

Reflective search receives input from foveal verification and, through finer grained 

sampling builds up sufficient perceptual information to identify an ambiguous target. 

A fifth stage, post-search recall, is also included to describe judgment and decision 

making in the laboratory. During post-search recall the decision maker has no access 
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to new input and must recall information from memory (although he or she receives 

no input from prior knowledge). Finally, post-search recall feeds directly into a final 

decision which also receives input from prior knowledge. 

In this model, processing is driven by the quest for additional information 

and is directed by the foveal verification process. Errors result when the input 

stimulus has been inadequately sampled producing insufficient information to 

correaly interpret an abnormality. The foundation for this model follows directly 

from the perceptual explanations proposed by Tuddenham (Tuddenham, 1962) who 

noted "...to perceive the roentgen shadow encountered through our search efforts, its 

pattern of brightness must be translated into a pattern of neural activity at the 

observer's retina" (p.695). Since error could not be attributed to faulty knowledge or 

lack of reasoning ability, Tuddenham assumed that errors must be due to faulty input 

to the overall system. Specifically, Tuddenham attributed the error to the physical 

limitations of the human visual transmission system. As a limited capacity 

communication channel, the visual system is incapable of transmitting all of the 

information during a single foveal fixation. Because of the channel's limitations, visual 

stimuli is compressed for transmission. Tuddenham assumed that the compression 

occurred by sending only fragments of the stimuli for consideration by the decision 

maker. "Meaning is ascribed to this incomplete representation of the retinal stimulus 

pattern by matching it with our memories of previous visual experiences, and 
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perception is thought to occur when the transmitted pattern is identified with and 

completed from one of those traces of memory." (p.697) In other words, the fragments 

of the image are reconstructed based on the reasoner's knowledge. If it can be shown 

that the reasoner has the requisite knowledge (i.e., if he or she can identify the pattern 

when it is highlighted) then errors must be due to faulty scanning of the input. 

Specifically, that the wrong fragments of the image are sampled by the low-level visual 

processes and sent to the higher-level recognition processes. According to Tuddenham, 

and more recently Kundel, Nodine and others (e.g., Carmody, Kundel, & Toto, 1984; 

Hu et al., 1994; Kundel & LaFollette Jr., 1972; Kundel et al., 1978; Nodine & Kundel, 

1987; Samuel et al., 1995; Krupinski et al,, 1994) the underlying mechanisms that drive 

the visual processes define the scanning path of the fovea. In separate publications, 

Kundel and Nodine speculate that several cognitive agents might be responsible for the 

activity of foveal verification including: subconscious processes such as attention 

(Kundel & LaFollette Jr., 1972) and vigilance (Samuel et al., 1995); cognitive schema, 

knowledge and expectations (Nodine & Kundel, 1987); and peripheral visual input 

(Nodine et al., 1987). 

According to Kundel and Nodine's model, the development of expertise 

involves the acquisition of a better normal prototype. In addition, the reasoner is 

developing other knowledge structxure and processes including, feature filters and 

concepts of abnormatility. Kundel, Nodine, and others extend the role of knowledge 
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in judgment and decision-making in radiology to include the knowledge that is 

contained within sampling distributions. Sampling distributions contain information 

regarding the optimal scarming patterns and judgment errors occiu- when reasoners 

ineffeaively scan the image and develop with expertise. However, when analyzing eye-

movements associated with error, Kundel and Nodine (e.g., Nodine et al., 1987) find 

that for approximately 70% of false negative judgments the lesion was scanned by the 

effective portion of the visual field and of the false negative areas that were scanned by 

the effeaive ponion of the visual field 65% were scanned for at least the amount of 

time normally associated with true positive judgments. So, it appears that the scanning 

path for correct and incorrect judgments are similar. In this type of case, where faulty 

scanning paths do not explain error, Kundel and Nodine and others (Kundel et al., 

1978) attribute error to information-processing overload. However, as mentioned in 

the introduction chapter of this dissertation, details within the input stimuls (both in 

the pixel-level details and characteristics of normal or abnormal features) fail to predict 

when information-processing overload might occur. After decades of research Kundel, 

Nodine and others continue to maintain (Samuel et al., 1995) that "the reason 

radiologists miss radiographic abnormalities remains unclear..." (p. 901). 

Two other perceptual explanations of judgment and decision-making in 

radiology use the same general structure as is specified in Kundel and Nodine's model, 

but specify slightly different causes of error. Berbaum (Berbaum et al., 1988; Berbaum 
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et al., 1990) and Swensson (e.g., Swensson, 1988; Swensson & Theodore, 1990) also 

explain judgment and decision making as a two-phase process. Like Kundel and 

Nodine's model, in the first phase of processing, the film under review is compared to 

the reasoner's normal anatomy prototype. Perceptual mechanisms identify gross 

departures from the normal anatomy prototype. These gross departures and other less 

obvious suspicious areas are forwarded to the second-phase of processing for explicit 

evaluation. Likelihood estimates produced as an additional output of the perceptual 

processes are also forwarded to the second phase of processing. In the second-phase, 

the likelihood estimates are tested against the reasoner's decision thresholds to arrive at 

judgments. A criterion rating higher than the decision threshold produces and 

abnormal judgment; a lower criterion produces a normal judgment. 

Although Berbaxmi's and Swensson's explanations assume that the same 

mathematical decision-making process is used to produce judgments, each explanation 

accounts for variability in outcomes differently. Berbaum theorizes that the perceptual 

processes are more flexible and account for variance in judgments. In his model, 

manipulations that improve judgments actually improve the perceptual mechanisms' 

ability to produce a useful decision criterion. Swensson, on the other hand, sees 

perceptual processes as being rigid and theorizes that changes in judgment accuracy are 

the results of shift in the decision thresholds by which the criteria are judged. 
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Berbaum, Swensson and others have conducted numerous experiments to tease 

apart the locus of the error (e.g., Berbaum et al., 1988; Berbaum et al., 1990; Hu et al., 

1994; Krupinski et al., 1994; Swensson, 1988; Swensson & Theodore, 1990). Until 

recently, experimental results have generally supported the hypothesis that shifts in the 

decision threshold alone could explain differences in performance. However, a recent 

series of experiments provides an increasing body of evidence that changes in 

performance can often not be attributed to the shifts in the reasoner's decision 

threshold. Berbaum (e.g., Berbaum et al., 1986; Berbaum et al., 1988; White et al., 

1994) has conduaed a series of experiments in which clinical information is added as a 

controlled experimental manipulation. The results of these studies indicate that access 

to clinical information increased the accuracy of diagnostic judgments by increasing the 

true positive rate while having no effect on the false positive rate. This asymmetric 

increase in the true positive and false positive rates rules out the possibility that the 

overall improvement was merely the result of a shift in the decision threshold. Since 

no mathematical decision model (except one with two or more free variables) can 

adequately explain the outcomes of these experiments, Berbaum assumes that increases 

in performance are due to improved input to the system. He presumes that the 

mechanisms (i.e., percepts) responsible for low-level perception of the image 

accumulate strength based on both information gathered from the image as well as 

information supplied by higher-level cognitive processes. Once the percept has 
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acquired sufficient strength, it passes the information regarding the abnormality 

including a likely diagnosis and decision criterion to the perceptual decision making 

process. Thus, the addition of non-image information provides input to the perceptual 

mechanisms and actually improves perception of the image. 

All three of these perceptual models are based on years of empirical evidence 

that, while producing some repeatable findings, fail to completely describe human 

judgment and decision-making performance. Since human judgment and decision 

making are assumed to be consistent and reliable these models fail to adequately 

account for the problems with internal consistency noted by Garland and others. 

When no mathematical model can accovmt for variance in human performance, the 

variance is attributed to the low-level perceptual mechanisms that provide input to the 

system. Kundel, Nodine and others assume that the knowledge structures that drive 

the visual processes must be responsible for changes in outcomes. Swensson suggests 

that variance is caused by shifts in the decision thresholds used to arrive at judgments. 

However, Swennson's decision threshold explanations fail to explain recent results (see 

Berbaum & Franken Jr. (1991) for an overview). Berbaum attributes judgment 

variability to the low-level mechanisms responsible for perception. 

Cognitive Explanations for Judgment and Decision Making in Radiology 

Cognitive theories are similar to the perceptual models described above in that 

they assume that the mind is like a computer and as such, it contains processes that 
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combine the details of the task with the reasoner's internal knowledge structtires to 

derive judgments and decisions. However, the emphasis of the cause of the variance in 

judgment is different between perceptual and cognitive models. Where perceptual 

models attribute variance to errors in the low-level perceptual mechanisms (the visual, 

perceptual decision making processes and the low-level knowledge that drives vision), 

cognitive theories describe variance in terms of the differences in the higher-level 

knowledge structures that guide cognition (Alba & Hasher (1983) provide a critical 

review). A wide range of tasks have been studied to attempt to understand the 

knowledge and the mediating cognitive processes that operate on the knowledge for 

specific reasoning tasks, such as inferential reasoning (e.g., Lindsay, 1995; Trabasso, 

1977), problem solving (e.g., Simon, 1975; Larkin & Simon, 1987; Vicente, 1992) and 

errors in decision making (e.g., Tversky & Kahneman, 1983). The common factor 

among these accounts is the presumption that memory capacity, the organization of 

the memory structures and the specialized processes that access and use these memory 

structures are responsible for high-level skill and expertise. In this section I will 

overview a cognitive theory that describes the task of judgment and decision making 

in radiology that has been proposed by Lesgold (Lesgold et al., 1988). 

According to the cognitive explanation for radiological judgment and decision 

making proposed by Lesgold (Lesgold et al., 1988), expenise in radiological judgment 

and decision making is based on the abihty to construCT a complex knowledge 
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structure that represents the information required to form a judgment or decision. 

Each disease (or possibly group of related diseases) has its own schema. The schemata 

are based on the normal anatomy prototype. This prototype provides an isomorphic 

struCTure that contains the information and processes that are used to make a diagnosis. 

The information that Lesgold assiunes is contained within the structures comes from 

several distinct bodies of knowledge including physiology (i.e., changes in funaion 

that might be associated with the disease), anatomy (i.e., the appearance of the disease), 

medical theories of disease (i.e., any commonly co-occurring conditions), and the 

projeaive geometry of radiography (i.e., how changes in the placement of the imaging 

tube might effect the appearance of the disease). Each disease schema may also contain 

attached procedures, or localization rules, for determining where the abnormality 

resides. In addition to the knowledge and processes, every schema also has a set of 

prerequisites or tests that will cause it to be invoked during processing and a related set 

of confirming or refuting tests that will be used to verify the output of the process (i.e., 

the judgment). 

In Lesgold's model, the reasoning process is multi-staged. First, the film under 

review is scanned for cues that invoke a particular disease schema. Once a schema is 

invoked it becomes the cognitive driver that guides the reasoning process. The goal of 

the reasoning process in the task of radiological decision-making is to use the 

knowledge contained within the schema to assign the features within the input image 
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to the interaally represented normal anatomy prototype. The "left over" features that 

are not assigned to the normal prototype are those features that are considered 

abnormal. At times, the normal areas are assigned quickly to the prototype and an 

obvious abnormality is "left over" resulting in an immediate abnormal judgment. If no 

immediate judgment is produced, further cues within the input image invoke the 

schema's localization rules. The localization rules can communicate with the 

perceptual mechanisms to request more information about the input stimulus. 

Processing continues while the schema proceeds to acquire all of the information 

necessary to reach a diagnosis. Intermediate diagnoses are processed using the 

confirming or refuting tests. These intermediate diagnoses may be rejected forcing the 

reasoner to invoke a new schema and to begin acquiring the information necessary 

within the new struaure. 

Lesgold has developed his model based on the general principles of information-

processing accounts of cognition (i.e., that complex knowledge structures guide 

reasoning), on the findings from perceptual research discussed above, and on a series of 

experiments that he conducted with novice and expert radiologists. His experiments 

involved a naturalistic task in which radiologists and radiology residents viewed a set 

of images and described their thought processes using a "think-aloud" protocol. They 

also defended their judgments by high-lighting the regions of the films that were 

judged as abnormal. Lesgold found that experts were more acctu^te and efficient than 
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novices. However, the increase in judgment accuracy was not directly related to 

experience because there was a temporary decrease in accuracy late in the residency 

program. In this same experiment, Lesgold found that experts expressed more 

knowledge (i.e., they had more findings, causes, effects, the longest reasoning chains, 

the biggest information cluster, more different information clusters, and more 

connected findings) suggesting that the development of expertise involved the 

development of more elaborate and complete schemata. He also found that the 

acquisition of knowledge was directly related to experience. 

When looking at the possible cause of error, Lesgold foimd that as predicted by 

his account and other cognitive theories, some errors were due to the reasoner's lack of 

knowledge. In these cases, the subjects either did not report ail of the facts related to 

the correct diagnosis or reported incorrect statements about the diagnosis. However, 

Lesgold had a number of other findings that did not follow as clearly from the model 

of judgment and decision-making that he had specified. First, although some of the 

errors made by subjects in his experiments could be attributed to incomplete 

knowledge, in many instances he found that knowledge deficits could not explain 

error. In these cases, he found that both experts and novices possessed the relevant 

information—they expressed the correct details in the think-aloud protocols—but they 

did not give the correct diagnosis. Even though the verbal responses indicated that the 

reasoner had noticed all of the relevant information, he or she failed to activate the 
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appropriate schema. Then, having activated an inappropriate schema, the reasoner 

failed to refute the schema even when he or she reported facts that were contradictory 

to the diagnosis contained within the schema. These findings seemed to show that 

(contrary to what would be predicted by his theory) the verbalizations captured during 

the "think-aloud" protocol do not always reflect the judgment and decision-making 

process (i.e., reasoners reported the facts correctly but failed to use the facts in the 

reasoning process). Also, the findings described above the differences noted between 

the development of expertise (i.e., the acquisition of knowledge was a monotonic 

function of experience while increases in acciu^cy were not direaly related to 

experience) could not be described by his theory. 

To account for the dissociation between the verbal information and the 

reasoning process, Lesgold added some assumptions to his model. He theorized that 

the acquisition of expertise involves the development of two separate processes: 

perception and cognition. Moreover, he proposed that the development of expertise in 

radiology begins with the acquisition of perceptual acuity, followed by the 

development of the necessary schemata and related cognitive processes that operate on 

the contents of the schemata. Since cognitive and perceptual activity occur in parallel, 

and thus rely on the same internal processing resources, conflicts over resources will 

sometimes occur. Lesgold assumed that since perception is learned first, it is the 

stronger of the competing processes. At times, perceptual processing will squeeze out 



the less puissant cognitive processes resulting in error. Thus, errors that occur when 

the requisite facts are known to be present (i.e., had been mentioned in the think-aloud 

protocol), are concluded to be due to an overload of the resources shared by perception 

and cognition (i.e., working memory). Lesgold argued that at some point in the 

development of expertise the cognitive processes become as strong as the perceptual 

processes and the reasoner begins to rely more heavily on the more sophisticated (and 

more complex) capabilities of the higher-level cognitive processes. Lesgold theorizes 

that this perception-to-cognition shift occurs late in the residency program and can be 

used to explain the dip in judgment accuracy by advanced residents. Early in 

development of expertise, residents rely completely on the output of the perceptual 

processes and consequently are confined to the diagnostic choice with the highest 

probability of occiirrence that is associated with a particular finding. Later, the 

resident learns to access and consider multiple possible diagnoses that might be related 

to a particular finding. At the same time, he or she begins to acquire the ability to 

process each of the possible diagnoses in combination with its probability of 

occurrence to arrive at a final judgment. Diuing the transitional period the old 

processes that had previously coincidentally proved to have a high incidence of 

acau*acy (because they represented the highest probability diagnosis) are replaced with 

new imsophisticated processes that, imtil praaiced, may be higher in error. 
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The resxilts of this study are an example of the lack of a strong relationship 

between the verbalizations recorded during the "think-aloud" protocols and skill in 

performing a task. This type of a dissociation is a widespread finding (e.g., deGroot, 

1978; Patel & Groen, 1991; Ericsson & Smith, 1991; Lesgold et al., 1988). However, 

despite the common finding of independence between the resiilts of the "think-aloud" 

protocols and reasoning, the verbalizations acquired as a result of "think-aloud" 

protocols are assumed to provide a window to the inner workings of reasoning and are 

commonly used to understand the reasoning process. The "comparison of think-aloud 

verbalizations by experts and novices is the best-known method of assessing differences 

in the mediating processes as functions of the subjects' level of expertise..." (Ericsson & 

Smith, 1991; p. 20). 

In summary, theories regarding reasoning and decision-making in radiology 

are based on the "mind as a computer" metaphor. In these computationally-based 

theories, reasoners develop elaborate knowledge structures and increasingly complex 

processes that operate directly on details contained within the internal structures. In 

radiology, these stored knowledge structures are based on the normal anatomy 

prototype. In a first phase of processing, the image under review is compared to the 

stored prototype of normal resulting in an immediate impression of disease or a list of 

suspicious regions within the film that will be considered later in the process. Other 

information and processes are also related to the internal representation of the normal 
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anatomy prototype including: abnormal feature filters, diagnostic information, 

decision rules, and processing algorithms. This stored information is systematically 

combined with input from the film under review and the inputs and stored memories 

are processed to form a diagnosis. Information-processing overload (i.e., short-term or 

working memory overload) is used to account for errors that occur in the perceptual 

processes (i.e., when the reasoner fixates on an abnormality for an extended period of 

time but fails to make a correct diagnosis) and in the cognitive processes (i.e., when the 

reasoner expresses a fact but does not use the knowledge to make a correa diagnosis) 

when there is evidence that the user has the appropriate information to make the 

correct judgment but fails to do so. 

Fuzzy-trace Theory 

Since information-processing theories have been developed using the computer 

as a metaphor to describe human cognition, characteristics of computer information 

processing have also been assumed to be true of human information processing. For 

example, because computers must process precise information (both as the input to the 

system and in the internal data structures), it is assumed that humans must also process 

the precise verbatim details of a task to arrive a judgments and decisions. At the same 

time, many of the incidental side-effects that resxxlt from the physical charaaeristics of 

computer architecture are also related to human cognition. Most notable, is the use of 

resource overload (e.g., short-term or working memory capacity limitations) to explain 
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failures in processing. However, as described above, many of the experimental 

findings in radiology (and other tasks) often show that memory for the details 

associated with the task (e.g., the pixel values of the image, facts that are reported 

during the "think-aloud" protocols) are often not related to reasoning performance. 

Fuzzy-trace theory was motivated by the need for a plausible explanation for this 

dissociation (Reyna, 1992). Fuzzy-trace theory is a comprehensive account of memory 

and reasoning that has evolved based on a body of evidence that has consistently 

shown that memory and reasoning performance are often independent. In this section 

I will briefly describe some significant findings that predate fuzzy-trace theory and 

motivated its development. I will then give a brief overview of the principles of 

fuzzy-trace theory that are important to this study. 

Brainerd and Kingma (1984) published a series of eight experiments in which a 

simple modification of the standard transitive inference task was used to test the 

relationship between memory and reasoning. In this experiment, the premise items 

involved a series of pairs of sticks that varied imperceptibly in length. The reasoners 

were told about the relationships between adjacent pairs, for example, "The red stick is 

longer than the white stick; the white stick is longer than the blue stick". After 

presentation of the premises, the reasoner was asked an inference question about 

nonadjacent items, such as, "Is the red or blue stick is longer". Brainerd and Kingma 

modified the standard procedure by adding a memory question about the adjacent 
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relationships. They then tested whether success on the inference question was in any 

way related to success on the memory question (i.e., they measured the stochastic 

dependency between these responses). In these experiments, they found that reasoning 

performance was entirely independent of memory performance. This result has 

subsequently been replicated with children in other tasks and with adults (e.g., 

Brainerd & Reyna, 1995; Brainerd, Reyna, Howe, & Kevershan, 1994; Reyna, 1995; 

Reyna, 1992; Reyna & Ellis, 1994) in a variety of task environments. 

The multiple independent representations that are encoded are not exact copies 

of the same information, instead they represent a continua of information about the 

problem at varying levels of precision. At one end of the continua, verbatim memory 

incorporates details regarding the surface form of the task; at the other end, gist 

representations capture the overall sense of information. Gist and verbatim memory 

are interpreted as they usually are in psycholinguistics (e.g., Clark and Clark, 1977), 

except that they have been extended to refer to representations other than just verbal 

text [i.e., numerical information (Reyna, 1991; Reyna and Brainerd, 1991, 1993) and 

piaures (Reyna and Keiman, 1995)]. This form of encoding, where the exaa 

verbatim record of the event is stored in parallel with other senses, patterns, and 

meanings that are present in the task, is referred to as gist extraction and is one of the 

basic principles of fuzzy-trace theory. Research has also consistently found that 

reasoners exhibit a gist-processing preference. That is, despite the availability of 
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multiple independent representations, reasoning tends to operate on the less exact 

representations of gist. Although the gist representations are generally used in 

reasoning, the exaa verbatim representations of the task (e.g., the words or pictures 

used in the problem statement) are also present and are retrieved to answer memory-

questions. Thus, a range of independent representations varying in precision from 

verbatim to gist are available to the cognitive processes, however, the different forms of 

the representations are used for different purposes. So, for example, when faced with a 

class inclusion problem, such as there are 10 animals, 7 cows and 3 horses, the reasoner 

will encode the horizontal relationships (e.g., there are more cows), the inclusion 

relationships (e.g., cows are animals), vertical relationships (e.g., there are more animals 

than cows), and the exact verbatim inputs. Accuracy on reasoning questions (e.g., are 

there more cows or animals) that tap the gist representations is independent of 

accuracy on the memory questions (e.g., how many cows are there) that tap the 

verbatim representations. 

Since gist and verbatim representations are independent reasoners can commit 

error by accessing the wrong representation despite having an accurate representation 

in storage. Returning to the class inclusion example above, when asked if there are 

more cows or animals the reasoner might erroneously access the horizontal 

relationship (e.g., there are more cows) and incorrectly answer the reasoning question. 

This type of error occurs because the question appears to be about relative numerosity 
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(which often relies on a horizontal relationship) rather than about the more qualitative 

inclusion relationship. If the details of the problem information are marip more 

prominent (e.g., the reasoner is encouraged to focus on the numbers related to the 

problem) then performance on the reasoning question decreases (e.g., Reyna & 

Kieman, 1994). But, if the inclusion relationship is made more salient, for example, if 

all of the animals are colored red, performance on the reasoning questions increases. 

This finding holds even if the reasoner is not told about the treatment (i.e., the 

reasoner is not told that all of the animals are rec^. According to fuzzy-trace theory, 

successful performance in reasoning involves correaly selecting from among many 

relationships given as background facts, retrieving some among many principles that 

could be applied to such relationships, and finally applying the principles coherently. 

Error in the form of interference can occur at any of these steps. Reasoners might fix 

on the wrong representation, retrieve the wrong principle, or become confused in 

processing complexity. The ability to recognize underlying gist, and to inhibit 

interference from superficial verbatim details, was fovmd to be a factor in individual 

and developmental differences in reasoning (e.g. Dempster, 1992; Cooney & Swanson, 

1990; Brainerd et al., 1994; Carey & Diamond, 1977; Reyna & Kieman, 1994). 

Reyna and Brainerd (1995) summarize the motivation and findings related to 

fuzzy-trace theory as follows: 

"Research on the relationship between memory and reasoning 

has converged on the conclusion that detailed nuances of 
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problem information are not central to reasoning. Numbers, for 

example, were found to be unnecessary in the sense that memory 

for number was imrelated to reasoning and in the sense that 

number could be removed entirely from standard problems 

without eliminating the standard effects. Analyses of reasoning 

revealed that qualitative distinctions—more versus less in 

probability judgment, some versus none in framing problems-

accounted for well-known empirical patterns. Moreover, 

reasoners tended to operate on representations that were at the 

lowest level of precision that could produce a task-relevant 

response. It seems untenable to assume that memory limitation 

were the driving force behind higher cognition and yet accept 

that direct tests of memory revealed no empirical relationship 

between memory limitation and higher cognition." (p.20) 

The findings of independence between the different types of memory has 

certain theoretical implications. Independence would not be found if memory were a 

single, integrated system. If verbatim memory (used to answer memory questions) and 

gist memory (used in reasoning) were combined in a single integrated knowledge 

structure regarding, there should be some relationship between verbatim memory and 

accuracy in reasoning. 
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Research Question 

This study will examine the underlying internal problem representations used 

to make clinical Judgments in radiology. Experts with both general and specialized 

expertise will be used (Patel & Groen (1991) provide an overview of findings regarding 

differences among levels of expertise). The general expertise sample will consist of 

expert physicians with different medical specialties. The specialized expertise sample 

will consist of physicians with increasing levels of specialized training in radiology. As 

summarized by Patel and Groen, it is typically found that experts with both general 

and specialized expertise have similar verbal reports of the problem. However, the 

groups differ in the accuracy of their judgments and decisions. In this study, I will 

gather information from both the specialized and general expertise groups. 

To tap the underlying representation used for reasoning, participants will be 

asked to sketch the features essential to the diagnosis. According to the principles of 

fuzzy-trace theory accurate reasoning involves the ability to encode, access and process 

simple, but relevant content-based memory representations to arrive at judgments and 

decisions. This is also predicted to be true in radiology. That is, as demonstrated in 

many tasks, varying levels of representations of abnormal and normal radiographs are 

stored in memory (as a result of experience) and these representations are used to make 

judgments and decisions. Thus, the reasoner encodes a multitude of radiographic 

features, both normal and abnormal, at varying levels of precision. These 
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representations range from the precise image-level details to gist-like representations 

that capture the essence of the patterns and features that are present within the image. 

With the development of expertise in radiology, reasoners become increasingly able to 

access and process the simpler gist-like representations. 

In radiology, there are many tasks that use the variety of representations that 

have been encoded by the reasoners (e.g., teaching, reporting). According to fuzzy-

trace theory, it would be assumed that, since the diagnostic process in radiology 

involves recognizing and identifying disease, judgment and decision-making in 

radiology is based on the reasoner's ability to recognize relevant abnormality-based 

features within the image. When no abnormality-based features are recognized in the 

input image, a normal judgment would result. Therefore, normal features would also 

encoded and be available for reasoning but would not the foundation for the diagnosis 

process (i.e., abnormal is not computed from normal the normal representation). This 

prediction pivots on the assumption that judgment is memory-based rather than 

computational (as in the two-phase accounts). If data were to be obtained indicating 

that memories of abnormalities were not used in radiological judgments, then this 

default assumption of fuzzy-trace theory would need to be modified. Currently, 

however, no such data have been reported, favoring the abnormahty-based natxire of 

radiological judgment. 
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Specifically, fuzzy-trace theory predicts that sketches produced by participants 

in this study will be abnormality-based and that experts' sketches will be simpler than 

novices sketches. In addition, because experts are able to use simpler representations, 

fuzzy-trace theory predicts that experts will be more efficient than novices in their 

judgments. 

Based on the same principles, fuzzy-trace theory makes similar specific 

prediaions regarding the differences between physicians with different areas of 

expenise. Fuzzy-trace theory predicts that radiologists will be more efficient than 

physicians with other specialized areas of expertise. Fuzzy-trace theory also predicts 

that the internal representations of expert radiologists will be simpler than the 

representations used by physicians with other areas of specialized medical expertise. 

Consequently, fuzzy-trace theory predicts that radiologists sketches will be simpler 

than the sketches of physicians with other specialized areas of expertise and that the 

sketches will be based on abnormality rather than normality. 

Key to testing these theoretical predictions is the concept of information. The 

next section will discuss the theoretical implications of measuring information and 

describe the method most appropriate for this study 

Measuring Information 

The problem I address is that of identifying the amount and complexity of the 

information used for diagnosis. I ask the subjects to draw or sketch the important 
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feamres that they used. Thus the problem is transformed into that identifying the 

amount and complexity of information associated with a drawing. 

There seem to be two possible approaches to this problem: to look at the 

complexity of the drawing itself, or to consider the complexity of what the drawing 

represents. The former, which we might call the 'surface' approach, is in the style or 

tradition of Shannon's theory of information; and I will argue that it is inadequate for 

the purposes of the study. The latter, or 'depth' approach, which I have used, requires 

a concept of content information or likeness information in the style of Camap and 

Bar-Hillel or of Fricke (Bar-Hillel, 1955; Bar-Hillel & Camap, 1952; Fricke, 1997b). In 

effect, I suggest that a drawing makes an assertion or assertions, just like ordinary 

sentences or statements in text, and then I will associate information with those 

assertions (see also Fricke (1997a)). 

Shannon's theory of signal information is a profound contribution to 

communication theory yet, as Sharmon often pointed out, it is not entirely clear that 

the theory is suited to the concept of information as it appears in our daily lives. The 

theory has also been widely used in cognitive psychology, yet, as I will argue, it is not 

appropriate for this analysis. 

The theory relates information to the selection of a message from a set of 

possible messages, where each individual message has a probability of being selected or 

'surprisal'. Information (or entropy) in Shannon's theory is just the expected or 
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'average' surprisal. In standard examples the messages are often have equal probability-

one to another, and so the surprisal, the average surprisal, and the signal entropy or 

information are all one and the same. In the more general case, though, the messages 

may not all have the same probability of occurrence (for example, in English, the letter 

'e' is more likely to occiu- than the letter 'q'). And, in the more general case, the signal 

entropy or information is a matter of averages over many messages. 

Were this approach to be used on sketches or diagrams, what would be looked 

at would be the number and complexity of the lines or other marks that appeared. 

Roughly, the more complicated the diagram is, the more information that it conveys 

or portrays. The theory is also essentially conneaed with probability. If, in some sense 

of other, a specific line was improbable, that line, if present, would carry a high 

amount of information. 

When, in the 1950s, logicians like Bar-Hillel considered Shannon's work, they 

pointed out that signal information theory has little or nothing to say about what a 

meaningful combination of symbols conveys to a person who understands them. In 

other words, there are the notions of a signal sequence and also what is expressed by a 

signal sequence. Shannon's theory deals with the former, measuring, in effect, the 

rarity of kinds of symbol sequences, but not the latter, which may be dubbed 

'semantic' or 'content' information. And there does not have to be any necessary 

connection between the two types of information. 
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Consider for example 

Artliur is friendly 

Someone is friendly 

as signals, viewed perhaps as produaions of an English ergodic source, the laner may 

well be rarer than the former, and thus would carry more signal information. Yet, to 

someone who understands the signals, the former carries more information than the 

latter because it is more specific. Further the proposition that someone is friendly 

follows from the proposition that Arthur is friendly, so if you had the information 

that Arthur is friendly you already have the information that someone is friendly (so 

how could the latter contain more information.'). 

This concern led to the development of an account of semantic information 

which "has intrinsically nothing to do with communication." (Bar-Hillel, 1955 p.287) 

The theory also has nothing to do with probability. The work, in a tradition 

encompassing Y.Bar-Hillel, R.Camap, J.Hintikka, and K.Popper, can be explained 

using the notion of 'possible worlds'. 

Possible worlds are 'ways the world might be (or might have been)'. For 

example, I am typing this on Thursday morning; although I did not actually do so, I 

might just as well have typed it on Wednesday night, in which case there is a 'possible 

world' in which I am typing this at a different time. Possible worlds have turned out to 

be a concept of art among logicians, and a somewhat controversial one at that. Some 
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thinkers have stretched the notion possible worlds to include or exclude all sorts of 

things and possibilities. That is not the intention here. Our use of the concept is a 

lightweight one (and one where the notion is undeniable and presumably 

uncontroversial). All that is being said is that typical empirical facts might have been 

different to the way they are, and the label used for the collections of different facts or 

the different ways the total faas might be is that of 'possible worlds'. When analyzed, 

the possible worlds will turn out to be just classes, so the logic will be no more 

threatening than any other area of mathematics. 

The logic of possible worlds is aimed primarily at factual enquiry, and the 

nature of factual enquiry is taken to be that of determining which things have which 

traits. This presupposes that there are things, and that there are traits which the things 

may have. The presupposition is embodied in a conceptual scheme, which consists of a 

domain (the 'things') and some traits (or properties or relations). The simplest 

conceptual schemes consist merely of individuals and traits that those individuals may 

have. 

A (very simple) example. A conceptual scheme might concern the individuals 

Arthur ('a'), Beryl ('b'), and Charles ('c*) and the trait of being friendly ('F'). Once a 

conceptual scheme is in place, attention can be given to the notion of possible worlds. 

First, consider the set of all possible applications of traits to the items they apply to-

this is the set of basic states. In this example conceptual scheme above the set of basic 
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states is {Fa,Fb,Fc}. Then consider the set of all functions from the basic states to the 

truth values {True, False}. Each such function is a possible world (a way things might 

be). In the example, there are eight functions-namely, considering them extensionally 

as ordered pairs (and relating them to subsets of the set of basic states, by means of the 

characteristic function). 

Function 1 (world 1): 

{<Fa, True>, <Fb, True>, <Fc, True>} 

corresponds to {Fa,Fb,Fc} 

Function 2 (world 2) : 

{<Fa, True>, <Fb, True>, <Fc, False >} 

corresponds to {Fa,Fb} 

... etc.... 

Function 8 (world 8) : 

{< Fa, False >, <Fb, False >, <Fc, False >} 

corresponds to {} 

In brief, with a conceptual scheme that contains Arthur, Beryl and Charles, and 

the trait of being friendly, there are eight ways things might be. Arthur and Beryl and 

Charles all being friendly, Arthur and Beryl being friendly while Charles is not 

friendly, and so on. 
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There is another term of art that we will require, and that is 'proposition'. 

This is the technical notion used for 'assertion'. To digress. Propositions may be 

roughly characterized as follows: they are what natural language sentences refer to. So, 

for example, the English sentence 'It is raining.' and the French sentence 'II pleut' both 

refer to the same thing— the proposition that it is raining. Humans have the ability to 

grasp or comprehend these abstract objects. (Quite how humans do this is a telling 

question, but is taken here as a brute fact that they do). Propositions will turn out to 

be useful for us, because it will be propositions that carry information, and it will also 

be propositions that sketches or diagrams refer to. Thus we will attach information to 

sketches by using propositions as the intermediary. 

A proposition is true in some possible worlds and false in others. Consider, for 

example, the proposition that Arthur is friendly-this is true in some possible worlds 

and false in others. That is to say, a proposition is a function from possible worlds to 

truth values. Equally, invoking again the standard set theoretic notion of a 

characteristic function, it can be regarded as a set of possible worlds (the set of possible 

worlds in which it is true). With the first example, a proposition is a function from 

worlds to truth values and one sample proposition, that Arthur is friendly, is 

{< world 1, True>, 

< world 2, True >, 

< world 3, True >, 

< world 4, True >, 
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< world 5, False >, 

< world 6, False >, 

< world 7, False >, 

< world 8, False >}, 

and, in turn, using the characteristic funaion transition, this proposition can be 

regarded as the set of possible worlds in which it is true i.e., 

{world 1, world 2, world 3, world 4} 

Notice that the more specific a proposition is, the smaller is the number of possible 

worlds corresponding to it. For example, the proposition that someone is friendly is 

{world 1, world 2, world 3, world 4, world 5, world 6, world 7} 

whereas the proposition that Arthur is the only friendly person is 

{world 4} 

And, of course, we think that the more specific a sentence is the more information it 

either can or does convey. 

So, as a measure of information, we want to look at the possible worlds that a 

sentence EXCLUDES. 

In this vein, Bar-Hillel writes 

...the content of a statement to be the class of those possible states 

of the universe which are excluded by this statement, that is, the 

class of those states whose being the case is incompatible with the 

truth of the statement. (Bar-Hillel (1955), p.299) 
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This measure can tell you exaaly how much information there is in 

propositions. Three examples, that Arthur is the only friendly person is 

{world 4} 

and this excludes 

{world 1, world 2, world 3, world 5, world 6, world 7, world 8} 

that Arthur and Beryl are friendly is 

{world 1, world 2} 

and this excludes 

{world 3, world 4, world 5, world 6, world 7, world 8} 

and that either Arthur or Beryl or Charles are friendly is 

{world 1, world 2, world 3, world 4, world 5, world 6, world 7} 

and this excludes 

{world 8} 

and thus the three propositions carry 7, 6 and 1 units of information respectively. 

This account seems very reasonable. When one person says to another 'Arthur 

is friendly' they are attempting to convey some information, they are attempting to 

rule in some possibilities and they are attempting to rule out some possibihties. And 

the informational aspects of what the commimicator is attempting seem to be captured 

by looking at the possible worlds that the proposition rules out. (Content information. 
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although suitable for our purposes, is not without its troubles-for arguments see 

Fricke (1997a)). 

Thus far, then, we have propositions which are the abstract items that are the 

information bearers. In its estabhshment and formal manipulation, this deep abstract 

level has no connection whatsoever with language. It does, as we have seen, have a 

connection with conceptual schemes. But it is independent of language. Languages may 

refer to items of the deepest level, but the deepest level itself does not need a language 

or languages. It stands on its own. 

But at least some of the interesting problems in information studies require a 

language. For example, for information to be transferred from one person to another, 

the first needs to articulate or produce some linguistic manifestation of the underlying 

abstract entities that they directing attention to, then this manifestation is made 

available to the second person, and the second uses it to conjure up the appropriate 

abstract entities. Some type of language is needed in this process. 

To sketch a theory. We could proceed in layers, using first a formal language 

layer, and then finally a natural language layer. Formal languages would have a strictly 

specified syntax and grammar, and many of their properties would be amenable to 

proof and calculation. In Logic, a logician would typically choose a formal language to 

have interesting properties for the area under study. The language would have the 

ability to refer to some or all of the underlying abstract objects, and an interpretation 
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would be provided to map the syntactic items to the abstract objects. Thus 

manipulation of an interpreted formal language would provide a surrogate for 

manipulating the propositions, possible worlds, and their companions. At the top level 

there would be natural languages. These, to some degree and in some aspeas, can be 

represented by formal languages. There is considerable fuzziness here, became, among 

other factors, natural languages do not have a tight syntax and grammar. However, it is 

natural languages that we speak and write and communicate with, and so, it is natural 

languages that have to be studied in the general case. Then idealization is need to make 

them amenable to logical analysis. (This is similar to the approach of natxu-al science. 

Consider, for e.xample, falling bodies. There are leaves, cannon balls, and satellites, 

among other types of complex falling entities. Scientific theories of falling bodies 

idealize, abstract, and assume-to pull out the essential from the accidental.). The 

thought is that formal languages can be connected with the abstract objects by 

deliberate convention. And natxiral languages, which grow and change, are connected 

with the abstract objects by evolved convention (or, at least, can be regarded as such, 

as an idealization). Diagrams, or diagrammatic sketches, are regarded as toy natural 

languages. They depia scenarios, and they do so by convention. 

For the purposes of this study, I identify the conceptual schemes that 

radiologists use. I then relate diagrams drawn by radiologists to propositions. 
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relativized to those schemes. Using the information that has been translated to the 

propositions, I can draw conclusions regarding amount and complexity of information. 
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C H A P T E R  3  

METHOD 

This chapter will describe the participants, design, materials, procedure and 

analyses of the experiment conduaed. This experiment tested the theoretical 

predictions for two samples of experts: specialized and general. 

Participants 

The study participants were recruited from faculty and residents of a teaching 

hospital in Southern Arizona. 

Specialized expertise 

Physicians with varying levels of specialized training were selected to test the 

theoretical predictions regarding the acquisition of specialized expertise in radiological 

judgment and decision making. Participants consisted of all of the radiology residents 

in the department of radiology (i.e., five residents in each year of the four year 

program) and five board-certified faculty radiologists. Thus, each group—first-year 

residents, second-year residents, third-year residents, fourth-year residents and 

radiologists—consisted of five participants with increasing levels of specialized training 

in radiological decision making. 
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General expertise 

Three groups of physicians with different medical specialties participated to 

test the theoretical predictions regarding differences between among with different 

types of general medical knowledge. Each specialty group consisted of five 

participants. The specialty groups included: radiologists, pulmonologists, and internal 

medicine physicians. Radiologists have at least five years post-graduate training in the 

interpretation and diagnosis of radiographs. All radiologists participating in this 

experiment had at least one shift in their regular schedule that involved the 

interpretation of chest radiographs. Pulmonologists have a least four years post

graduate training in the diagnosis and treatment of diseases of the chest. Internists have 

at least four years post-graduate training in general medicine. 

Participation was voluntary and participants were not compensated for their 

time. The University of Arizona Internal Review Board determined that this research 

was exempt from human subject review. The letter from the board is included as 

Appendix A. 

Design 

The experimental procedures for the specialized and general expertise samples 

were identical. However, the results were analyzed separately. 
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Specialized expertise 

The dependent measures corresponding to accuracy (normal/abnormal 

decision correct, category decision correct, specific diagnosis correct, and specific 

diagnosis consistent), confidence (confidence in normal/abnormal, category and 

specific diagnosis judgments), time (time to normal/abnormal judgment, total viewing 

time and drawing time) and complexity (number of objects) were each analyzed 

separately using 5x4x8 repeated-measxires ANOVA. Level of specialized training in 

radiolog)'- (first, second, third, and fourth year radiology residents, and faculty 

radiologist) was the between-subjects factor. Disease category of the film (Normal, 

Mass, Interstitial and Airspace) and replication (eight for each disease category) were 

the within-subject factors. An alpha level of 0.05 was used for all statistical tests. 

Reported differences were verified with Tukey's HSD. 

Receiver Operator Characteristic (ROC) analysis was also conducted on the 

combined confidence and accuracy results of the normal/abnormal judgment. ROC is 

a statistical method based on signal-deteaion theory that describes the extent to which 

images can be correctly divided into normal and abnormal populations. The primary 

metric, the ROC curve, plots the false positive fraction against the true positive 

fraction for each confidence level. So, for example, a 7-point confidence scale results in 

seven points on the ROC curve. The area under the curve, A(z), is equivalent to the 

percentage of correa orderings that would be made in a two-alternative forced-choice 
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task. In the two-alteraative forced choice task the subject is presented with two 

alternative images and chooses the more abnormal of the pair. Two additional 

measures: sensitivity and specificity are typically reported along with A(z). Sensitivity 

is the probability of a true positive response—the probability of an abnormal judgment 

given an abnormal film. Specificity is the probability of a true negative response—the 

probability of a normal judgment given a normal film. Reported differences of the 

ROC analysis were verified with independent t-tests of the A(z) scores. Additional 

analyses were conducted on the dependent measures Time to Normal/Abnormal 

Judgment and Objects per Sketch. 

For Time to Normal/Abnormal Judgment, an additional analysis was 

conducted using only the first two films viewed by each participant. Since seventy-five 

percent of the films viewed by participants were abnormal and only twenty-five 

percent of the films were normal, participants may have been faster judging abnormal 

films because they expeaed abnormal films. A one-way ANOVA of Time to 

Normal/Abnormal Judgment by film category (across training levels) was conducted 

using only the first two films viewed by participants. 

General expertise 

The dependent measures corresponding to accuracy (normal/abnormal 

decision correct, category decision correct, specific diagnosis correct, and specific 

di^posis consistent), confidence (confidence in normal/abnormal, category and 
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specific diagnosis judgments), time (time to normal/abnormal judgment, total viewing 

time and drawing time) and complexity (number of objects) were each analyzed 

separately using 3x4x8 repeated-measures ANOVA. Specialty in medicine (internal 

medicine, pulmonologist and radiologist) was the between-subjects factor. Disease 

category of the film (Normal, Mass, Interstitial and Airspace) and replication (eight for 

each disease category) were the within-subject factors. An alpha level of 0.05 was used 

for all statistical tests. Reported differences were verified with Tukey's HSD. 

ROC analysis was also conducted on the confidence and accuracy results of the 

normal/abnormal judgment. Reponed differences were verified with independent t-

tests of the A(z) scores. 

Additional analyses were conducted on the dependent measures Time to 

Normal/Abnormal Judgment and Objects per Sketch. For Time to 

Normal/Abnormal Judgment, an additional analysis was conducted using only the 

first two films viewed by each participant. A one-way ANOVA of Time to 

Normal/Abnormal Judgment by film category (across training levels) was conducted 

using only the first two films viewed by participants. 
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Materials 

Films 

Thiny-rw^o front view chest radiographs were selected to represent a range of 

difficult diagnostic decisions. The primary criterion for selection was that each 

radiograph have independent verification of truth. Radiographs representing 

abnormalities were verified with biopsy, surgery or autopsy. The films selected 

represented four diagnostically related categories: normal, mass or masses, airspace 

disease and interstitial disease. Each disease category contained 8 films. See Appendix 

B for a complete list of diagnoses by disease category. 

Confidence Scales 

The confidence scales used in this study were developed to be similar to the 

typical confidence scale used in ROC studies (e.g.. Our et al., 1990; Rehm et al., 1988). 

For the normal/abnormal judgment a seven-point confidence scale was used. 

The confidence levels were worded as follows: definitely present, probably present, 

possibly present, possibly absent, probably absent, and definitely absent. A confidence 

level not normally used in ROC analysis was added: Equally as likely to be present or 

absent. 

A 4-point confidence scale was used for the category and specific diagnosis 

judgment. The confidence scale for the category and specific diagnosis judgment read 
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as follows: definitely present, probably present, possibly present, equally as likely to be 

present as absent. 

Sheets listing the judgments and confidence levels were displayed prominently 

throughout the experiment and are included as Appendix C. 

Procedure 

Each participant viewed 32 films in a different random order. Each trial 

consisted of two phases. In the first phase, a film was placed on a light-box and the 

participant was instructed to make a series of judgments and to report his or her 

confidence in each of the judgments. In the second phase, the film was removed and 

the participant sketched the features relevant to the judgments. 

The procedure of the experiment was as follows. After being given a 

description of the study and then signing the human subjects consent form, the 

participant was read the instruaions for the study. See Appendix D for the exaa 

wording of the instructions read to all participants. Extra care was used in developing 

the portion of the instruaions that explained the purpose of the sketch. The exaa 

wording used was as follows: 
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Next, the film will be removed and you will be asked to sketch the 

essential features you used to make your decision. You are not being 

judged on the artistic quality or the realism of your sketch. Your sketch 

doesn't have to make sense to me or to anybody else. The sketch should 

contain the features you used to make your decision. Please take as long 

as you wish to complete the sketch. 

Words that might suggest that less detail would indicate expertise were 

avoided. For example, the words only and g£yt were not used in the instructions. 

Each participant was then given a praaice film. The procedure for the practice 

film was similar to that for rest of the experiment except for two departures. During 

the practice film participants were encouraged to ask questions regarding the process 

and, as will be discussed later, the participants were all asked a standard question upon 

completion of the praaice sketch. 

The order of presentation of the films was randomized for all participants. A 

film was placed on the light-box, and the participant was inunediately prompted to 

respond: "normal or abnormal". The response and the time were recorded. To avoid 

disruption of the reasoning process, the subject was not prompted for any of the 

remaining judgments or confidence ratings. The participant answered the remaining 

questions regarding the disease category (i.e., airspace disease, interstitial disease, 

normal and mass) and specific diagnosis (e.g., pneumonia, usual interstitial fibrosis. 
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primary cancer) and gave his or her confidence in each of the judgments. The 

responses and the total time viewing the film were recorded. 

In the second phase, the film was removed and the participant was asked to 

sketch the features essential to the diagnosis. When the participant completed the 

practice sketch he or she was asked "Are all of these features essential to your 

diagnosis?". Regardless of the answer, the subject was instructed, "You should draw 

the features essential to the diagnosis". The time spent sketching was recorded. If, 

during the course of the experiment, the participant asked if a specific feature should be 

drawn the participant was asked, "was that feature essential to your diagnosis"? Again, 

regardless of the participant's response he or she was instruaed, "You should draw the 

features essential to the diagnosis." 

Analyses 

This section describes the scoring for each dependent variable used in the 

study. 

Accuracy. 

The accuracy of all responses: normal/abnormal judgment correct, category 

judgment correct, and specific diagnosis correct, was determined directly from the 

diagnosis that had been independently established (as described in the materials section 

above) for each film. 
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To correspond with the typical practice in radiology of developing a 

differential diagnosis list based on significant findings in the image (e.g., (Reed, 1987)), 

an additional measure of accuracy was also used: specific diagnosis consistent. Reader 

and Felson's Gamuts in Radiology: Comprehensive Lists of Roentgen Differential Diagnosis 

[Gamuts; (Maurice M. Reeder, 1997)], was consulted to develop a consistent diagnosis 

list for each film. Gamuts was used in this study, as it is in the routine process of 

radiological diagnosis, to link a particular image finding (i.e., pattern, feature) to 

differential diagnosis lists. The radiologist participating in the film selection for this 

study, knowing the independently verified diagnosis, identified the feature or feattures 

that were most important to the known diagnosis for each film. For example, left-

upper lobe consolidation was identified as the primary image finding relating to the 

diagnosis of Pneumonia in Film 2 of the airspace category. The primary feature 

identified by the radiologist was related to corresponding differential diagnosis list in 

Gamuts to produce a preliminary consistent diagnosis list. This preliminary list 

contained all of the diagnoses, including the diagnosis that had been independently 

established as correct, that could be consistent with the primary feature in the film. 

The preliminary consistent diagnosis list was revised and corrected by the radiologist 

participating in the study to remove any diagnosis firom the list that conflicted with the 

less relevant features of that particular film. For example, the diagnosis of testicular 

cancer would be ruled out for radiographs of female patients. Thus, all specific 
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diagnoses that were consistent with the features of a partioilar film—that could not be 

eliminated by other less relevant features in the film—were counted as consistent. 

In the films used in this study, all consistent diagnoses for each film were from 

the same disease category as the original diagnosis. Hence, there was no need to 

develop a consistent category list. Each film was scored for normal/abnormal 

Judgment correa, category judgment correa, specific diagnosis judgment correct and 

specific diagnosis judgment consistent. 

Confidence and Signed Confidence. 

ROC analysis combines the judgment and confidence in a single score. For 

example, definitely absent is scored as 7; definitely present is scored as 1. To analyze 

the level of confidence independent of the normal/abnormal response the ROC scores 

were converted from a 7-point scale to a 4-point scale. Table 1 lists the values used by 

participant's to respond in the experiment along with the corresponding value used in 

the ANOVA of the confidence scores. So, for the example above, the scores of 

definitely present and definitely absent would be the same—they would both be 

converted to 3—because they both signify the same level of confidence (i.e., definitely). 
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Experimental Value Value for ANO VA 

1. definitely present 3. definitely 
2. probably present 2. probably 
3. possibly present 1. possibly 
4. equally likely to be present as absent 0. undecided 
5. possibly absent 1. possibly 
6. probably absent 2. probably 
7. definitely absent 3. definitely 
Table 1. Conversion from ROC score to confidence score 

A similar conversion was completed for responses for confidence in the 

category judgment and specific diagnosis. Both category and specific diagnosis 

confidence levels were based on a four-point scale identical to the first four entries in 

Table 1. Therefore, the first four entries of this table were also suitable to convert the 

confidence levels used in the category and specific diagnosis judgments. 

Receiver Operator Characteristic rROCl Analvsis. 

The normal/abnormal judgment was analyzed using ROC statistics 

(RSCORE, 1995). The seven-point scale was used to determine A(z). The "undecided" 

response was omitted from the calculation of sensitivity and specificity because it did 

not represent a positive or negative response and instead, is reported separately as 

percent undecided. 

Time. 

Three times were recorded for each film. First, the time to the 

normal/abnormal decision was recorded. The timing began when the film was hung 



86 

on the light-box and ended when the subject said either "normal" or "abnormal". 

Second, the additional time spent viewing the film after the participant made his/her 

normal/abnormal judgment was recorded. During this time the participant made the 

category and specific diagnosis judgment. Additional Viewing Time began when the 

participant made the normal/abnormal judgment and ended when the film was 

removed from the light-box. Finally, drawing time was recorded. Drawing Time 

began when the subject began sketching and ended when the subject handed the 

drawing to the experimenter. 

Sketches. 

Three tasks were necessary to quantify the sketches. First, a conceptual 

schema was developed. Next, the schema was mapped to sketches. Finally, the 

sketches produced by the participants in this study were classified and counted. The 

following sections contains a detailed description of these tasks. 

Developing a conceptual schema for this study 

For purpose of measurement of sketched information, the information related 

to the diagnosis of films can be depicted as in Figure 2. Each film has an actual true 

diagnosis. Each diagnosis has one or more relevant findings. Each finding may 

comprised of one or more (or no) patterns or features. 
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o< Features 
have 

Diagnosis has < Findings 

have 
c< Patterns 

Figure 2. Relationship of information regarding radiographic diagnosis 

Since the purpose of this conceptual schema was to determine the complexity of 

sketches, the schema was defined in terms of the level of information that would be 

depiaed in the sketches - patterns and features. The scope of this conceptual schema 

was limited to the patterns and features that might be foimd in the disease processes 

depicted in the films (rather than all possible chest abnormalities). 

As a foundation, the list of "consistent" diagnoses that had been earlier 

developed to judge the accuracy of the diagnoses that were reported in this study. 

Moving from diagnosis to findings, Gamuts was used to list the possible findings that 

might be associated with the diagnoses. In some cases. Gamuts lists broad categorical 

findings. Then, both the Primer of Diagnostic Imaging {Primer, (Weissleder 8c 

Wittenberg, 1994)) was used to develop a list of patterns and features. When possible, 

features and patterns were identified based on accepted International Labor 

Organization (ELO) or World Health Organization (WHO) standards. For example. 
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the Gamuts radiological finding of Fine Reticular Shadows was described based on the 

ILO standard for inhalational diseases as: reticxxlar, nodular, or reticulonodular. 

Radiological findings are commonly described in terms of their distribution: 

primarily upper or lower lobe and unilateral or bilateral. Correspondingly, the 

schema developed described each feature in terms of its distribution. The location of a 

finding, whether it is predominately found in the upper or lower lobes of the lungs or 

if it is unilateral or bilateral is important to making a specific diagnosis. Table 2 lists 

the features and locations that combine to form basic states, the foundation of the 

conceptual schema. 

Table 2. 

Feature Location 
Aorta (or other pulmonary vessel) unilateral or bilateral 

Bat's Wing Consolidation unilateral or bilateral 

Bronchia or Vessels unilateral or bilateral 
upper or lower lobe predominance 

Bullae unilateral or bilateral 
upper or lower lobe predominance 

Consolidation (patchy or solid) unilateral or bilateral 
upper or lower lobe predominance 

Device unilateral or bilateral 

Fissure imilateral or bilateral 

Heart only one possible location 
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Table 2. 

Feature Location 
Heart Border Obscured only one possible location 

Hilar Adenopathy unilateral or bilateral 

Honeycomb Pattern unilateral or bilateral 
upper or lower lobe predominance 

Hyperexpanded Lung unilateral or bilateral 

Kerley's B Lines unilateral or bilateral 
upper or lower lobe predominance 

Linear or Reticidar Shadows unilateral or bilateral 
upper or lower lobe predominance 

Mass unilateral or bilateral 
upper or lower lobe predominance 

Mass modifiers 
— calcified 
— calcified center 
— calcified or pronounced border 
— cavity with fluid level 
— cavity without fluid level 
— irregular center 
— spiculated 

Added as additional features to the 
mass feature (described above) 

Nodular Pattern unilateral or bilateral 
upper or lower lobe predominance 

Pleural Thickening unilateral or bilateral 
upper or lower lobe predominance 

Raised diaphragm (decreased lung 
volume) 

unilateral or bilateral 
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Table 2. 

Feature Location 
Reticulonodular Pattern unilateral or bilateral 

upper or lower lobe predominance 

Ribs unilateral or bilateral 
upper or lower lobe predominance 

Spine only one possible location 

Table 2. Features and Locations 

The conceptual schema and possible worlds 

The idea is to work out the number of ways things might be, and to have some 

convenient way of counting and identifying these possible worlds. In radiology, the 

features and the locations of those features combine to form the objects of interest. 

For example, consolidation can be unilateral or bilateral and can be in the upper or 

lower portions of the lungs. Table 2 lists the features and locations that are associated 

with the diagnoses of the films in this study. The feature can be combined with its 

potential locations to form a basic state. In turn the set of basic states will be the 

foundation of the conceptual schema. So the set of basic states will contain such states 

as, 

{ consolidation is right-upper-lobe is present, 
consolidation is left-upper-lobe is present, 
consolidation is right-lower-lobe is present, 
consolidation is left-lower-lobe is present, 
<etc> 

} 
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One way of indicating whether or not a basic state holds is just to map it to 

true or false (as the case may be). With this convention in place, one possible world or 

one way that things might be, is a map from the set of basic states to the truth values 

true or false. For example if there is consolidation in both lungs, but the upper 

portion of the left lung is free of consolidation the possible world would look as 

follows, 

{ consohdation is right-upper-lobe —> true, 
consolidation is left-upper-lobe -> false, 
consolidation is right-lower-lobe —> true, 
consolidation is left-lower-lobe -> true, 
<etc> 

} 

Combining the features and locations in such a manner produces a conceptual 

framework that is almost entirely comprised of independent basic states. The 

exception is that the features that modify the mass (i.e., calcified, calcified center, 

calcified or pronounced border, cavity with fluid level, cavity without fluid level, 

irregular center, spiculated) can only be present if the mass feature is present. So the 

absence of the mass featiire rules out the truth of the features that modify the mass. 

The possible worlds in this conceptual framework are all the functions from the 

basic states to the truth values, filtered to remove functions that lead to impossible 

combinations of basic states. Because there are 61 possible basic states each with two 

possible values, and a single basic state that if true can have 7 possible basic states but if 
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false can have only one basic state, the logical space for this conceptual schema consists 

of 2^' + 1 + 2'possible worlds. 

Using this methodology, as more information is sketched (i.e., more basic states 

that are depicted to be present) by the participants, more possible worlds are 

eliminated as candidates for the actual world. To simplify the discussion I will refer to 

a basic state as an object (because it represent the basic object of interest for the 

analysis). 

Mapping the conceptual schema to the drawings 

The conceptual schema was mapped to the drawings by producing references 

sketches and guidelines that could be used to identify features and identifying the 

possible locations in which a feature could ocau:. This section outlines how the 

reference sketches were produced. 

Features in the conceptual schema were translated to reference sketches that 

would be used to quantify the information content of the sketches produced in the 

experiment. The Primer ofDia^osticIma^ng was particularly useful in developing 

these reference sketches because it includes sample sketches of common radiological 

findings. However, the exact sketches could not be used as reference sketches because 

findings were not independently depicted. In the Primer, sample sketches often 

contain constellations of findings that typically co-occur in common diseases. For 

example, a single sketch in the Primer might depict upper-lobe consolidation combined 

with prominent bronchia along with hilar adenopathy - common findings associated 
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with Tuberoilosis. Single features were sketched, based on the sample sketches in the 

Primer, on lung-templates identical to those used in the experiment. 

A table was developed that contained the reference sketches for each feature 

and possible locations. The table is included as Appendix F. 

Quantifying the drawings 

One person not famihar with fuzzy-trace theory nor of the specific predictions 

of this experiment, classified and counted the features for all sketches. This person was 

given the references sketches and explanations listed in Appendix F. The classification 

took place in a single day. 

To illustrate how this method of quantifying information maps onto the 

sketches produced in this study, a complete set of sketches along with each sketches' 

information content is included as Appendix G. 
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C H A P T E R  4  

RESULTS 

All participants completed the experiment in a two month, period at the end of 

the 1996-1997 academic year. Neither fuzzy-trace theory nor the specific theoretical 

predictions for this study were explained to the participants. The following seaions 

contain the analysis completed on the two samples of experts: specialized and general. 

Specialized Expertise 

Residents were classified by the year they were about to begin. For example, 

residents who had completed the first year were classified as second year for this study. 

First year residents had not yet begun specialized training in radiology. One third-year 

resident declined participation in the sketching portion of the experiment. Therefore, 

there are no sketching results for that subject; his accuracy, confidence and time results 

are included in the analysis. 

Accuracy and Confidence 

The following seaions contain the results of the analyses of the dependent 

measures of accuracy and confidence for participants with varying levels of specialized 

training in radiology. The first seaion contains the analyses for the accuracy of the 

judgment questions (i.e., normal/abnormal judgment correct, category judgment 
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correct, specific diagnosis correct and specific diagnosis consistent). Next, the analyses 

of the confidence responses related to the accuracy judgments are reported. Finally, 

the ROC analysis is reported. 

Accuracy 

This section contains the ANOVA results for the accuracy of the 

normal/abnormal judgment, the category judgment, "consistent" specific diagnosis and 

correct specific diagnosis. Results penaining to training level, category and the 

training level by category interaction are reported in the text. The complete results of 

the ANOVA are included as Appendix H. Reported differences are verified with 

Tukey HSD and are significant at the 0.05 level. 

Normal/Abnormal Tudgment. For accuracy, there were significant main 

effects for training level F(4,20) = 5.64, MSE = 0.029, g < 0.004 and category F(3,60) 

= 8.673, MSE = 0.084, p < 0.001. Table 3 lists the mean percent correct for each 

training level by category. Figure 3 depias the relationship of accuracy among training 

levels for each film category. Overall, a developmental trend is seen with the groups 

with the least specialized training in radiologj"" having lower percent correct scores than 

those with more specialized training. 



Mean % Correct for the Normal/Abnormal Tud^ent for 
Training Level bv Film Category 

Category 
Training Level Airspace Interstitial Mass Normal 
First year resident M 82.50 95.00 85.00 82.50 

SD 38.48 22.07 36.16 38.48 
Second year resident M 80.00 100.00 92.50 87.50 

SD 40.51 0.00 26.67 33.49 
Third year resident M 92.50 100.00 95.00 90.00 

SD 26.67 0.00 22.07 30.38 
Fourth year resident M 85.00 100.00 97.50 85.00 

SD 36.16 0.00 15.81 36.16 
Radiologist M 87.50 100.00 92.50 92.50 

SD 33.49 0.00 26.67 26.67 
Table 3. Mean percent correa for the normal/abnormal judgment for 
training levels by category 

Mean Percent Correct 

Normal/ Abnormal Judgment 

Incentitial 

I I Normal 

1st 2nd 3rd 4th Rad 

Training Level 

Figure 3. Mean percent correct for the normal/abnormal judgment for 
training levels by film category 
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Differences Among Training Levels 

Dependent Variable: Normal/Abnormal 
TukeyHSD 

95% Confidence 
(I) (J) Mean Literval 

Training Training Difference Std. Lower Upper 
Level Level a-j) Error Sig. Bound Boimd 
1st 2nd -.040 .019 .258 -.097 .017 

3rd -.080=^ .019 .004 -.137 -.023 
4th -.060"^ .019 .036 -.117 -.003 
Rad -.070* .019 .012 -.127 -.013 

2nd 1st .040 .019 .258 1 o
 

.097 
3rd -.040 .019 .258 -.097 .017 

4th -.020 .019 .829 -.077 .037 
Rad -.030 .019 .529 -.087 .027 

3rd 1st .080"^ .019 .004 .023 .137 

2nd .040 .019 .258 -.017 .097 

4th .020 .019 .829 -.037 .077 

Rad .010 .019 .984 -.047 .067 

4th 1st .060'^ .019 .036 .003 .117 

2nd .020 .019 .829 -.037 .077 

3rd -.020 .019 .829 -.077 .037 

Rad 1 o
 

o
 

.019 .984 -.067 .047 

Rad 1st .070"^ .019 .012 .013 .127 

2nd .030 .019 .529 -.027 .087 

3rd -.010 .019 .984 -.067 .047 

4th .010 .019 .984 -.047 .067 

*. The mean difference is significant at the .050 

Table 4. Resvilts of the post hoc analysis of the training level main effect 
for the normal/abnormal judgment 



98 

Table 3 contains the resxilts of the Tukey HSD post hoc analysis of the main 

effect due to training level. Differences in responses by training level were due to first 

year residents having lower percent correct than third year residents, fourth year 

residents and radiologists. 

Table 5 shows the results of the Tukey HSD analysis of the differences in 

Differences Among Film Categories 
Dependent Variable: NormaL/Abnormal 
Tukey HSD 

95% Confidence 
Mean ^terval 

(I) Film Q) Film Difference Std. Lower Upper 
Category Category a-j) Error Sig. Bound Bound 
Airspace Interstitial -.130* .029 .000 -.207 -.053 

Mass -.070 .029 .085 -.147 .007 
Normal -.020 .029 .901 -.097 .057 

Interstitial Airspace .130"^ .029 .000 .053 .207 
Mass .060 .029 .175 -.017 .137 
Normal .110'«- .029 .002 .033 .187 

Mass Airspace .070 .029 .085 -.007 .147 
Interstitial -.060 .029 .175 -.137 .017 

Normal .050 .029 .320 -.027 .127 

Normal Airspace .020 .029 .901 -.057 .097 
Interstitial -.110=^ .029 .002 -.187 -.033 
Mass -.050 .029 .320 -.127 .027 

*. The mean difference is significant at the .050 

Table 5. Results of the post hoc analysis of the main effect due to film 
category for the normal/abnormal judgment. 
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performance for film categories. Across training levels, participants' performance was 

lower for normal and airspace category films than for interstitial category films. 

Participants' accuracy for mass category films was higher (but not significantly higher) 

than normal and airspace category films and lower (but not significantly lower) than 

interstitial category films. 

Category Judgment. There were significant main effects for accuracy for 

training level, F(4,20) = 9.677, MSE = 0.162, p < 0.001 and category, F(2,40) = 7.316, 

MSE = 0.095, p < 0.002. A training level by specialty interaction was also detected, 

F(8, 40) = 3.039, MSE = 0.095, p < 009. 

Mean % Correct for the Category Tudgment for Training T.evel 
by Film Category 

Category 
Specialty Airspace Interstitial Mass 
First year resident M 65.00 42.50 70.00 

SD 48.30 50.06 46.41 
Second year resident M 72.50 75.00 90.00 

SD 45.22 43.85 30.38 
Third year resident M 80.00 90.00 90.00 

40.51 30.38 30.38 
Fourth year resident M 75.00 92.50 87.50 

SD 53.85 26.67 33.49 
Radiologist M 77.50 87.50 90.00 

SD 42.29 33.49 30.38 
Table 6. Mean percent correct for the category judgment for training 
level by film category 

Figure 4 shows the relationships among the mean percent correct for the 

category judgment for different training levels. Overall, a developmental trend is seen 
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with groups with more specialized training having higher accuracy than groups with 

less training. The developmental trend is especially prominent with films from the 

interstitial category. 

Mean Percent Correct 

Category Judgment 
1.0* 

H Airspace 

H Intemiiial 

1st 2nd 3rd 4tli Rad 

Training Level 

Figure 4. Mean percent correct for the category judgment for training 
level by film category 

The following three tables contain the results of the Tukey HSD post hoc 

analysis of the main and interaction effects detected in the ANOVA. Table 7 contains 

the differences detected between training levels. The group with the least amount of 

specialized training in radiology—the first year residents—had lower accuracy than 

groups with more training. Table 8 contains the analysis of differences between 

participants' performance across training groups for film categories. 
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Differences Among Training Levels 

Dependent Variable: Category 
Tukey HSD 

95% Confidence 

(D 0) Mean Interval 
Training Training Difference Std. Lower Upper 
Level Level (I-J) Error Sig. Bound Boimd 
1st 2nd -.200'^ .052 .008 -.355 -.045 

3rd -.280"^ .052 .000 -.435 -.125 
4tli -.260"^ .052 .001 -.415 -.105 
Rad -.260'^ .052 .001 -.415 -.105 

2nd 1st .200* .052 .008 .045 .355 
3rd -.080 .052 .550 -.235 .075 

4th -.060 .052 .776 -.215 .095 

Rad -.060 .052 .776 -.215 .095 

3rd 1st .280"^ .052 .000 .125 .435 

2nd .080 .052 .550 -.075 .235 

4th .020 .052 .995 -.135 .175 

Rad .020 .052 .995 -.135 .175 

4th 1st .260"^ .052 .001 .105 .415 
2nd .060 .052 .776 -.095 .215 

3rd -.020 .052 .995 -.175 .135 

Rad .000 .052 1.000 -.155 .155 

Rad 1st .260'^ .052 .001 .105 .415 
2nd .060 .052 .776 -.095 .215 

3rd -.020 .052 .995 -.175 .135 

4tli .000 .052 1.000 -.155 .155 

The mean difference is significant at the .050 

Table 7. Differences between responses among training levels for the 
category judgment. 
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Overall, participants had higher accuracy for the mass category and lower for 

the airspace category. Participant's accuracy for films from the interstitial disease 

category was between that of the mass and airspace category but was not significantly 

different than either the mass or the airspace category. 

Difference Among Categories 

Dependent Variable: Category 
Tukey HSD 

Mean 
(]Q Film (J) Film Difference Std. 

95% Confidence 
Interval 

Category Category a-j) Error Sig. Boimd Bound 
Airspace Interstitial -.040 .031 .405 -.115 .035 

Mass -.120"^ .031 .001 -.195 -.045 
Interstitial Airspace .040 .031 .405 -.035 .115 

Mass -.080'^ .031 .034 -.155 -.005 
Mass Airspace .120"^ .031 .001 .045 .195 

Interstitial .080'«- .031 .034 .005 .155 

The mean difference is significant at the .050 

Table 8. Differences in responses for the category judgment by film 
category. 

Table 9 contains the results of the Tukey HSD post hoc analysis of the training 

level by film category interaction. The interaction was primarily due to the especially 

low performance of first year residents in the interstitial category. Although there is a 

general developmental trend for all film categories, because of the relatively poor 
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Significant Differences Among Training Level and Category-
Dependent Variable: Category Correct 
Tukey HSD 

95% 
Confidence 

Interval 

® .. 
Training Level 
and Category 

0) . 
Training Level 
and Category 

Mean 
Difference 

d-J) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

1st/ Airspace 2nd/Mass -.250 .069 .048 -.499 -.001 

3rd/Interstitial -.250 .069 .048 -.499 -.001 

3rd/Mass -.250 .069 .048 -.499 -.001 

4th/Interstitial -.275 .069 .019 -.524 -.026 

Rad/Mass -.250 .069 .048 -.499 -.001 

Ist/Interstitial Ist/Mass -.275 .069 .019 -.524 -.026 

2nd/ Airspace -.300 .069 .007 -.549 -.051 

2nd/InterstitiaI -.325 .069 .002 -.574 -.076 

2nd/Mass -.475 .069 .000 -.724 -.226 

3 rd/Airspace -.375 .069 .000 -.624 -.126 

3rd/Interstitial -.475 .069 .000 -.724 -.226 

3rd/Mass -.475 .069 .000 -.724 -.226 

4th/ Airspace -.325 .069 .002 -.574 -.076 

4th/Interstitial -.500 .069 .000 -.749 -.251 

4th Mass -.450 .069 .000 -.699 -.201 

Rad/Airspace -.350 .069 .001 -.599 -.101 

Rad/Literstitial -.450 .069 .000 -.699 -.201 

Rad/Mass -.475 .069 .000 -.724 -.226 

Ist/Mass Ist/Interstitial .275 .069 .019 .026 .524 

(continued...) 
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Significant Differences Among Training Level and Category {continued) 
Dependent Variable: Category Correct 
Tukey HSD 

95% Confidence 
Interval 

00 , . 
Training Level 
and Category 

^ . . 
Training Level 
and Category 

Mean 
Difference 

d-J) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

2nd/ Airspace Ist/Interstitial .300 .069 .007 .051 .549 

2nd/Interstitial Ist/Interstitial .325 .069 .002 .076 .574 

2nd/Mass 1st/ Airspace .250 .069 .048 .001 .499 

Ist/Interstitial .475 .069 .000 .226 .724 

3 rd/Airspace Ist/Interstitial .375 .069 .000 .126 .624 

3rd/Interstitial 1st/Airspace .250 .069 .048 .001 .499 

Ist/Interstitial .475 .069 .000 .226 .724 

3rd/Mass 1st/ Airspace .250 .069 .048 .001 .499 

Ist/Interstitial .475 .069 .000 .226 .724 

4th/ Airspace Ist/Interstitial .325 .069 .002 .076 .574 

4th/Interstitial 1st/ Airspace .275 .069 .019 .026 .524 

Ist/Interstitial .500 .069 .000 .251 .749 

4th/Mass Ist/Interstitial .450 .069 .000 .201 .699 

Rad/Airspace Ist/Interstitial .350 .069 .001 .101 .599 

Rad/Interstitial Ist/Interstitial .450 .069 .000 .201 .699 

Rad/Mass 1st/ Airspace .250 .069 .048 .001 .499 

Ist/Interstitial .475 .069 .000 .226 .724 

Table 9. Results of the post hoc analysis of the training level by film 
category interaaion for the category judgment (Significant at 0.05 level 
only). 
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performance by groups with the least specialized training, the developmental trend is 

more prominent for the interstitial category. 

"Consistent" Specific Diagnosis. Table 10 contains the mean percent 

"consistent" responses for each training level by film category. There were significant 

main effects for both training level^(4,20) = 11.102, MSE = 0.098, g < 0.001, and 

category, F(2,40) = 25.134, MSE = 0.106, g < 0.001. A significant specialty by 

category interaction was also detected, F(8,40) = 3.087, MSE = 0.106, p < 0.008. 

Mean % "Consistent" for the Specific Diagnosis Judgment for 
Training Level bv Film Category 

Category 
Training Level Airspace Interstitial Mass 
First year resident M 60.00 20.00 67.50 

SD 49.61 40.51 47.43 
Second year resident M 67.50 50.00 90.00 

47.43 50.64 30.38 
Third year resident M 72.50 52.50 90.00 

45.22 50.57 30.38 
Fourth year resident M 72.50 80.00 87.50 

m 45.22 40.51 33.49 
Radiologist M 77.50 70.00 90.00 

SD 42.29 46.41 30.38 

Table 10. Mean percent "consistent" for the specific diagnosis judgment 
for specialty groups by film category 

Figure 5 shows the relationships among the mean percent "consistent" for the 

specific diagnosis judgment for training levels by film category. Overall, a 

developmental trend is seen with groups with more specialized training in radiology 

having higher accuracy than groups with less training. 
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Mean Percent "Consistent" 

Specific Diagnosis Judgment 
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1st 2nd 3rd 4tli Rad 

Film Category 

Figure 5. Mean percent "consistent" specific diagnoses for training levels 
by film category 

The following three tables shows the results of the Tukey HSD post-hoc 

analysis of the differences. Table 11 contains the results of the analysis of differences 

by training level across film categories; Table 12 contains the results of the analysis of 

differences by film category across training levels; and Table 13 contains the analysis of 

the training level by film category interaction. 
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Differences Among Training Levels 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

95% Confidence 

(D 0) Mean Interval 

Training Training Difference Std. Lower Upper 
Level Level a-j) Error Sig. Bound Bound 
1st 2nd -.170* .040 .004 -.291 -.049 

3rd -.160* .040 .006 -.281 -.039 
4th -.230* .040 .000 -.351 -.109 
Rad -.240* .040 .000 -.361 -.119 

2nd 1st .170* .040 .004 .049 .291 
3rd .010 .040 .999 -.111 .131 
4th -.060 .040 .583 -.181 .061 
Rad -.070 .040 .438 -.191 .051 

3rd 1st .160* .040 .006 .039 .281 

2nd -.010 .040 .999 -.131 .111 
4th -.070 .040 .438 -.191 .051 
Rad -.080 .040 .311 -.201 .041 

4th 1st .230* .040 .000 .109 .351 
2nd .060 .040 .583 -.061 .181 
3rd .070 .040 .438 -.051 .191 

Rad 

o
 

o
 1* .040 .999 -.131 .111 

Rad 1st .240* .040 .000 .119 .361 
2nd .070 .040 .438 -.051 .191 
3rd .080 .040 .311 -.041 .201 
4th .010 .040 .999 -.111 .131 

The mean difference is significant at the .050 

Table 11. Differences in accxiracy among training levels for "consistent" 
specific diagnoses 
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Differences Among Film Categories 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

95% Confidence 
Mean ^terval 

(I) Film Q) Film 
Category Category 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial .130=^ .033 .001 .051 .209 
Mass -.100'^ .033 .010 -.179 -.021 

Interstitial Airspace 1 o
 

.033 .001 -.209 -.051 
Mass -.230'^ .033 .000 -.309 -.151 

Mass Airspace .100=^ .033 .010 .021 .179 
Interstitial .230'^ .033 .000 .151 .309 

*. The mean difference is significant at the .050 

Table 12. Differences in accuracy by film category for "consistent" 
specific diagnoses. 

First year residents had fewer "consistent" diagnoses than all other groups. 

Overall, groups had more consistent diagnoses with mass films; followed by airspace 

films; followed by interstitial films. The interaction between training level and film 

category was primarily due to first year residents, second year residents and third year 

residents having relatively lower accuracy for interstitial films. So, although a general 

developmental trend is seen, the developmental differences are much more evident 

with interstitial category films. 
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Significant Differences Among Training Level and Category 
Dependent Variable: Specific Diagnosis "Consistent" 
TukeyHSD 

95% Confidence 
Interval 

0) . _ 
Training Level 
and Category 

0) 
Training Level 
and Category 

Mean 
Difference 

a-j) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

1st/ Airspace Ist/Interstitial .400 .073 .000 .137 .663 

2nd/Mass -.300 .073 .013 -.563 -.037 

3rd/Mass -.300 .073 .013 -.563 -.037 

4th/Mass -.275 .073 .033 -.538 -.012 

Rad/Mass -.300 .073 .013 -.563 -.037 

Ist/Interstitial 1st/ Airspace -.400 .073 .000 -.663 -.137 

Ist/Mass -.475 .073 .000 -.738 -.212 

2nd/ Airspace -.475 .073 .000 -.738 -.212 

2nd/Interstitial -.300 .073 .013 -.563 -.037 

2nd/Mass -.700 .073 .000 -.963 -.437 

3 rd/Airspace -.525 .073 .000 -.788 -.262 

3rd/Literstitial -.325 .073 .005 -.588 -.062 

3rd/Mass -.700 .073 .000 -.963 -.437 

4th/Airspace -.525 .073 .000 -.788 -.262 

4th/Interstitial -.600 .073 .000 -.863 -.337 

4th/Mass -.675 .073 .000 -.938 -.412 

Rad/ Airspace -.575 .073 .000 -.838 -.312 

Rad/Interstitial -.500 .073 .000 -.763 -.237 

Rad/Mass -.700 .073 .000 -.963 -.437 

Ist/Mass Ist/Interstitial .475 .073 .000 .212 .738 
(continued...) 
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Significant Differences Among Training Level and Category (Continued) 
Dependent Variable: Specific Diagnosis "Consistent" 
Tukey HSD 

95% Confidence 
Interval 

®  . .  
Traimng Level 
and Category 

QD _ _ 
Training Level 
and Category 

Mean 
Difference 

(I-J) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

2nd/ Airspace Ist/Interstitial .475 .073 .000 .212 .738 

2nd/Interstitial Ist/Interstitial .300 .073 .013 .037 .563 

2nd/Mass -.400 .073 .000 -.663 -.137 

3rd/Mass -.400 .073 .000 -.663 -.137 

4th/Interstitial -.300 .073 .013 -.563 -.037 

4th/Mass -.375 .073 .001 -.638 -.112 

Rad/ Airspace -.275 .073 .033 -.538 -.012 

Rad/Mass -.400 .073 .000 -.663 -.137 

2nd/Mass 1st/ Airspace .300 .073 .013 .037 .563 

Ist/Interstitial .700 .073 .000 .437 .963 

2nd/Interstitial .400 .073 .000 .137 .663 

3rd/Interstitial .375 .073 .001 .112 .638 

3rd/Interstitial Ist/Interstitial .325 .073 .005 .062 .588 

2nd/Mass -.375 .073 .001 -.638 -.112 

3rd/Mass -.375 .073 .001 -.638 -.112 

4th/Interstitial -.275 .073 .033 -.538 -.012 

4th/Mass -.350 .073 .002 -.613 -.087 

Rad/Mass -.375 .073 .001 -.638 -.112 

3 rd/Airspace Ist/Interstitial .525 .073 .000 .262 .788 

(continued..) 
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Significant Differences Among Training Level and Category (Continued) 
Dependent Variable: Specific Diagnosis "Consistent" 

Tukey HSD 

95% Confidence 
Interval 

®  . .  
Training Level 
and Category 

0) , . 
Training Level 
and Category 

Mean 
Difference 

(I-J) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

3rd/Mass 1st/ Airspace .300 .073 .013 .037 .563 

Ist/Interstitial .700 .073 .000 .437 .963 

2nd/Interstitial .400 .073 .000 .137 .663 

3rd/Interstitial .375 .073 .001 .112 .638 

4th/Airspace Ist/Literstitial .525 .073 .000 .262 .788 
4th/Interstitial Ist/Interstitial .600 .073 .000 .337 .863 

2nd/Interstitial .300 .073 .013 .037 .563 

3rd/Interstitial .275 .073 .033 .012 .538 

4th/Mass 1st/ Airspace .275 .073 .033 .012 .538 

Ist/Interstitial .675 .073 .000 .412 .938 

2nd/Interstitial .375 .073 .001 .112 .638 

3rd/Interstitial .350 .073 .002 .087 .613 

Rad/ Airspace Ist/Interstitial .575 .073 .000 .312 .838 

2nd/Interstitial .275 .073 .033 .012 .538 

Rad/Literstitial Ist/Interstitial .500 .073 .000 .237 .763 

Rad/Mass 1st/Airspace .300 .073 .013 .037 .563 

Ist/Interstitial .700 .073 .000 .437 .963 

2nd/Interstitial .400 .073 .000 .137 .663 

3rd/Interstitial .375 .073 .001 .112 .638 

Table 13. Differences in accuracy for the training level by category 
interaaion for "consistent" specific diagnosis (significant at 0.05 level 
only). 
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Correct Specific Diagnosis. Table 14 contains the mean percent correct scores 

for the specific diagnosis for each training level by category. There were significant 

main effects for both specialty, jF(4,20) = 5.825, MSE = 0.081, g < 0.003, and 

category, F(2,40) = 37.780, MSE = 0.068 p < 0.001. A significant specialty by 

category interaction was also detected, F(8,40) = 6.744, MSE = 0.068, p < 0.001. 

Mean % Correct for the Specific Diagnosis Tudgment for 
Training Levels by Film Category 

Category 
Specialty Airspace Interstitial Mass 
First year resident M 12.50 7.50 10.00 

SD 33.49 26.67 30.38 
Second year resident M 5.00 20.00 17.50 

SD 22.07 40.51 38.48 
Third year resident M 7.50 32.50 17.50 

SD 16.67 47.43 38.48 
Fourth year resident M 10.00 52.50 12.50 Fourth year resident 

SD 30.38 50.57 33.49 
Radiologist M 5.00 40.00 25.00 

SD 22.07 49.61 43.85 
Table 14. Mean percent correct for the specific diagnosis judgment for 
training levels by film category 

Figure 6 depicts the mean percent correct for the specific diagnosis judgment 

for training levels by film category. Overall, there was a developmental trend with 

groups less specialized training in radiology having lower accuracy than groups with 

more specialized training. Table 15 shows the results of the post hoc analysis of the 

differences due to training level. Fourth year residents and radiologists had higher 

scores than first year residents; and fourth year residents had higher scores than second 
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Figure 6. Mean correct specific diagnosis for training level by film 
category 

year residents. Table 16 contains the resiilts of the post hoc analysis of the main effect 

for film category. There were significant differences among all of the film categories. 

Across groups, participants had higher percent correa scores for the interstitial 

category than for the mass category; the mass category was higher than the airspace 

category. Table 17 contains the post hoc analysis of the training level by category 

interaction. The interaction was primarily due to third year residents, fourth year 

residents and radiologists having much higher performance in the interstitial category. 

So, although there was an overall developmental trend, because of the especially high 

accuracy of groups with more specialized training, this trend was more pronounced 

with interstitial disease category films. 
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Differences Among Training Levels 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

95% Confidence 
(D 0) Mean Interval 
Training Training Difference Std. Lower Upper 
Level Level (I-J) Error Sig. Bound Bound 
1st 2nd -.040 .037 .810 -.150 .070 

3rd -.090 .037 .143 -.200 .020 
4th -.150"^ .037 .005 -.260 -.040 
Rad -.130* .037 .016 -.240 -.020 

2nd 1st .040 .037 .810 -.070 .150 
3rd -.050 .037 .658 -.160 .060 
4th -.110* .037 .050 -.220 .000 
Rad -.090 .037 .143 -.200 .020 

3rd 1st .090 .037 .143 -.020 .200 
2nd .050 .037 .658 -.060 .160 
4th -.060 .037 .495 -.170 .050 
Rad -.040 .037 .810 -.150 .070 

4th 1st .150"^ .037 .005 .040 .260 
2nd .110* .037 .050 .000 .220 
3rd .060 .037 .495 -.050 .170 

Rad .020 .037 .981 -.090 .130 

Rad 1st .130* .037 .016 .020 .240 

2nd .090 .037 .143 -.020 .200 

3rd .040 .037 .810 -.070 .150 

4th -.020 .037 .981 -.130 .090 

The mean difference is significant at the .050 level. 

Table 15. Results of the post hoc analysis of the training level by 
category interaction for the specific diagnosis judgment 
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DijEferences Among Film Categories 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

95% Confidence 
Mean IniervA 

(I) Film Q) Film 
Category Category 

Difference 
a-j) 

Std. 
Error Sig-

Lower 
Botmd 

Upper 
Bound 

Airspace Interstitial -.230'^ .026 .000 -.293 -.167 
Mass -.090* .026 .004 -.153 -.027 

Interstitial Airspace .230'^ .026 .000 .167 .293 
Mass .140'^ .026 .000 .077 .203 

Mass Airspace .090*^ .026 .004 .027 .153 

Interstitial -.140" .026 .000 -.203 -.077 

The mean difference is significant at the .050 

Table 16. Differences between training levels for correct specific 
diagnosis judgments 

Significant Differences Among Training Level and Category 
Dependent Variable: Specific Diagnosis Correa 

Tukey HSD 
95% Confidence 

Interval 

0) 0) Mean 
Training Level Training Level Difference Std. Lower Upper 
and Category and Category (I-J) Error Sig Bound Bound 

1st/Airspace 4th/Literstitial -.400 .058 .000 -.611 -.189 

Rad/Interstitial -.275 .058 .002 -.486 -.064 

(continued...) 
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Significant Differences Among Training Level and Category 
Dependent Variable: Specific Diagnosis Correa 

Tukey HSD 

95% Confidence 
Interval 

Training Level 
and Category 

0) 
Training Level 
and Category 

Mean 
DifiFerence 

a-j) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

Ist/Interstitial 3rd/Interstitial -.250 .058 .008 -.461 -.039 

4th/Interstitial -.450 .058 .000 -.661 -.239 

Rad/Interstitial -.325 .058 .000 -.536 -.114 

Ist/Mass 3rd/Interstitial -.225 .058 .026 -.436 -.014 

4th/Interstitial -.425 .058 .000 -.636 -.214 

Rad/Interstitial -.300 .058 .001 -.511 -.089 

2nd/ Airspace 3rd/Interstitial -.275 .058 .002 -.486 -.064 

4th/Interstitial -.475 .058 .000 -.686 -.264 

Rad/Interstitial -.350 .058 .000 -.561 -.139 

2nd/Interstitial 4th/Interstitial -.325 .058 .000 -.536 -.114 

2nd/Mass 4th/Interstitial -.350 .058 .000 -.561 -.139 

Rad/Interstitial -.225 .058 .026 -.436 -.014 

3rd/Interstitial Ist/Interstitial .250 .058 .008 .039 .461 

Ist/Mass .225 .058 .026 .014 .436 

2nd/Airspace .275 .058 .002 .064 .486 

3 rd/Airspace .250 .058 .008 .039 .461 

4th/Airspace .225 .058 .026 .014 .436 

Rad/Airspace .275 .058 .002 .064 .486 

(Continued...) 
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Significant Differences Among Training Level and Category 
Dependent Variable: Specific Diagnosis Correct 

TukeyHSD 

95% Confidence 
Interval 

® . 
Training Level 
and Category 

(J) 
Training Level 
and Category 

Mean 
Difference 

(I-J) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

3 rd/Airspace 3rd/Interstitial -.250 .058 .008 -.461 -.039 

4th/Interstitial -.450 .058 .000 -.661 -.239 

Rad/Interstitial -.325 .058 .000 -.536 -.114 

3rd/Mass 4th/Interstitial -.350 .058 .000 -.561 -.139 

Rad/Interstitial -.225 .058 .026 -.436 -.014 

4th/Interstitial Ist/Airspace .400 .058 .000 .189 .611 

Ist/Interstitial .450 .058 .000 .239 .661 

Ist/Mass .425 .058 .000 .214 .636 

2nd/ Airspace .475 .058 .000 .264 .686 

2nd/Interstitial .325 .058 .000 .114 .536 

2nd/Mass .350 .058 .000 .139 .561 

3 rd/Airspace .450 .058 .000 .239 .661 

3rd/Mass .350 .058 .000 .139 .561 

4th/ Airspace .425 .058 .000 .214 .636 

4th/Mass .400 .058 .000 O
O

 

.611 

Rad/ Airspace .475 .058 .000 .264 .686 

Rad/Mass .275 .058 .002 .064 .486 

4th/Mass 4th/Interstitial -.400 .058 .000 -.611 -.189 

Rad/Interstitial -.275 .058 .002 -.486 -.064 

(continued...) 
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Significant Differences Among Training Level and Category 
Dependent Variable; Specific Diagnosis Correct 

Tukey HSD 

95% Confidence 
Interval 

®  . .  
Training Level 
and Category 

0) , _ 
Training Level 
and Category 

Mean 
Difference 

(I-J) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

4th/Airspace 3rd/Interstitial -.225 .058 .026 -.436 -.014 

4th/Interstitiai -.425 .058 .000 -.636 -.214 

Rad/Interstitial -.300 .058 .001 -.511 -.089 

Rad/ Airspace 3rd/Interstitial -.275 .058 .002 -.486 -.064 

4th/Interstitial -.475 .058 .000 -.686 -.264 

Rad/Interstitial -.350 .058 .000 -.561 -.139 

Rad/Interstitial 1st/ Airspace .275 .058 .002 .064 .486 

Ist/Interstitial .325 .058 .000 .114 .536 

Ist/Mass .300 .058 .001 .089 .511 

2nd/Airspace .350 .058 .000 .139 .561 

2nd/Mass .225 .058 .026 .014 .436 

3 rd/Airspace .325 .058 .000 .114 .536 

3rd/Mass .225 .058 .026 .014 .436 

4th/Airspace .300 .058 .001 .089 .511 

4th/Mass .275 .058 .002 .064 .486 

Rad/ Airspace .350 .058 .000 .139 .561 

Rad/Mass 4th/Interstitial -.275 .058 .002 -.486 -.064 

Table 17. Results of the post hoc analysis of the training level by 
category interaction for the specific diagnosis judgment (significant at 
0.05 level only) 
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Summary of Accuracy Results. Overall, a developmental trend was noted for 

all dependent measures of accuracy. For all measures, first year residents had lower 

accuracy than fourth year residents and radiologists. Second year residents typically 

had lower scores than third year residents, fourth year residents and radiologists. 

Although these trends were seen for all film categories, they were most pronounced 

with interstitial disease films. Interactions between training level and film category 

were caused by either lower performance with interstitial disease films for groups with 

little specialized training or by higher performance with interstitial disease films for 

groups with more specialized training. Accuracy by film category varied depending on 

the question. For the normal/abnormal judgment, participants' accuracy was higher 

for interstitial category films and lower for normal and airspace category films. For 

the category and the "consistent" specific diagnosis judgments, participants' accuracy 

was higher for mass. For correct specific diagnoses, participant's accuracy was higher 

for interstitial category films. 

Confidence 

This section contains the ANOVA results for confidence reported for the 

normal/abnormal judgment, the category judgment, and specific diagnosis judgment. 

Results pertaining to training level, category and the training level by category-

interaction are reported in the text. The complete results of the ANOVA are included 

as Appendix H. Reported differences are verified with Tukey HSD and are significant 

at the 0.05 level. 
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Normal/Abnormal Tudgment. Table 18 lists the mean confidence rating for the 

normal/abnormal judgment for each training level by film category. There were 

significant main effects for training level F(4, 20) = 6.803, MSE=0.699. g < 0.001 and 

category F(3, 60) = 17.72, MSE=0.470. g<0.001. There was no category by training 

level interaction. 

Mean Confidence Ratings for the Normal/Abnormal Tudgment 
for Training Level by Film Category 

Category 
Specialty Airspace Interstitial Mass Normal 
First year M 2.62 2.85 2.52 1.90 
resident m .63 .58 .82 .81 
Second year M 2.72 2.97 2.85 2.60 
resident SD .55 .16 .58 .70 
Third year M 2.90 3.00 2.90 2.70 
resident SD .30 .00 .38 .72 
Fourth year M 2.92 3.00 2.97 2.70 
resident SD .27 0.00 .16 .61 
Radiologist M 2.87 3.00 2.92 2.52 

SD .33 0.00 .27 .75 
Table 18. Mean confidence ratings for the normal/abnormal judgment 
for training levels by film category 
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Figure 7. Mean confidence scores for the normal/abnormal judgment 
for training levels by film category 

Figure 7 shows the relationship in reported confidence among training levels by 

film category. A developmental trend can be seen with groups with less specialized 

training in radiology being less confident than those with more specialized training. 
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Differences Among Film Categories 

Dependent Variable: Normal/Abnormal 
TukeyHSD 

95% Confidence 
Mean Interval 

(]Q Film (J) Film Difference Std. Lower Upper 
Category Category (I-J) Error Sig. Bound Bovmd 
Airspace Interstitial -.160 .069 .102 -.341 .021 

Mass -.030 .069 .972 -.211 .151 
Normal .320* .069 .000 .139 .501 

Interstitial Airspace .160 .069 .102 -.021 .341 
Mass .130 .069 .241 -.051 .311 

Normal .480*^ .069 .000 .299 .661 
Mass Airspace .030 .069 .972 -.151 .211 

Interstitial -.130 .069 .241 -.311 .051 
Normal .350'^ .069 .000 .169 .531 

Normal Airspace -.320* .069 .000 -.501 -.139 
Interstitial -.480* .069 .000 -.661 -.299 
Mass -.350* .069 .000 -.531 -.169 

*. The mean difference is significant at the .050 

Table 19. Differences among mean signed confidence scores for the 
normal/abnormal judgment for training levels by film category 
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Differences Among Training Levels 

Dependent Variable: Normal/Abnormal 
Tukey HSD 

95% Confidence 

(15 0) Mean 
Training Training Difference 
Level Level (I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

1st 2nd -.320* .093 .020 -.600 -.040 
3rd -.400"^ .093 .003 -.680 -.120 
4th -.430=^ .093 .001 -.710 -.150 
Rad -.360'^ .093 .008 -.640 -.080 

2nd 1st .320'^ .093 .020 .040 .600 
3rd -.080 .093 .909 -.360 .200 
4th -.110 .093 .764 -.390 .170 
Rad -.040 .093 .992 -.320 .240 

3rd 1st .400"^ .093 .003 .120 .680 
2nd .080 .093 .909 -.200 .360 
4th -.030 .093 .998 -.310 .250 

Rad .040 .093 .992 -.240 .320 

4th 1st .430^^ .093 .001 .150 .710 

2nd .110 .093 .764 -.170 .390 

3rd .030 .093 .998 -.250 .310 

Rad .070 .093 .942 -.210 .350 

Rad 1st .360"^ .093 .008 .080 .640 

2nd .040 .093 .992 -.240 .320 

3rd -.040 .093 .992 -.320 .240 

4th -.070 .093 .942 -.350 .210 

*. The mean difference is significant at the .050 

Table 20. Differences among training levels for confidence in the 
normal/abnormal judgment for training levels by film category 
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Table 19 contains the results of the post hoc analysis of the main effect due to 

training level. First year residents were significantly less confident in their 

normal/abnormal judgments than were all other groups. Table 19 contains the results 

of the post hoc analysis of the main effea due to film category. As can be seen, all 

groups were less confident in their judgments when the film category was normal. 

Category Tudgment. Table 21 contains the mean confidence levels for the 

category judgment. Significant main effeas were detected for training level F(4,20) = 

9.072, MSE = 0.998, g < 0.001 and categoryJF(2,40) = 8.943, MSE = 0.263, g < 

0.001. No significant training level by category interaction was detected. 

Mean Confidence Score for the Category Tudgment for 
Training Level by Film Category 

Category 
Specialty Airspace Interstitial Mass 
First year M 2.22 2.22 1.97 
resident SD .73 .73 .77 
Second year M 2.52 2.52 2.30 
resident SD .59 .60 .79 
Third year M 2.72 2.72 2.85 
resident .55 .55 .36 
Fourth year M 2.72 2.72 2.87 
resident SD .55 .55 .33 
Radiologist M 2.67 2.67 2.80 

SD .69 .69 .40 
Table 21. Mean confidence for the category judgment for training level 
by film category 
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Figure 8 depias the relationship among the training levels by film category for 

confidence in the category Judgment. A developmental trend can be seen with groups 

with the least specialized training in radiology having lower confidence scores than 

groups with more specialized training. 

Mean Confidence Score 

Category Judgment 

I Airspace 

Interstitial 

1st 2ncl 3rd 4th Rad 

Training Level 

Figure 8. Mean confidence scores for the category judgment for training 
levels by film category 

Table 22 contains the results of the post hoc analysis of the main effect due to 

training level. First year residents were less confident in their category judgments than 

third year resident, fourth year residents and radiologists. Table 23 contains the results 
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Differences Among Training Levels 

Dependent Variable: Category 
Tukey HSD 

95% Confidence 

0) 0) Mean Interval 
Training Training Difference Std. Lower Upper 
Level Level a-j) Error Sis- Bound Boimd 
1st 2nd -.310 .129 .155 -.696 .076 

3rd -.630'^ .129 .001 -1.016 -.244 
4th -.630"^ .129 .001 -1.016 -.244 
Rad -.590* .129 .002 -.976 -.204 

2nd 1st .310 .129 .155 -.076 .696 

3rd -.320 .129 .135 -.706 .066 

4th -.320 .129 .135 -.706 .066 

Rad -.280 .129 .231 -.666 .106 

3rd 1st .630* .129 .001 .244 1.016 

2nd .320 .129 .135 -.066 .706 

4th .000 .129 1.000 -.386 .386 

Rad .040 .129 .998 -.346 .426 

4th 1st .630* .129 .001 .244 1.016 

2nd .320 .129 .135 -.066 .706 

3rd .000 .129 1.000 -.386 .386 

Rad .040 .129 .998 -.346 .426 

Rad 1st .590* .129 .002 .204 .976 

2nd .280 .129 .231 -.106 .666 

3rd -.040 .129 .998 -.426 .346 

4th -.040 .129 .998 -.426 .346 

The mean difference is significant at the .050 

Table 22. Differences among training levels for mean confidence scores 
in the category judgment 
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of the post hoc analysis of the main effect due to film category. Generally, groups 

were most confident when the film category was airspace and less confident when the 

film category was interstitial. 

Differences Among Film Categories 

Dependent Variable: Category Judgment 
Tukey HSD 

Mean 
(]Q Film Q) Film Difference Std. 

95% Confidence 
Interval 

Lower Upper 
Category Category (I-J) Error Sig. Bound Bound 
Airspace Interstitial .020 .051 .920 -.105 .145 

Mass 1 1—
» 

00
 

o
 

.051 .003 -.305 -.055 

Interstitial Airspace -.020 .051 .920 -.145 .105 

Mass -.200* .051 .001 -.325 -.075 

Mass Airspace .180=^ .051 .003 .055 .305 

Interstitial .200"^ .051 .001 .075 .325 

The mean difference is significant at the .050 

Table 23. Differences among film categories for confidence in the 
category judgment 

Specific Diagnosis. Table 24 lists the mean confidence levels for each training 

level by category. A significant main effect was detected for category F(2,40) = 16.224, 

MSE = 0.928, p < 0.001. There was no main effea for training level and no training 

level by category interaction was detected. 
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Mean Confidence for the Specific Diagnosis Tudgment for 
Training Level bv Film Category 

Category 
Specialty Airspace Interstitial Mass 
First year M 1.75 1.20 1.40 
resident SD .74 .79 .87 
Second year M 1.92 1.12 1.32 
resident .86 1.07 .97 
Third year M 2.17 1.50 1.77 
resident .67 .99 1.00 
Fourth year M 1.82 1.80 1.62 
resident SD .90 .69 .87 
Radiologist M 1.97 1.32 1.75 

SD .92 .83 .80 
Table 24. Mean confidence scores for the specific diagnosis judgment for 
training levels by film category 

Mean Confidence Score 

Category Judgment 
}.0i» 

Interstitial 

1st 2nd 3rd 4th Rad 

Specialty 

Figure 9. Mean confidence scores for the specific di^nosis for training 
levels by film category 
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Figure 9 shows the trends in the results. No significant main effect for training 

level was found. The trend, however, shows that groups with more training were not 

necessarily more confident than groups with less training. Table 25 show the results of 

the post hoc analysis of the main effect due to film category. Differences in confidence 

were detected for all film categories. Overall, groups were most confident with 

airspace films; followed by mass; followed by interstitial. 

Differences Between Film Categories 

Dependent Variable: Specific Diagnosis Judgment Confidence 
Tukey HSD 

Mean 
(]Q Film Q) Film Difference Std. 

95% Confidence 
Interval 

Lower Upper 
Category Category (I-J) Error Sig. Bound Bound 
Airspace Interstitial .540'*- .096 .000 .306 .774 

Mass .360* .096 .002 .126 .594 

Interstitial Airspace -.540'^ .096 .000 -.774 -.306 

Mass -.180 .096 .161 -.414 .054 

Mass Airspace -.360'^ .096 .002 -.594 -.126 

Interstitial .180 .096 .161 -.054 .414 

*• The mean difference is significant at the .050 level. 

Table 25. Differences between film categories for confidence in the 
specific diagnosis judgment 

Summary of Confidence Results. Significant differences were seen among 

training levels for most dependent measures (c.f., normal/abnormal judgment, category 

judgment) of confidence. First year residents were less confident in their judgments 
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than all other groups. Second year residents were less confident than third year 

residents, fourth year residents and radiologists. For the normal/abnormal judgment, 

groups were less confident in their judgments with normal fikns than with film^ from 

all of the disease categories. For the category judgment, groups were more confident 

with judgments when the film was from the mass group. But for the specific diagnosis 

judgment, groups were more confident when the film was firom the airspace category. 

There were no training level by film category interactions detected for any of the 

judgments. 

ROC. Table 26 contains the results of the ROC analysis. Third year residents 

had higher scores than first year residents. Third year residents and radiologists had 

higher sensitivity scores. Third year residents and fourth year residents had higher 

specificity scores. 

Training 
Level A(z) SD Specificity Sensitivity Undecided 

1st 0.923 0.021 82.5 85.8 3.67 

2nd 0.960 0.015 87.5 90.8 3.33 

3rd 0.981 0.009 90.0 95.8 5.00 

4th 0.934 0.021 85.0 94.1 0 

Rad 0.953 0.018 90.0 93.3 .8 

Table 26. Results of the ROC analysis: A(z), standard error, 
sensisitivity and specificity 
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Time 

Time in seconds for the normal/abnormal judgment, viewing time after 

normal/abnormal judgment and drawing time were analyzed with a repeated measures 

ANOVA. Results pertaining to training level, category and the training level by 

category interaction are reported in the text. Complete results of the ANOVA are 

included as Appendix H. Reported differences are verified with Tukey HSD and are 

significant at the 0.05 level. 

Seconds to Normal/Abnormal Tudgment 

Table 27 contains the mean seconds to the normal/abnormal judgment. There 

was a significant main effeas for category^(3,60) = 44.301, MSE = 490.285, g < 

0.001. There was also a significant training level by category interaction F(12,60) = 

2.281, MSE = 490.285, p< 0.018. 

Figure 10 depicts the trends in time for the normal/abnormal judgment for 

training level by film category. Table 28 shows the results of the post hoc analysis of 

the film category main effea. Across groups, time to the normal/abnormal judgment 

was slowest for normal films. Table 29 contains the results of the post hoc analysis of 

the training level by film category interaction. First year residents and second year 

residents took an especially long time with normal films producing the training level 

by category interaction. 



Mean Time in Seconds for the Normal/Abnormal Tudgment for 
Specialty Groups by Film Category 

Category 
Specialty Normal Mass Interstitial Airspace 
First year resident M 30.72 8.55 5.35 8.52 

SD 26.55 15.22 12.97 17.21 
Second year resident M 41.28 7.68 1.53 10.31 

31.16 15.50 1.81 19.13 
Third year resident M 15.75 5.30 1.17 5.30 

9.11 9.52 0.71 8.76 
Fourth year resident M 10.35 3.87 1.87 2.82 

SD 11.10 7.81 4.50 6.35 
Radiologist M 18.52 6.45 1.00 5.05 

SD 17.51 16.04 0.00 8.04 
Table 27. Mean time in seconds for the normal/abnormal judgment for 
specialty groups by category 

Mean Seconds to 

Normal/Abnormal Judgment 
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Figure 10. Mean time in seconds for the normal/abnormal judgment 
for training levels by film category 
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Differences Among Film Categories 

Dependent Variable: Time to Normal/Abnormal 
Tukey HSD 

Mean 
Difference Std. 

95% Confidence 
Interval 

Lower Upper 
Category- Category (I-J) Error Sig. Boimd Boimd 
Airspace Interstitial 4.560 2.214 .178 -1.291 10.411 

Mass .820 2.214 .982 -5.031 6.671 
Normal -18.670'*- 2.214 .000 -24.521 -12.819 

Interstitial Airspace -4.560 2.214 .178 -10.411 1.291 

Mass -3.740 2.214 .338 -9.591 2.111 
Normal -23.230'^ 2.214 .000 -29.081 -17.379 

Mass Airspace -.820 2.214 .982 -6.671 5.031 

Interstitial 3.740 2.214 .338 -2.111 9.591 

Normal -19.490"^ 2.214 .000 -25.341 -13.639 

Normal Airspace 18.670^^ 2.214 .000 12.819 24.521 

Interstitial 23.230"^ 2.214 .000 17.379 29.081 

Mass 19.490* 2.214 .000 13.639 25.341 

The mean difference is significant at the .050 

Table 28. Difference among film, categories for time to 
normal/abnormal judgment 
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Significant Differences Among Training Level and Category 
Dependent Variable: Signed Confidence Specific Diagnosis 
TukeyHSD 

95% 
Confidence 

Interval 

® . .  
Training Level 
and Category 

.  .  
Training Level 
and Category 

Mean 
Difference Std. 

(I-J) Error Sig 
Lower 
Bound 

Upper 
Bound 

1st/ Airspace Ist/Normal -22.200 4.951 .005 -40.550 -3.850 

2nd/Nomial -32.760 4.951 .000 -51.110 -14.410 

Ist/Interstitial Ist/Normal -25.370 4.951 .001 -43.720 -7.020 

2nd/Normal -35.930 4.951 .000 -54.280 -17.580 

Ist/Normal 1st/ Airspace 22.200 4.951 .005 3.850 40.550 

Ist/Interstitial 25.370 4.951 .001 7.020 43.720 

Ist/Mass 22.170 4.951 .005 3.820 40.520 

2nd/ Airspace 20.410 4.951 .015 2.060 38.760 

2nd/Interstitial 29.190 4.951 .000 10.840 47.540 

2nd/Mass 23.040 4.951 .003 4.690 41.390 

3 rd/Airspace 25.420 4.951 .001 7.070 43.770 

3rd/Interstitial 29.550 4.951 .000 11.200 47.900 

3rd/Mass 25.420 4.951 .001 7.070 43.770 

4th/ Airspace 27.900 4.951 .000 9.550 46.250 

4th/Interstitial 28.850 4.951 .000 10.500 47.200 

4th/Mass 26.850 4.951 .000 8.500 45.200 

4th/Normal 20.370 4.951 .015 2.020 38.720 

Rad/Airspace 25.670 4.951 .000 7.320 44.020 

Rad/Interstitial 29.720 4.951 .000 11.370 48.070 

Rad/Mass 24.270 4.951 .001 5.920 42.620 

(continued) 
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Significant Differences Among Training Level and Category-
Dependent Variable: Signed Confidence Specific Diagnosis 
Tukey HSD 

® . . 
Training Level 
and Category 

95% 
Confidence 

Interval 

0) . . 
Training Level 
and Category 

Mean 
Difference 

q-J) 
Std. 

Error 
Lower 

Sig Bound 
Upper 
Boiind 

Ist/Mass Ist/Normal 
2nd/Nonnal 

-22.170 
-32.730 

4.951 
4.951 

.005 -40.520 

.000 -51.080 
-3.820 

-14.380 
2nd/Normal 1st/Airspace 32.760 4.951 .000 14.410 51.110 

Ist/Interstitial 35.930 4.951 .000 17.580 54.280 

Ist/Mass 32.730 4.951 .000 14.380 51.080 

2nd/Airspace 30.970 4.951 .000 12.620 49.320 

2nd/Interstitial 39.750 4.951 .000 21.400 58.100 

2nd/Mass 33.600 4.951 .000 15.250 51.950 

3rd/Airspace 35.980 4.951 .000 17.630 54.330 

3rd/Interstitial 40.110 4.951 .000 21.760 58.460 

3rd/Mass 35.980 4.951 .000 17.630 54.330 

3rd/Normal 25.530 4.951 .000 7.180 43.880 

4th/Airspace 38.460 4.951 .000 20.110 56.810 

4th/Interstitial 39.410 4.951 ,000 21.060 57.760 

4th/Mass 37.410 4.951 .000 19.060 55.760 

4th/Normal 30.930 4.951 .000 12.580 49.280 

Rad/Airspace 36.230 4.951 .000 17.880 54.580 

Rad/Interstitial 40.280 4.951 .000 21.930 58.630 

Rad/Mass 34.830 4.951 .000 16.480 53.180 

Rad/Normal 22.760 4.951 .003 4.410 41.110 

{continued) 
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Significant Differences Among Training Level and Category 
Dependent Variable: Signed Confidence Specific Di^nosis 
Tukey HSD 

95% 
Confidence 

Interval 
®  . .  
Training Level 
and Category 

^ . . 
Training Level 
and Category 

Mean 
Difference 

a-j) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bovmd 

2nd/ Airspace Ist/Normal -20.410 4.951 .015 -38.760 -2.060 

2nd/Normal -30.970 4.951 .000 -49.320 -12.620 

2nd/Interstitial Ist/Normal -29.190 4.951 .000 -47.540 -10.840 

2nd/Normal -39.750 4.951 .000 -58.100 -21.400 

2ndAlass Ist/Normal -23.040 4.951 .003 -41.390 -4.690 

2nd/Normal -33.600 4.951 .000 -51.950 -15.250 

3 rd/Airspace Ist/Normal -25.420 4.951 .001 -43.770 -7.070 

2nd/Normal -35.980 4.951 .000 -54.330 -17.630 

3rd/Interstitial Ist/Normal -29.550 4.951 .000 -47.900 -11.200 

2nd/Normal -40.110 4.951 .000 -58.460 -21.760 

3rd/Mass Ist/Normal -25.420 4.951 .001 -43.770 -7.070 

2nd/Normal -35.980 4.951 .000 -54.330 -17.630 

3rd/Normal 2nd/Normal -25.530 4.951 .000 -43.880 -7.180 

4th/Airspace Ist/Normal -27.900 4.951 .000 -46.250 -9.550 

2nd/Normal -38.460 4.951 .000 -56.810 -20.110 

4th/Interstitial Ist/Normal -28.850 4.951 .000 -47.200 -10.500 

2nd/Normal -39.410 4.951 .000 -57.760 -21.060 

4th/Mass Ist/Normal -26.850 4.951 .000 -45.200 -8.500 

2nd/Normal -37.410 4.951 .000 -55.760 -19.060 
(continued) 
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Significant Differences Among Training Level and Category 
Dependent Variable: Signed Confidence Specific Diagnosis 
Tukey HSD 

95% 
Confidence 

Interval 

®  . .  
Training Level 
and Category 

®  .  .  
Training Level 
and Category 

Mean 
Difference 

a-j) 
Std. 

Error Sig 
Lower 
Bound 

Upper 
Bound 

4th/Normal Ist/Normal -20.370 4.951 .015 -38.720 -2.020 

2nd/Normal -30.930 4.951 .000 -49.280 -12.580 

Rad/ Airspace Ist/Normal -25.670 4.951 .000 -44.020 -7.320 

2nd/Normal -36.230 4.951 .000 -54.580 -17.880 

Rad/Interstitial Ist/Normal -29.720 4.951 .000 -48.070 -11.370 

2nd/Normal -40.280 4.951 .000 -58.630 -21.930 

Rad/Mass Ist/Normal -24.270 4.951 .001 -42.620 -5.920 

2nd/Norraal -34.830 4.951 .000 -53.180 -16.480 

Rad/Normal 2nd/Normal -22.760 4.951 .003 -41.110 -4.410 

Table 29. Differences among training level and film category for time to 
the normal/abnormal judgment (significant at 0.05 level only) 

Table 30 contains information regarding the first two images by film category. 

The number of films from each film category, mean and standard deviation for the 

film category are listed. There was a significant effect for film category, F(3,42) = 

6.111, MSE = 154.737, p <0.002. Table 31 contains the post hoc analysis of the 

differences between responses by film category. Overall, participants take longer to 

arrive at a normal/abnormal judgment with normal images than with abnormal 
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images. Mean time to the normal/abnormal judgment was significantly longer for 

normal films than for airspace or interstitial category films. 

First Two Films Viewed ~ Coirect Judgments Only 

Time to Normal/Abnormal 
Judgment 

N Mean 
Std. 

Deviation 
Airspace 17 1.3529 1.8007 

Interstitial 12 2.5000 4.8897 

Mass 11 6.4545 12.3884 

Normal 6 25.6667 30.4937 

Total 46 6.0435 14.4036 

Table 30. Time to normal/abnormal judgment for first two films 
viewed by subjects 
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Differences Among Film Categories 

Dependent Variable: Time to Norma/Abnormal Judgment 
First two films viewed only 
Tukey HSD 

95% Confidence 
Mean InzervA 

(]Q Film 
Category 

Film 
Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -1.1471 4.690 .995 -13.6929 11.3988 
Mass -5.1016 4.813 .715 -17.9774 7.7742 
Normal -24.3137'^ 5.907 .001 -40.1146 -8.5128 

Interstitial Airspace 1.1471 4.690 .995 -11.3988 13.6929 
Mass -3.9545 5.192 .871 -17.8443 9.9352 
Normal -23.1667* 6.220 .003 -39.8041 -6.5292 

Mass Airspace 5.1016 4.813 .715 -7.7742 17.9774 
Interstitial 3.9545 5.192 .871 -9.9352 17.8443 
Normal -19.2121'^ 6.313 .020 -36.0998 -2.3244 

Normal Airspace 24.3137=^ 5.907 .001 8.5128 40.1146 

Interstitial 23.1667* 6.220 .003 6.5292 39.8041 

Mass 19.2121* 6.313 .020 2.3244 36.0998 

The mean difference is significant at the .05 

Table 31. Differences among film categories for time to 
normal/abnormal judgment for the first two film viewed and judged 
correctly by each participant 

Additional viewing time after normal/abnormal judgment 

Table 32 contains the mean viewing time after the normal/abnormal 

judgment. There was no significant main effea for training level; nor was there a 
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significant training level by category interaction. A significant main effect for category 

was detected F(2,40) = 14.048, MSE = 480.598, g < 0.001. 

Mean Viewing Time in Seconds for Training Level 
by Film Category 

Category 
Specialty Airspace Interstitial Mass 
First year M 39.45 56.40 51.22 
resident SD 32.01 29.13 39.08 
Second year M 8.55 9.52 9.25 
resident SD 19.08 17.61 16.91 
Third year M 26.42 29.30 27.32 
resident SD 23.01 28.13 26.69 
Fourth year M 13.27 12.22 12.37 
resident SD 21.77 18.91 18.26 
Radiologist M 25.95 33.52 23.22 

SD 18.71 21.25 16.18 
Table 32. Mean viewing time in second for specialty groups by film 
category 
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Viewing Time After 

Normal/Abnormal Judgment 

Film Category 
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Figure 11. Means for additional viewing time after the 
normal/abnormal judgment for training levels by film category 

Figure 11 depicts the relationship between viewing time by specialty and film 

category. Table 33 contains the results of the post hoc analysis of the main effea due 

to film category. Additional viewing time after the normal/abnormal judgment were 

longer for the interstitial category than for the mass category or the airspace category. 
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Differences Among Film Categories 

Dependent Variable: Viewing Time after Normal/Abnormal 
Tukey HSD 

Mean 

95% Confidence 
Interval 

(I) Film 
Category 

0) Film 
Category 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -9.670'^ 2.192 .000 -15.006 -4.334 

Mass .745 2.192 .938 -4.591 6.081 

Interstitial Airspace 9.670* 2.192 .000 4.334 15.006 

Mass 10.415"^ 2.192 .000 5.079 15.751 

Mass Airspace -.745 2.192 .938 -6.081 4.591 

Interstitial -10.415* 2.192 .000 -15.751 -5.079 

The mean difference is significant at the .050 level. 

Table 33. Differences between additional viewing time for film 
categories 

Total drawing time 

Table 34 contains the drawing time for training levels by film category. There 

was a significant main effect for film category, F(3,57) = 47.101, MSE = 231.717, p < 

0.001. There was no significant main effect for training level; nor was there a training 

level by category interaction. 
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Mean Drawing Time in Seconds for Training Level by 
Film Category 

Category 
Specialty Normal Mass Interstitial Airspace 
First year M 4.10 14.00 21.37 14.80 
resident m 9.14 14.62 16.73 14.02 
Second year M 0.00 1.78 3.00 2.55 
resident m 0.00 3.85 5.70 5.32 
Third year M 3.72 9.67 21.20 10.52 
resident SD 11.25 10.50 30.17 15.14 
Fourth year M 2.55 5.12 3.57 4.02 
resident m 5.66 9.95 6.03 6.15 
Radiologist M 1.62 7.92 18.42 8.72 

SD 7.30 5.65 10.26 6.08 
Table 34. Mean drawing time in seconds for training level by film 
category 
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Figure 12. Mean drawing time for training level by film category 
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Figure 12 depicts the relationship between drawing time by specialty and film 

category. Table 35 contains the post-hoc analysis of the main effect due to film 

category. Overall mean drawing times, were fastest for normal; followed by airspace 

and mass; and longest for interstitial. 

Differences Among Film Categories 

Dependent Variable: Drawing 
Tukey HSD 

(I) Film Q) Film 
Category Category 

Mean 
Difference Std. 

(I-J) Error 

95% Confidence 
Interval 

Sig-
Lower 
Boxmd 

Upper 
Bound 

Airspace Interstitial 
Mass 
Normal 

-7.970* 1.554 .000 
.860 1.554 .945 

10.510'^ 1.554 .000 

-12.082 -3.858 
-3.252 4.972 
6.398 14.622 

Interstitial Airspace 
Mass 
Normal 

7.970* 1.554 .000 
8.830* 1.554 .000 

18.480* 1.554 .000 

3.858 12.082 
4.718 12.942 

14.368 22.592 
Mass Airspace -.860 1.554 .945 

Interstitial -8.830* 1.554 .000 

Normal 9.650* 1.554 .000 

-4.972 3.252 
-12.942 -4.718 

5.538 13.762 

Normal Airspace -10.510* 1.554 .000 
Interstitial -18.480* 1.554 .000 
Mass -9.650* 1.554 .000 

-14.622 -6.398 
-22.592 -14.368 
-13.762 -5.538 

*. The mean difference is significant at the .050 

Table 35. Differences among film categories for total drawing time 
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Objects 

This section contains the results of analyses of the number of objeas drawn per 

sketch. First, the results of the repeated measure ANOVA are reported. Results 

pertaining to the training level, category and training level by category interaaion are 

included in the text. The complete results of the ANOVA are included as Appendix 

H. Next, the results of additional analyses of films which were judged abnormal by 

participants are reported. 

Objects per Sketch: All Sketches. 

Table 32 contains the mean objects per sketch. There was no significant main 

effect for training level; nor was there a significant training level by category 

interaaion. A significant main effect for category was detected F(3,57) = 169.368, 

MSE = 2.686, e < 0.001. 

Figure 13 shows a the relationship among training levels by film category for 

the number of objects per sketch. Table 37 contains the post hoc analysis of the main 

effect due to film category. Overall, the fewest objects were sketched for normal; 

followed by airspace disease and mass; and the most objects were sketch for interstitial 

disease. 
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Mean Number of Objects per Sketch for Training Levels 
by Film Category 

Category 
Specialty Normal Mass Interstitial Airspace 
First year M .60 2.60 4.15 2.45 
resident SD 1.46 2.15 1.82 2.00 
Second year M .40 2.37 4.65 2.80 
resident SD 1.32 1.53 1.69 2.30 
Third year M 3.12 2.62 4.09 3.09 
resident SD .89 1.29 2.27 1.77 
Fourth year M .47 2.50 3.60 2.65 
resident SD 1.43 1.34 1.53 1.94 
Radiologist M .12 2.37 3.80 2.50 

SD .40 1.43 1.40 1.48 
Table 36. Mean niunber of objects per sketch for specialty groups by 
film category 
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Figure 13. Mean objeas per sketch for training levels by film category 
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Differences Among Film Categories 

Dependent Variable: Objects per 
TukeyHSD 

95% Confidence 
Mean IntervsX 

(]Q Film 
Category 

(J) Film 
Category 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -1.460* .167 .000 -1.903 -1.017 
Mass .180 .167 .705 -.263 .623 
Normal 2.290* .167 .000 1.847 2.733 

Interstitial Airspace 1.460* .167 .000 1.017 1.903 
Mass 1.640* .167 .000 1.197 2.083 
Normal 3.750* .167 .000 3.307 4.193 

Mass Airspace -.180 .167 .705 -.623 .263 
Interstitial -1.640* .167 .000 -2.083 -1.197 
Normal 2.110* .167 .000 1.667 2.553 

Normal Airspace -2.290* .167 .000 -2.733 -1.847 
Interstitial -3.750* .167 .000 -4.193 -3.307 

Mass -2.110* .167 .000 -2.553 -1.667 

The mean difference is significant at the .050 

Table 37. Differences among film categories for objects drawn per 
sketch 

Objects per Sketch: Abnormal Tudgments Only 

Table 38 contains the mean objects per sketch, standard deviation and number 

of films judged as abnormal by film category. Figure 14 graphically represents the 

non-significant developmental trend in which groups with more experience (with the 

exception of first year residents) sketch fewer objects per sketch. 
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Objects per Sketch when Judgment 
Abnormal 

Training 
Level Mean 

Std. 
Deviation N 

1st 3.4762 1.9270 105 
2nd 3.6055 1.9149 109 
3rd 3.3763 1.8410 93 
4th 3.1071 1.5674 112 
Radiologist 3.0982 1.4076 112 
Total 3.3277 1.7424 531 

Table 38. Mean objects per sketch, standard deviation and number of 
images judged as abnormal by training level 

Objects per Sketch 

For Abnormal Judgments 
3.71 

1st 2nd 3rd 4th Rad 

Specialty-

Figure 14. Mean number of objects sketch per image judged as 
abnormal by training level 



149 

Standard 
Count Mean Deviation 

Film 
Category 

Airspace 171 3.14 1.69 Film 
Category Interstitial 198 4.08 1.75 

Mass 185 2.69 1.47 

Normal 175 .02 .19 

Table 39. Mean number of objects sketched by film category when 
judgment correa. 

General Expertise 

Physicians participating in the general expertise ponion of this study 

volunteered approximately one hour of time during their normal work day. Neither 

fuzzy-trace theory nor the specific theoretical predictions for this study were explained 

to the participants. 

Accuracy and Confidence 

Analysis for the acciiracy of the judgment questions (i.e., normal/abnormal 

judgment correct, category judgment correct, specific diagnosis correa and specific 

diagnosis consistent) and the related confidence responses are reported in the following 

seaions. Finally, the results of the ROC analysis of the normal/abnormal judgment 

will be reported. 

Accuracy 

This seaion contains the ANOVA results for the accuracy of the 

normal/abnormal judgment, the category judgment, "consistent" specific diagnosis and 
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correa specific diagnosis. Results penaining to training level, category and the 

training level by category interaction are reported in the text. The complete results of 

the ANOVA are included as Appendix I. Reported differences are verified with 

Tukey HSD and are significant at the 0.05 level. 

Normal/Abnormal Tudgment. Table 40 lists the mean percent correct for the 

normal abnormal/judgment for each specialty by film category. There was a significant 

main effect for film category F(3,36) = 12.603, MSE = 0.040, g < 0.001. Figure 16 

shows the relationship among specialties by film category for accuracy in the normal 

abnormal judgment. Table 41 shows the results of the post hoc analysis of the 

differences between film categories. Overall, participant's accuracy was significantly 

higher for interstitial category films. 

Mean % Correct for the Normal/Abnormal Judgment for 
Specialty Groups by Film Categorv 

Category 
Specialty Airspace Interstitial Mass Normal 
Internist M 80.00 100.00 87.50 82.50 

40.51 0.00 33.49 38.48 
Pulmonologist M 87.50 97.50 92.50 82.50 

SD 33.49 15.81 26.67 33.49 
Radiologist M 87.50 87.50 92.50 87.50 

SD 33.49 33.49 26.67 33.49 
Table 40. Mean percent correct for specialty by film category for the 
normal/abnormal judgment 



Mean Percent Correct 

Normal/Abnormal Judgment 

Rad Pultn Internist 

Specialty 

Figure 15. Mean percent correa for specialties by film category for the 
normal/abnormal judgment 



152 

Differences Among Film Categories 

Dependent Variable: Normal/Abnormal 
Tukey HSD 

Mean 
95% Confidence 

Interval 
(I) Film 
Category 

(J) Film 
Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -.140"^ .026 .000 -.210 -.070 
Mass -.060 .026 .111 -.130 .010 
Normal -.010 .026 .980 -.080 .060 

Interstitial Airspace .140* .026 .000 .070 .210 
Mass .080* .026 .019 .010 .150 
Normal .130* .026 .000 .060 .200 

Mass Airspace .060 .026 .111 

1 

1
 o
 

o
 

.130 
Interstitial -.080* .026 .019 -.150 -.010 
Normal .050 .026 .231 -.020 .120 

Normal Airspace .010 .026 .980 -.060 .080 
Interstitial -.130* .026 .000 -.200 -.060 
Mass -.050 .026 .231 -.120 .020 

The mean difference is significant at the .050 

Table 41. Differences among film categories for percent correct for the 
Normal/Abnormal Judgment. 

Category Tudgment. Table 42 lists the means percent correa for specialty 

groups by film category for the category judgment. There were significant main effects 

for both specialty, F(2,12) = 10.987. MSE = 0.104, p < 0.002 and category, F(2,24) = 

4.242, MSE = 0.115, p < 0.026. A significant specialty by category interaction was 

also detected, F(4,24) = 5.879. MSE = 0.115, p < 0.002. 
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Mean Percent Correa for the Category Tudgment for 
Specialty Groups bv Film Category-

Category 
Specialty Airspace Mass Interstitial 
Internist M 60.00 70.00 70.00 

SD 49.61 46.41 46.41 
Pulmonologist M 80.00 82.50 47.50 

SD 40.51 38.48 50.57 
Radiologist M 77.50 90.00 87.50 

SD 42.29 30.38 33.49 
Table 42. Mean percent correct for the category judgment for specialty 
groups by film category 

Mean Percent Correct 

Category Judgment 
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Figure 16. Mean correct for category judgment for specialty groups by 
film category 
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Figure 16 shows the mean percent correct for specialties by film category for 

the category judgment. Table 43 contains the post hoc analysis of the differences due 

to specialty. Across film categories, radiologists had higher acauacy than both the 

pulmonologists and the internists Table 44 shows the results of the post hoc analysis 

of the differences due to fihn category. Overall, participants did better with interstitial 

category films; followed by airspace category films; followed by mass category films. 

The difference between interstitial and mass was significant. Table 45 shows the results 

of the post hoc analysis of the specialty by film category interaaion. The interaction 

was primarily due to pulmonologists having especially low accuracy for interstitial 

category films. 

Differences Among Specialties 

Dependent Variable: Category 
Tukey HSD 

Mean 
95% Confidence 

Interval 

® .. 
Specialty 

0) .. 
Specialty 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Rad Pulm .150* .042 .009 .039 .261 
Internist .180* .042 .003 .069 .291 

Pulm Rad -.150* .042 .009 -.261 -.039 
Internist .030 .042 .756 -.081 .141 

Internist Rad -.180* .042 .003 -.291 -.069 
Pulm -.030 .042 .756 -.141 .081 

The mean difference is significant at the .050 level. 

Table 43. Differences among specialties for percent for the category 
judgment 
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Differences Among Film Categories 

Dependent Variable: Category 
TukeyHSD 

95% Confidence 
Interval 

(I) Film Q) Film 
Category Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Boimd 

Airspace Interstitial .050 .044 .498 -.059 .159 
Mass -.080 .044 .182 -.189 .029 

Interstitial Airspace -.050 .044 .498 -.159 .059 
Mass -.130* .044 .018 -.239 -.021 

Mass Airspace .080 .044 .182 -.029 .189 
Interstitial .130"^ .044 .018 .021 .239 

The mean difference is significant at the .050 

Table 44. Differences among percent correct by film category for the 
category judgment 
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Differences Among Specialty and Film Category 

Dependent Variable: Category 

Tukey HSD 

95% Confidence 

Mean Interval 

(I) Specialty and Q) Specialty and Difference Std. Lower Upper 
Film Category Film Category a-j) Error Sig. Bound Bound 

Internist/ Airspace Rad/Interstitial -275* .076 .030 -.533 -.017 

Rad/Mass -.300* .076 .014 -.558 -.042 

Pulm/Airspace Pulm/Interstitial .325* .076 .007 .067 .583 

Puim/Interstitial Pulm/ Airspace -.325* .076 .007 -.583 -.067 

Pukn/Mass -.350* .076 .003 -.608 -.092 

Rad/Airspace -.300* .076 .014 -.558 -.042 

Rad/Interstitial -.400* .076 .001 -.658 -.142 

Rad/Mass -.425* .076 .000 -.683 -.167 

Pulm/Mass Pulm/Interstitial .350* .076 .003 .092 .608 

Rad/ Airspace Pulm/Interstitial .300* .076 .014 .042 .558 

Rad/Interstitial Internist/ Airspace .275* .076 .030 .017 .533 

Pulm/Interstitial .400* .076 .001 .142 .658 

Rad/Mass Internist/Airspace .300* .076 .014 .042 .558 

Pulm/Interstitial .425* .076 .000 .167 .683 

The mean difference is significant at the .050 

Table 45. Differences among percent correct for specialty and film 
category combined for the category judgment 

Specific Diagnosis Tudgment "Consistent". Table 46 contains the mean percent 

of responses that were consistent with the specific diagnosis for each specialty group by 

category. There were significant main effects for both training level^(2,12) = 8.878, 

MSE = 0.114, g < 0.011, and category, F(2,24) = 9.252, MSE = 0.126, g < 0.001. 
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Mean Percent "Consistent" for the Sperifir Diapirxtic 

Judgment for Specialty bv Film Category-

Category 
Specialty Airspace Mass Interstitial 
Internist M 60.00 65.00 37.50 

SD 49.61 48.30 49.03 
Pulmonologist M 80.00 80.00 42.50 

SD 40.51 40.51 50.06 
Radiologist M 

SD 
77.50 
42.29 

90.00 
30.38 

70.00 
46.41 

Table 46. Mean percent "consistent" for the specific diagnosis judgment 
for specialty groups by film category 

Figure 17 depicts the relationship between specialty groups for "consistent" 

specific diagnoses by film categories. Table 47 contains the results of the post hoc 

analysis of the main effect due to specialty. Radiologist had higher accuracy for 

consistent diagnosis, followed by pulmonologists, followed by internists. The 

difference between performance of radiologists and internists was significant at the 0.05 

level. Table 47 shows the post hoc analysis of the main effect due to film category. All 

groups generally had fewer consistent responses for interstitial diseases than for the 

airspace or mass categories. 
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Figure 17. Mean "consistent" specific consistent diagnoses for specialty 
groups by film category 

Differences Among Specialties 

Dependent Variable: Specific Diagnosis "Consistent" 
Tukey HSD 

Mean 

95% Confidence 
Interval 

Specialty Specialty 
Difference 

a-j) 
Std. 

Error Sig. 
Lower 
Bound 

Upper 
Bound 

Rad Pulm .010 .044 .971 -.106 .126 
Internist .160"^ .044 .008 .044 .276 

Pulm Rad -.010 .044 .971 -.126 .106 
Internist .150* .044 .013 .034 .266 

Internist Rad -.160* .044 .008 -.276 -.044 
Pulm -.150* .044 .013 -.266 -.034 

*. The mean difference is significant at the .050 level. 

Table 47. Differences among percent correct by specialty for the specific 
diagnosis judgment "consistent" 
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Differences Among Film Categories 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

Mean 

95% Confidence 
Interval 

(I) Film (J) Film 
Category Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bovmd 

Airspace Interstitial .180=^ .046 .002 .066 .294 

Mass .010 .046 .974 -.104 .124 
Interstitial Airspace -.180^^ .046 .002 -.294 -.066 

Mass -.170"^ .046 .003 -.284 -.056 

Mass Airspace -.010 .046 .974 -.124 .104 

Interstitial .170=^ .046 .003 .056 .284 

The mean difference is significant at the .050 

Table 48. Differences among percent correct by film category for 
specific diagnosis Judgment "consistent" 

Specific Diagnosis Judgment Correct. Table 49 contains the mean for the 

specific diagnosis for each specialty group by category. There were significant main 

effects for both specialty, F(2,12) = 8.150, MSE = 0.056, p < 0.006, and category, 

F(2,24) = 20.605. MSE = 0.083, p < 0.001. A significant specialty by film category 

interaction was also detected, F(4,24) = 5.882, MSE = 0.083, p < 0.002. 
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Mean Percent Correct for the Specific Diagnosis 
Tudgment for Specialty Groups bv Film Category-

Category 
Specialty Airspace Mass Interstitial 
Internist M 12.50 10.00 12.50 

SD 33.49 30.38 33.49 
Pulmonologist M 7.50 12.50 42.50 

SD 26.67 33.49 50.06 
Radiologist M 5.00 25.00 40.00 

SD 22.07 43.85 49.61 
Table 49. Mean percent correct for the specific diagnosis judgment for 
specialty groups by film category 

Figure 18 depicts the mean correct specific diagnoses for specialty groups by 

film category. Table 50 contains the post hoc analysis of the main effect due to 

specialty. Radiologists and pulmonologists had higher accuracy than the internists for 

correct specific diagnoses. Table 51 shows the results of the post hoc analysis of the 

main effea due to film category. Overall, groups had highest percent correct scores for 

interstitial category films than for mass and airspace category films. However, 

radiologist and pulmonologists performed much better with interstitial films causing 

the specialty by category interaction. Table 52 shows the results of the post hoc 

analysis of the specialty by film category interaction. 
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Figure 18. Mean correa specific diagnoses for specialty groups by film 
category 

Differences Among Specialties 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

Mean 
Difference Std. 

95% Confidence 
Interval 

Lower Upper 
Specialty Specialty a-j) Error Sig. Bound Bound 

Rad Pulm .020 .031 .793 -.062 .102 
Internist .110* .031 .009 .028 .192 

Pulm Rad -.020 .031 .793 -.102 .062 

Internist .090"^ .031 .031 .008 .172 

Internist Rad -.llO"^ .031 .009 -.192 -.028 
Pulm -.090* .031 .031 -.172 -.008 

The mean difference is significant at the .050 level. 

Table 50. Differences among percent correct by specialty for specific 
diagnosis judgment correct 
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Differences Among Categories 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

Mean 

95% Confidence 
Interval 

(I) Film Q) Film 
Category Category 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -.237=^ .037 .000 -.330 -.144 
Mass -.077 .037 .117 -.170 .016 

Interstitial Airspace .237=^ .037 .000 .144 .330 

Mass .leo"^ .037 .001 .067 .253 

Mass Airspace .077 .037 .117 -.016 .170 

Interstitial -.160* .037 .001 -.253 -.067 

The mean difference is significant at the .050 

Table 51. Differences among percent correct by film category for 
specific diagnosis judgment correct 
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Significant Differences Among Specialty and Film Category 

Dependent Variable: Specific Diagnosis 
Tukey HSD 

Mean 
95% Confidence 

Interval 
(I) Specially and 
Film Category 

(J) Specialty and 
Film Category 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Internist/ Airspace Pulm/Interstitial -.300* .064 .003 -.519 -.081 
Rad/Interstitial -.275* .064 .007 -.494 -.056 

Intemist/Interstitia Pulm/Interstitial -.300* .064 .003 -.519 -.081 
Rad/Interstitial -.275* .064 .007 -.494 -.056 

Intemist/Mass Pulm/Interstitial -.325* .064 .001 -.544 -.106 
Rad/Interstitial -.300* .064 .003 -.519 -.081 

Pulm/ Airspace Pulm/Interstitial -.350* .064 .000 -.569 -.131 
Rad/Interstitial -.325* .064 .001 -.544 -.106 

Pulm/Interstitial Internist/Airspace .300* .064 .003 .081 .519 

Intemist/Interstitia .300* .064 .003 .081 .519 
Intemist/Mass .325* .064 .001 .106 .544 
Pulm/Airspace .350* .064 .000 .131 .569 

Pulm/Mass .300* .064 .003 .081 .519 

Rad/ Airspace .375* .064 .000 .156 .594 

Pulm/Mass Pulm/Interstitial -.300* .064 .003 -.519 -.081 

Rad/Interstitial -.275* .064 .007 -.494 -.056 

Rad/ Airspace Pulm/Interstitial -.375* .064 .000 -.594 -.156 

Rad/Interstitial -.350* .064 .000 -.569 -.131 

Rad/Interstitial Internist/ Airspace .275* .064 .007 .056 .494 

Intemist/Interstitia .275* .064 .007 .056 .494 

Intemist/Mass .300* .064 .003 .081 .519 

Pulm/ Airspace .325* .064 .001 .106 .544 

Pulm/Mass .275* .064 .007 .056 .494 

Rad/ Airspace .350* .064 .000 .131 .569 

Table 52. Differences among percent correct by specialty and film 
category combined for specific diagnosis judgment correa (significant at 
0.05 level only) 
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Summary of Accuracy. Accuracy was generally higher for radiologists than for 

internists. However, pulmonologists' accuracy was as high as radiologists for 

"consistent" and correct specific diagnoses. No significant differences were detected 

among specialties for the normal/abnormal judgment. 

Accuracy for category varied depending on the judgment. Accuracy was higher 

for interstitial category films than for all other categories for the normal/abnormal 

judgment. For category judgments, interstitial was higher than mass. Accuracy for 

airspace category films was between interstitial and mass but not significantly different 

than either category. "Consistent" specific diagnoses was lower for interstitial than for 

mass or airspace category films. For correct specific diagnosis, accuracy was higher for 

interstitial than for mass or airspace category films. 

There were two significant specialty by category interactions. For the category 

judgment, pulmonologists has especially low accuracy for interstitial films but for 

correa specific diagnoses, pulmonologists had especially high accuracy. 

Confidence. This section contains the ANOVA results for confidence 

reported for the normal/abnormal judgment, the category judgment, and specific 

diagnosis judgment. Results pertaining to specialty, category and the specialty by 

category interaction are reported in the text. The complete results of the ANOVA are 

included as Appendix I. Reported differences are verified with Tukey HSD and are 

significant at the 0.05 level. 



Table 53 lists the mean confidence score for each specialty by film category. 

There was a significant main effect for category F(3,36) = 18,87, MSE = 0.286, g_< 

0.001. No significant effect was found for specialty. The specialty by category 

interactions was not significant at the 0.05 level. 

Mean Confidence Ratings for the Normal/Abnormal Tudgment for 
Specialty Groups by Film Category 

Category 
Specialty Airspace Interstitial Mass Normal 
Internist M 2.72 2.90 2.65 2.37 

SD .45 .38 .62 .58 
Pulmonologist M 2.85 2.97 2.82 2.47 

SD .43 .16 .59 .60 
Radiologist M 2.87 3.00 2.92 2.52 

SD .33 0.00 .27 .75 
Table 53. Mean confidence ratings for specialty groups by film category 
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Figure 19. Mean confidence for the normal/abnormal judgment for 
specialty groups by film category 

Figure 19 depicts the trend in the mean confidence levels for each specialty by 

category. Table 54 contains the results of the post hoc analysis of the main effea 

due to film category. Across specialties, groups were less confident in their decisions 

with normal films. 
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Differnces Among Film Categories 

Dependent Variable: Normal/Abnormal 
Tukey HSD 

95% Confidence 
Mean Interv^ 

(1) Film 
Category-

Q)Film 
Category 

Difference 
(I-J) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -.140 .069 .197 -.326 .046 
Mass .020 .069 .991 -.166 .206 
Normal .360'^ .069 .000 .174 .546 

Interstitial Airspace .140 .069 .197 -.046 .326 
Mass .160 .069 .113 -.026 .346 

Normal .500"^ .069 .000 .314 .686 

Mass Airspace -.020 .069 .991 -.206 .166 

Interstitial -.160 .069 .113 -.346 .026 

Normal .340'^ .069 .000 .154 .526 

Normal Airspace -.360'«- .069 .000 -.546 -.174 

Interstitial -.500" .069 .000 -.686 -.314 

Mass -.340=^ .069 .000 -.526 -.154 

The mean difference is significant at the .050 

Figure 20. Differences among film categories for confidence in the 
normal/abnormal judgment 

Category Tudgment. Table 54 contains the mean confidence scores for the 

category judgment for specialty groups by film category. A significant main effect was 

detected for specialty F(2,12) = 7.275, MSE = 0.969, p < 0.009. There was no main 

effea for film category and no specialty by category interaction was detected. 
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Mean Confidence for the Category Tudgment for 
Specialty Groups bv Film Category 

Category 
Specialty Airspace Mass Interstitial 
Internist M 2.22 2.22 2.22 

SD .53 .53 .53 
Pulmonologist M 2.60 2.52 2.60 

SD .74 .68 .74 
Radiologist M 2.67 2.80 2.67 

SD .69 .40 .69 
Table 54. Mean confidence scores for the category judgment for 
specialty groups by film category 

Figure 21 depicts the relationship among specialties for confidence in the 

category judgment for specialties by film category. Table 55 contains the results of the 

Mean Confidence Score 

Category Judgment 

llmerstitul 

Rad Pulm Internist 
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Figure 21. Mean confidence scores for the category judgment for 
specialty groups by film category 
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post hoc analysis of the main effect due to specialty. Radiologists were more confident 

than internists in their category judgments. 

Differences Among Specialties 
Dependent Variable: Category 
Tukey HSD 

95% Confidence 
Mean Interval 

Specialty ^ .. Specialty 
Difference 

d-j) 
Std. 

Error Sig. 
Lower 
Bound 

Upper 
Bound 

Rad Pulm .210 .127 .263 -.129 .549 
Internist .480* .127 .007 .141 .819 

Pulm Rad -.210 .127 .263 -.549 .129 
Internist .270 .127 .126 -.069 .609 

Internist Rad -.480'«- .127 .007 -.819 -.141 
Pulm -.270 .127 .126 -.609 .069 

The mean difference is significant at the .050 level. 

Table 55. Differences among specialties for confidence in the category 
judgment 

Specific Diagnosis Tudgment. Table 56 lists the mean confidence scores for each 

specialty by film category. A significant main effect was detected for confidence in the 

specific diagnosis among film categories F(2,24) = 8.965, MSE = 0.685, £ < 0.001. 

There was no significant main effect for specialty. No specialty by category 

interaction was detected. 
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Mean Confidence for the Specific Diagnosis Tudgment 
for Specialty Groups bv Film Category 

Category 
Specialty Airspace Interstitial Mass 
Internist M 2.00 1.47 2.22 

.55 .68 .53 
Pulmonologist M 2.05 1.87 2.52 

SD .84 .85 .68 
Radiologist M 1.97 1.32 2.80 

SD .92 .83 .40 
Table 56. Mean confidence level for the specific diagnosis judgment for 
specialty groups by film category 

Figure 22 shows the relationship of confidence in the specific diagnosis among 

specialty groups by film category. Table 57 contains the post hoc analysis of the main 
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Figure 22. Mean confidence in the specific diagnosis for specialty groups 
by film category 
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effect due to film category. Overall, groups more confident for interstitial category 

films, followed by airspace category films, followed by mass category films. 

Differences Among Film Categories 
Dependent Variable: Specific Diagnosis 
Tukey HSD 

95% Confidence 
Mean Interval 

® Film p) Film 
Category Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -.550"^ .107 .000 -.817 -.283 
Mass .270* .107 .047 .003 .537 

Interstitial Airspace .550" .107 .000 .283 .817 
Mass MO* .107 .000 .553 1.087 

Mass Airspace -.270* .107 .047 -.537 -.003 
Interstitial -.820'^ .107 .000 -1.087 1 Ln

 

The mean difference is significant at the .050 

Table 57. Differences among film categories for signed confidence in the 
specific diagnosis judgment 

Summary of confidence. Across groups, confidence was lower for normal 

films than for all other film categories for the normal/abnormal judgment. There were 

few differences found in confidence levels between groups. Radiologists had higher 

confidence that internists in the category judgment. For specific diagnoses confidence 

was higher for interstitial category films, followed by airspace category films, followed 

by mass category films. 
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ROC. 

Table 58 shows the results of the of the ROC analysis. No significant 

differences were detected in performance were detected. 

Specialty A(z) SD Specificity Sensitivity Undecided 

Internist 0.934 0.021 82.5 90.8 0.0 

Pulmonologist 0.952 0.016 82.0 90.8 0.0 

Radiologist 0.953 0.019 90.0 93.3 0.8 

Table 58. A(z), standard error, sensitivity and specificity for specialty 
groups 

Time 

Time in seconds for the normal/abnormal judgment, additional viewing time 

after the normal/abnormal judgment and drawing time were analyzed with a repeated 

measures ANOVA. Results penaining to specialty, category and the specialty by 

category interaction are reported in the text. The complete results of the ANOVA are 

included as Appendix I. Reported differences are verified with Tukey HSD and are 

significant at the 0.05 level. 

Seconds to Normal/Abnormal Judgment 

Table 59 contains the mean seconds to the normal/abnormal judgment. There 

was no significant main effect for specialty; nor was there a specialty by category 

interaction. However, a significant main effect was found for category, F(3,36) = 

27.331. MSE = 190.501, p < 0.001. 
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Mean Time in Seconds for the Normal/Abnormal Tudgment for 
Specialty Groups by Film Category-

Category 
Specialty Normal Mass Interstitial Airspace 
Internist M 16.65 6.47 3.10 6.17 

SD 18.89 11.43 6.96 11.38 
Pulmonologist M 15.55 2.95 1.20 5.30 

SD 10.08 6.04 .88 11.07 
Radiologist M 18.52 6.45 1.00 5.05 

SD 17.51 16.04 0.00 8.04 
Table 59. Mean time in seconds for the normal/abnormal judgment for 
specialty groups by category 

Figure 23 depicts the trends in time for the normal/abnormal judgment for 

specialty groups by film category. Table 60 contains the post hoc analysis of the main 

effect due to film category. Across specialties, time to the decision was slowest for 

normal films. 
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Figure 23. Mean time in seconds to the normal/abnormal judgment for 
specialty groups by film category 
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Differences Among Film Categories 

Dependent Variable: Time to Normal/Abnormal 
Tukey HSD 

95% Confidence 
Interval 

(I) Film 
Category 

(J) Film 
Categor}'-

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Boimd 

Upper 
Bound 

Airspace Interstitial 3.740 1.686 .138 -.800 8.280 

Mass .220 1.686 .999 -4.320 4.760 

Normal -11.400'^ 1.686 .000 -15.940 -6.860 

Interstitial Airspace -3.740 1.686 .138 -8.280 .800 

Mass -3.520 1.686 .176 -8.060 1.020 

Normal -15.140'^ 1.686 .000 -19.680 -10.600 

Mass Airspace -.220 1.686 .999 -4.760 4.320 

Interstitial 3.520 1.686 .176 -1.020 8.060 

Normal -11.620"^ 1.686 .000 -16.160 -7.080 

Normal Airspace 11.400'^ 1.686 .000 6.860 15.940 

Interstitial 15.140* 1.686 .000 10.600 19.680 

Mass 11.620* 1.686 .000 7.080 16.160 

The mean difference is significant at the .050 

Table 60. Differences among film categories for time to 
normal/abnormal judgment 

Table 61 contains information regarding the first two films viewed by each 

participant. The number of films viewed for each category along with the mean and 

standard deviation for the film category are displayed. There was a significant main 

effect for film category, F(3,45)=4.196, MSE= 199.973,p<0.011. Table 62 contains the 

post hoc analysis of the differences among responses by film category. Overall, 
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participants take longer to arrive at normal/abnormal judgments when the film 

category is normal than when the film is from the interstitial or airspace categories. 

Time to Normal/Abnormal Judgment (First Two 
Images Viewed. Correct Judgments Only) 

Time to Normal/Abnormal 
Judgment 

Std. 
N Mean Deviation 

Airspace 10 1.0000 .0000 

Interstitial 10 2.2000 3.7947 

Mass 2 14.5000 2.1213 

Normal 5 17.2000 6.8337 

Total 27 5.4444 7.5413 

Table 61. Time in seconds to normal/abnormal judgment for first to 
films viewed and judged correctly by subjeas 
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Differences Between Film Categories 

Dependent Variable: Time to Normal/Abnormal Judgment (First Two Films 
Viewed by Subjects. Correct Judgments Only) 
Tukey HSD 

Mean 

95% Confidence 
Interval 

(I) Film 
Category 

(J) Film 
Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -1.2000 1.670 .889 -5.8227 3.4227 

Mass -13.5000'^ 2.893 .001 -21.5068 -5.4932 

Normal -16.2000* 2.046 .000 -21.8617 -10.5383 

Interstitial Airspace 1.2000 1.670 .889 -3.4227 5.8227 

Mass -12.3000* 2.893 .002 -20.3068 -4.2932 

Normal -15.0000* 2.046 .000 -20.6617 -9.3383 

Mass Airspace 13.5000* 2.893 .001 5.4932 21.5068 

Interstitial 12.3000* 2.893 .002 4.2932 20.3068 

Normal -2.7000 3.125 .823 -11.3483 5.9483 

Normal Airspace 16.2000* 2.046 .000 10.5383 21.8617 

Interstitial 15.0000* 2.046 .000 9.3383 20.6617 

Mass 2.7000 3.125 .823 -5.9483 11.3483 

The mean difference is significant at the .05 level. 

Table 62. Differences between time to normal/abnormal judgment for 
the first to films viewed by film categories 

Additional viewing time after the normal/abnormal judgment 

Table 63 contains the mean viewing time in seconds. No significant main 

effect was found for specialty group; nor was there a significant specialty by category 

interaction. There was a significant difference in overall viewing time between film 

categories, F(2,24) = 14.983. MSE = 315.694, g < 0.001. 
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Mean Viewing Time After the Normal/Abnormal Tudgment in 
Seconds for Specialty Groups hy Film Category-

Category 
Specialty Normal Mass Interstitial Airspace 
Internist M 23.27 28.55 36.37 29.20 

m 19.75 19.23 22.79 18.65 
Pulmonologist M 21.35 25.35 33.52 26.90 

SD 16.38 13.00 22.79 16.91 
Radiologist M 20.02 23.22 33.52 25.95 

SD 18.04 16.18 21.25 18.71 
Table 63. Mean viewing time in second for specialty groups by film 
category 

Figure 24 depicts the relationship between viewing time by specialty and film 

category. Table 64 contains the post hoc analysis of the main effect due to film 

category. Overall mean additional viewing times were shorter for airspace and mass; 

viewing times for interstitial were longer. 
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Figure 24. Mean viewing time after the normal/abnormal judgment in 
seconds for specialty groups by film category 

Differences Among Film Categories 

Dependent Variable: Viewing Time after Normal/Abnormal 
Tukey HSD 

Mean 

95% Confidence 
Interval 

(I) Film 
Category 

0) Film 
Category 

Difference 
a-j) 

Std. 
Error Sig. 

Lower 
Bound 

Upper 
Bound 

Airspace Interstitial -10.092''- 2.294 .001 -15.820 -4.364 

Mass 1.424 2.294 .810 -4.304 7.153 

Interstitial Airspace 10.092* 2.294 .001 4.364 15.820 

Mass 11.516"^ 2.294 .000 5.788 17.245 

Mass Airspace -1.424 2.294 .810 -7.153 4.304 

Interstitial -11.516* 2.294 .000 -17.245 -5.788 
^ The mean difference is significant at the .050 level. 

Table 64. Differences among film categories for viewing time after the 
normal/abnormal judgment 
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Total drawing time 

Table 65 contains the mean total viewing time. There was a significant main 

effects for category F(3,36) = 60.411, MSE = 68.606, g < 0.001. There was no 

significant specialty by category interaction. 

Mean Drawing Time in Seconds for Specialty Groups by Film 
Category-

Category 
Specialty Normal Mass Interstitial Airspace 
Internist M 4.10 12.37 14.60 10.50 

SD 6.96 11.38 6.49 6.46 
Pulmonologist M 1.47 9.62 17.35 10.27 

SD 3.58 6.78 12.08 7.21 
Radiologist M 1.62 7.92 18.42 8.72 

SD 7.30 5.65 10.26 6.08 
Table 65. Mean drawing time in seconds for specialty groups by film 
category 

Figure 25 depicts the relationship between drawing time by specialty and film 

category. Table 66 contains the results of the post hoc analysis of the main effect due to 

specialty. Overall mean drawing times were shortest for normal; followed by airspace 

and mass; viewing times for interstitial were longest. 
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Figure 25. Estimated marginal means for drawing time (in seconds) for 
specialty groups by film category 
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Differences Among Film Categories 

Dependent Variable: Drawing 
Tukey HSD 

95% Confidence 
Mean lnierv2l 

(1) Film Q) Film Difference Std. Lower Upper 
Category Category (I-J) Error Bound Bound 
Airspace Interstitial -6.960=^ 1.069 .000 -9.840 -4.080 

Mass -.140 1.069 .999 -3.020 2.740 
Normal 7.430=^ 1.069 .000 4.550 10.310 

Interstitial Airspace 6.960* 1.069 .000 4.080 9.840 

Mass 6.820-^ 1.069 .000 3.940 9.700 
Normal 14.390"^ 1.069 .000 11.510 17.270 

Mass Airspace .140 1.069 .999 -2.740 3.020 

Interstitial -6.820'^ 1.069 .000 -9.700 -3.940 

Normal 7.570=^ 1.069 .000 4.690 10.450 

Normal Airspace -7.430"^ 1.069 .000 -10.310 -4.550 

Interstitial -14.390'^ 1.069 .000 -17.270 -11.510 

Mass -7.570=^ 1.069 .000 -10.450 -4.690 

The mean difference is significant at the .050 

Table 66. Differences among film categories for drawing time 

Objects 

This seaion contains the resiilts of the analyses of the number of objects drawn 

per sketch. First, the results of the repeated measures ANOVA are reported. Results 

pertaining to the specialty, film category and specialty by film category interaction are 

reported in the text. The complete results of the ANOVA are included as Appendix I. 



183 

Next, the results of binomial tests of the means for films judged as abnormal will be 

reported. 

Object Results for all Sketches 

Table 67 contains the mean total viewing time. There was no significant main 

effect for training level; nor was there a significant training level by category 

interaction. A significant main effect for category was detected F(3,36) = 125.051, 

MSE = 2.117, e < 0.001. 

Mean Number of Objects per Sketch for Specialty Groups bv 
Film Category 

Category 
Specialty Normal Mass Interstitial Airspace 
Internist M .62 2.17 3.70 2.52 

1.03 1.53 1.62 1.69 
Pulmonologist M .35 2.65 4.35 2.57 

SD .95 1.42 1.39 1.81 
Radiologist M .12 2.37 3.80 2.50 

SD .40 1.43 1.40 1.48 
Table 67. Mean number of objects per sketch for specialty groups by 
film category 

Figure 26 shows a the relationship between training level and film category for 

the number of objects per sketch. Table 68 shows the results of the post hoc analysis of 

the main effect due to film category. Overall, the fewest objects were sketched for 

normal; followed by airspace disease and mass; and the most objects were sketch for 

interstitial disease. 
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Figure 26. Estimated marginal means number of objects per sketch for 
specialty groups by film category 
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Differences Among Film Categories 

Dependent Variable: Objects per Sketch 
Tukey HSD 

95% Confidence 
Mean Interval 

® Film Q) Film Difference Std. Lower Upper 
Category Category (I-J) Error Sig. Bound Bound 
Airspace Interstitial -1.370* .188 .000 -1.873 -.867 

Mass .130 
00 00 

.900 -.373 .633 

Normal 2.230"- .188 .000 1.727 2.733 

Interstitial Airspace 1.370* 

00 00 

.000 .867 1.873 

Mass 1.500* .188 .000 .997 2.003 

Normal 3.600* .188 .000 3.097 4.103 

Mass Airspace -.130 

00 00 

.900 -.633 .373 

Interstitial -1.500* .188 .000 -2.003 -.997 

Normal 2.100* .188 .000 1.597 2.603 

Normal Airspace -2.230* .188 .000 -2.733 -1.727 

Interstitial -3.600* .188 .000 -4.103 -3.097 

Mass -2.100* .188 .000 -2.603 -1.597 

The mean difference is significant at the .050 level. 

Table 68. Differences among film categories for objects drawn per 
sketch 

Objects per Sketch: Abnormal Tudgments Only 

Table 69 contains the mean objects per sketch, standard deviation and number 

of films judged as abnormal grouped by film category. 
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Objects per Sketch When Judgment Abnormal 

Std. 
N Mean Deviation 

Radiologist 116 3.0345 1.4260 

Pulmonologist 118 3.3644 1.5725 

Internist 122 2.9590 1.5395 

Table 69. Mean objects per sketch, standard deviation, and number of 
films judged as abnormal by specialty groups 

Count Mean 
Standard 
Deviation 

Film Category Airspace 102 2.90 1.40 

Interstitial 119 3.95 1.49 

Mass 109 2.63 1.32 

Normal 103 .11 .44 

Table 70. Mean number of objects sketch per film category when 
normal/abnormal judgment correct 
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C H A P T E R  5  

DISCUSSION 

In general, the results of this study support the predictions of fuzzy-trace 

theory. To begin this chapter, I will summarize the results. In the sections that 

follow, I will discuss the residts in terms of the specific predictions of the study. 

Fuzzy-trace theory predicts that experts will be more efficient and accurate in their 

Judgments than novices. In addition, fuzzy-trace theory makes some predictions 

regarding the form and content of the information representations used in judgment 

and decision making. Fuzzy-trace theory predicts that judgment and decision making 

in radiology is based on the ability to encode, access and use independent feature-based 

representations (rather than a representation based on a normal prototype); that the 

representations used for diagnosis will be abnormality-based; and that with expertise, 

the internal representations become simpler (rather than more complex). The 

discussion of the results will be followed by some possible implications for research 

and praaice in radiology and finally some areas for future research. 

Developmental trends—with groups with less specialized training having lower 

accuracy while groups with more specialized training had higher accuracy—were found 
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for all measures of accuraq^ (normal/abnormal correct, category correa, specific 

diagnosis correa and "consistent" specific diagnosis). These developmental trends were 

especially pronounced for the interstitial category films. First year residents 

consistently had lower accuracy than third and fourth year residents and radiologists. 

Second year residents had accuracy scores similar to groups with more training for 

some measures but had lower accuracy for other measures. Specifically, second year 

residents had low accxiracy scores (i.e., were not significantly different than first year 

residents) for the normal/abnormal judgment and also had lower accuracy for correct 

specific diagnoses (i.e., they were not significantly different than first year residents and 

were significantly lower than fourth year residents). ROC analysis showed that groups 

with more training had higher A(z) scores. However, the only significant difference 

detected was between first and third year residents with third year resident having 

higher scores than first year residents. Overall, the results of the study show that 

groups with more specialized training in radiology had higher accuracy than groups 

with less training. 

The types of errors made by groups varied among training levels. First year 

residents made a similar number of false positive and false negative judgments. Other 

groups generally had higher false positive than false negative rates. Second year 

residents and fourth year residents and radiologists had relatively high false positive 

errors compared to first and third year residents. First year residents had both high 
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false positive and false negative error rates. This pattern of error is commonly found 

in perception studies (Kundel et al,, 1978; Hu et al., 1994; Krupinski et al., 1994) 

The accuracy findings, along with the pattern of errors, are consistent with 

other previous studies in radiology. After one year of training residents begin to have 

accuracy that is not significantly different than expert radiologists and that the 

increases in accuracy are due to decreases in both the false positive and false negative 

rates. False negatives rates were extremely low for expert radiologists; false positive 

rates dropped substantially but continued to be higher than false negative rates for both 

experts and novices (Herman & Hesse, 1975; Christensen et al., 1981; Berbaum et al., 

1986). 

There were also differences among the groups in the general expertise sample. 

Internists (with the least experience in the diagnoses of diseases of the chest) had lower 

accuracy than pulmonologists and radiologists for all measures of accuracy except the 

normal/abnormal judgment (there were no significant differences detected among 

groups for the normal/abnormal judgment). Radiologists had higher accuracy than 

pulmonologists for most measures; however, acoiracy between radiologists and 

pulmonologists was not significantly different for "consistent" and correct specific 

diagnoses (this was due to the low performance by radiologists). ROC analysis of the 

normal/abnormal judgment showed that pulmonologists and radiologists had similar 

A(z) scores. Internists had lower (but not significantly) lower scores. Overall, the 
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findings of these experiments generally support the predictions of fuzzy-trace theory 

regarding accuracy among experts with varying types of general medical knowledge. 

Experts with specific training and regular practice had overall higher accuracy than 

those without specialized training and regular practice. However, the type of errors 

varied among groups. All general expertise groups were more likely to make a false 

positive judgment than a false negative judgment. Pulmonologists and internists had 

high false positive rates relative to radiologists. This pattern of error is supported in 

studies of perception. 

Participants' accuracy among film categories varied depending on the judgment. 

For the normal/abnormal judgment, accuracy was higher with interstitial category-

films and lower with airspace and normal category films. For both the category 

judgment and "consistent" specific diagnoses, accuracy was higher with the mass 

category and lower with the interstitial category. For correct specific diagnoses 

accuracy was higher with interstitial category films. These findings suggest that the 

interstitial disease category films may have been easy to diagnose as abnormal but 

difficult to specify a specific abnormality. Results regarding accuracy among film 

categories were similar for both the specialized expertise and general expertise samples. 

Confidence scores generally refleaed accuracy. Groups with higher accuracy 

also had higher confidence. However, first year residents were less accurate with 

"consistent" and correct specific diagnoses but their confidence was not significantly 
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lower. This was prirnarily due to the low confidence reported for ail groups for these 

measures. Pulmonologists had low accuracy for category judgments but their 

confidence was not significantly lower than radiologists. For the normal/abnormal 

judgment, confidence for all groups (in both samples) was lower with normal category 

films. 

For both specialized and general expertise samples, time to the 

normal/abnormal judgment was longer for normal films than for films from all 

abnormal categories. First and second year residents took an exceptionally long time 

to arrive at normal judgments. However, since 75% of the films in this study were 

abnormal and 25% were normal, participants may have been faster in detecting 

abnormal films because they expected abnormal films (although that does not explain 

the interaction.) Additional analysis indicated that even when only the first two films 

viewed by each participant is considered, normal films took longer to diagnose than 

other disease categories. Therefore, this argues against a response bias explanation for 

the overall results regarding judgment time. For time to normal/abnormal judgment 

and additional viewing time, there were no significant differences among groups, either 

for the specialized or general expertise samples. 

The number of objects sketched per image by participants from both the 

general expertise and specialized samples was lower for normal category films. For 

normal films, when the normal/abnormal judgment was correct, for all groups, the 



192 

mean number of objects sketched per normal film was near zero. Similarly, drawing 

time was significantly shoner, for all groups, when the film was from the normal 

category. 

In general, the theoretical predictions of fuzzy-trace theory, that experts are 

more accurate are supported by the results of this experiment. Developmental trends, 

with groups with more training having higher accuracy than groups with less training 

were found for all measures of accuracy. Similarly accuracy was higher for groups 

with more expertise in the diagnosis of chest diseases (i.e., radiologists and 

pulmonologists) than groups with little or no specialized expertise (i.e., internists). 

Accuracy was generally higher for radiologists with the most specialized training in 

both the diagnosis of chest disease and in the interpretation of film-based images. It 

should be noted that other models and theories of expertise, including those discussed 

in the earlier chapters of this dissertation, would also expect that experts should have 

higher accuracy than novices. 

This study did not find significant differences between experts and novices for 

measures of time related to judgments. There were no significant main effects for time 

to normal/abnormal judgment and additional viewing time for either the specialized or 

general expertise samples. This finding does not support the predictions of fuzzy-trace 

theory, nor is it consistent with many previous findings (e.g., (Christensen et al., 1981; 

Samuel et al., 1995)). Fuzzy-trace theory predicts that there should be differences— 
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specifically that experts should be faster than novices in arriving a judgments. This 

lack of significant findings may be due to some degree to the selection of images for 

this study. For many of the groups, accuracy for the normal/abnormal judgment by 

film category (i.e., interstitial category films for second, third, and fourth year residents 

and radiologists) was perfect suggesting that the films selected for this study were too 

easily judged normal or abnormal. 

Results pertaining to the number of objects sketched for each film, sketching 

time, time to normal/abnormal judgment, accuracy for the normal/abnormal 

judgment and confidence support the predictions of fuzzy-trace theory regarding the 

form and content of the internal representation used for judgments in radiology. 

Fuzzy-trace theory states that judgment and decision making in radiology 

involves parallel access to multiple independent content-based representations. In 

radiology, the internal representations are posited to be abnormality-based (consistent 

with data from other judgment tasks). Throughout the scanning process the reasoner 

is looking for abnormalities within the image. Some abnormalities are instantaneously 

recognized (like Aunt Minnie at the railroad station). In other cases, the reasoner must 

search the image more carefully for less obvious abnormalities. Normal judgments are 

a default diagnosis that result when no abnormality is detected. As expertise is 

acquired, reasoners encode more abnormality-based representations, become more 

accurate at identifying disease, and thus, arrive at the default normal judgment less 
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frequently when an abnormality is actually present. Fuzzy-trace theory would predict 

that participants would sketch representations of abnormality and that no features 

would be sketched for films judged as normal. 

Current perceptual and cognitive models of the diagnostic process in radiology 

claim that the internal representations used in reasoning are based on a normal 

anatomy prototype. These accounts describe judgment and decision making in 

radiology as a two-phase process. In the first phase, the film under review is compared 

to the reasoner's internal representation of normal. This comparison may result in an 

immediate judgment or in a list of suspicious regions that are passed to the second 

phase of processing for further analysis. These models make no clear prediction as to 

what might be sketched by participants. However, since judgments are based on a 

prototype of normal, it might be expected that some normal features might be 

important in judgments. 

When asked to sketch the features relevant to their judgments, participants 

sketched significantly fewer features when the film was normal than when the film 

came from any disease category. As predicted by fuzzy-trace theory, participants 

sketched representations of abnormality and did not generally^ sketch features when 

they judged the image normal (i.e. the number of features sketched for correct normal 

- One internist sketched a heart on every film and one radiologist sketched normal features that he thought other 
radiologists might judge as abnormal (usually representations of inactive disease). 
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judgments was near zero). These results were consistent for all groups, across 

developmental levels and with varying levels of general expertise. Similarly, drawing 

time was significantly shorter for all training levels and specialties with films from the 

normal category than for films from all disease categories. These findings support the 

theoretical predictions of fuzzy-trace theory that the internal representation used for 

diagnosis in radiology is abnormality-based not normality based. 

The time it takes to arrive at the normal/abnormal judgment also supports the 

principles of fuzzy-trace theory and the predictions for this study. According to fuzzy-

trace theory, judgments and decisions in radiology are based on the parallel 

consideration and access of multiple abnormality-based internal representations. When 

no representation is activated, a normal judgment results. As predicted by fuzzy-trace 

theory, the time required to arrive at normal judgments was significantly longer than 

the time for abnormal judgments. This finding was consistent for all training levels 

and specialty groups. 

On the other hand, longer times for normal judgments do not directly follow 

from two-phase accounts of judgment and decision making in radiology. In the 

simplest interpretation of the two-phase processing accounts, normal judgments should 

be faster than abnormal judgments. In the first-phase of processing, the film under 

review is compared to the normal prototype. The output of this comparison can be 

either: 1) a normal or abnormal judgment, or 2) a list of suspicious regions for further 
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review later in processing. Under ideal circumstances, normal judgments would be 

made in phase-one of processing and abnormal judgments would be made in phase-two 

of processing. Therefore, normal judgments should be faster overall than abnormal 

judgments. It appears that there are few (none in this study) normal judgments occur 

immediately following the initial comparison (calling into question the usefulness of 

the comparison). 

In order to account for the widespread finding that normal judgments take 

longer than abnormal judgments, it must be assumed that most normal featvires are 

being considered later in the process. According to the two-phase models, during the 

later phases of the process the reasoner is analyzing (and acquiring additional 

information) regarding suspicious regions detected during the initial comparison. 

However, this presumption is not completely supported by data by eye-tracking data. 

For example, Nodine and Kundel (Nodine et al., 1987) found that sites that were not 

suspicious (but had contained lesions in previous images) were searched by subjects. 

Kundel (e.g., Carmody et al., 1984; Nodine et al., 1987) also found that the amount of 

the image searched regardless of whether the image was normal or abnormal was 

roughly the same for all images. Moreover, Krupinski (1996) finds that more of the 

film is scanned when the film is normal. Krupinski argues that this finding "suggests 

that if nothing suspicious is noted during the global impression phase, then active 

scanning of the image must take place to ensure the reader that the image is indeed 
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lesion-free" (p. 100). Data from eye-tracking studies suggest that the second-phase of 

processing involves the active search for abnormahty (rather than a confined search of 

a hst of suspicious regions). Kundel allows for this in his model by specifying that 

during the discovery search stage, the reasoner also scans the image for abnormalities 

that were not marked as suspicious by the initial comparison. However, the usefulness 

of the first-phase of processing is again called into question when the entire image must 

be searched regardless of the results of the initial comparison. 

Confidence scores for both the specialized and general expertise samples were 

lower for normal films than for all disease categories. Since fuzzy-trace theory predicts 

that judgments are based on deteaing abnormahty, it would follow that when an 

abnormality was detected, the reasoner's confidence would be higher. 

On the other hand, lower confidence in normal judgments would not 

necessarily follow from the current models of judgment and decision-making. If the 

first-phase of processing involves the comparison of the normal anatomy prototype to 

the film under review, it would seem that detecting a normal—detecting a film that 

matched the prototype that had been developed as a result of years of training and 

experience—would result in a high confidence judgment. 

Two-phase models can be tailored with additional processes and assimiptions to 

support the claim that judgments and decision are derived from a normal anatomy 

prototype. However, the models become comphcated and ineffective at describing 
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(and not useful for predicting judgment and decision-making in radiology. The data 

support the simple prediction of fuzzy-trace theory that reasoners are looking for 

abnormality. 

Fuzzy-trace theory also predicts that with the development of expertise, the 

internal representations will become less complex (rather than more complex as 

predicted by two-phase accounts). Although no significant differences were found 

regarding the complexity of the sketches, several interesting trends were detected. In 

the specialized expertise sample, a developmental trend was seen when all sketches 

were considered. This developmental trend became more evident when only the films 

judged as abnormal by participants were included in the analysis. The inclusion of all 

films served to negate some of the trends for the following reasons. The theoretical 

predictions of fuzzy-trace theory say: 1) that experts will have simpler sketches and 2) 

that sketches will be abnormality-based. However, experts tended to have higher false 

positive errors. So when experts make errors they usually interpret a normal film as 

abnormal. The effea is that a film that should have had zero objeas as a normal 

judgment now has some objects as an abnormal judgment. Thus, experts tend to drive 

the number of objects sketched up when they make errors. Novices, on the other 

hand, had high rate of false negative judgments. So when novices made errors they 

were likely to interpret abnormal films as normal. The effect of this pattern of error is 

that films that should have some objeas sketched as an abnormal judgment now have 
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no objects sketched (i.e., a normal judgment). Thus, novices tend to drive the number 

of objects sketched per image down when they make errors. So, considering only 

films that participants judged as abnormal counteraas the anifact introduced by the 

typical error pattern associated with the development of expenise. However, although 

the trend became more evident by removing incorrect films, the differences between 

groups were not statistically significant. The non-significant trend can be described as 

follows. Beginning with second year residents, the mean number of objects sketched 

per image got smaller with each successive year of training. Until finally, the 

radiologists sketched fewer objects per sketch than other groups. First year residents 

sketched fewer objects than second year residents possibly reflecting less knowledge. 

Since they had no specialized training in radiology they may not have learned to 

distinguish features that might possibly be relevant to a diagnosis. This is supported by 

the results of the accuracy and confidence analyses which found that first year residents 

had significantly lower accuracy and confidence for nearly all dependent measures. 

Similar results were detected with the general expertise sample. Like first year 

residents, internists sketched fewer features but also consistently had lower accuracy 

and confidence than radiologists (and often than pulmonologists) suggesting that the 

internists may not have encoded the internal representations necessary to distinguish 

the objects that might be relevant to diagnoses. Pulmonologists, like third year 

residents had higher accuracy and also sketched more features than did radiologists. 
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So, although there was no main effect for specialty, there were trends for both the 

specialized and general expertise samples that suggested that experts had simpler 

representations. 

Evidence from other areas corroborate the trend. Eye-tracking studies have 

consistently shown that experts have simpler and more relevant scanning paths than 

novices (e.g., Hu et al., 1994; Kundel & LaFollette Jr., 1972; Kundel et al., 1990). In 

addition, in Lesgold's studies (Lesgold et al., 1988) subjects defended their judgments 

by highlighting areas of the image that they had used as a basis for judgment. Experts 

highlighted smaller (but more relevant areas) than novices. Together these results 

begin to form a body of evidence that suggest that the development of expertise 

involves the ability to access and use simpler internal representations for judgments 

and decisions. However, the data remain inconclusive. 

Although it has not be proven that representations used for judgments and 

decision become simpler with expertise, it seems clear that development does not 

involve the acquisition of representations that are more complex (as assumed by 

information-processing theories.) The results of the "think-aloud" protocols have 

found that representations get more complex with experience, however, other 

complexity measures including sketching, eye-tracking patterns and the highlighted 

regions of the relevant areas of the film, all get simpler. Why would the bulk of the 

evidence suggest increasing simphcity of reasoning with development when the verbal 
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protocols suggest increasing complexity of knowledge? According to fuzzy-trace 

theory, the "think-aloud" protocols and other devices that probe specific background 

faas related to a problem tap memory representations near the verbatim end of the 

gist-to-verbatim continua. Based on the findings in other tasks discussed earlier, it is 

unlikely that the verbal representations that are tapped to describe the reasoning 

process are the same representations that are actually used in reasoning. Instead, 

independent, flexible, gist representations are likely to be used. Thus, the propositions 

that are reported during the "think-aloud" portion of the task may not accurately 

represent the actual reasoning process. 

Another group of findings that relate to the developmental predictions 

regarding the internal representations used for reasoning are the findings related to 

overall accuracy for groups based on the question its relationship to accuracy regarding 

the category of films. Participants' accuracy among film categories varied depending 

on the question. For the normal/abnormal judgment, accuracy was higher with 

interstitial category. In addition, the developmental trends noted for interstitial 

category films were more pronounced than for any other film category. This may be 

due to the characteristics of the interstitial disease pattern. An interstitial disease 

pattern represents a diffuse abnormality that must be interpreted by the reasoner. 

Interstitial disease patterns are not definite, for example, an interstitial pattern has not 

effectively been generated by a computer and inserted into an image (or at least it 
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hasn't been accomplished yet). Over time, an expert leams to recognize the gist of the 

pattern. So, this qualitative pattern is very effective for qualitative judgments (like the 

normal/abnormal judgment). The ability to access and process the gist representations 

increases with expertise and correspondingly, accuracy in judgments based on gist 

patterns are more evident than other more definite patterns. 

On the other hand, for both the category judgment and "consistent" specific 

diagnoses, accuracy was higher with the mass category (and lower with the interstitial 

category). A mass is often a precise and definite pattern. For example, a mass can be 

computer generated and effeaively inserted into an image. Therefore, the 

representation of a mass would be more toward the verbatim end of the gist-to-

verbatim continua. These verbatim representations are better suited to answer specific 

questions (i.e., category and specific diagnosis). Since verbatim representations are less 

subject to changes throughout development, novices quickly learn to recognize masses 

within the image and accuracy regarding mass judgments remain relatively constant 

throughout development. 
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A P P E N D I X  A :  H u m a n  S u b j e c t s  A p p r o v a l  
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A P P E N D I X  B :  D i s e a s e s  b y  C a t e g o r y  

Category 1: Airspace Disease 

Replication^ Diagnosis 

1 

2 

3 

4 

5 

6 

7 

8 

Cocci Pneumonia 

Adult Respiratory Distress Syndrome 

Ground Glass, Amiodarone Toxicity 

PCP Pneumonia 

Pulmonary Contusion 

Bronchioloalveolar Cancer 

Left Lobe Pneumonia 

Loeffler's Syndrome 

Category 2; Interstitial Disease 

Replication Diagnosis 

1 

2 

3 

4 

5 

6 

Lymphangentic Cancer 

Hematogenous Cocci 

Bronchiectasis. Secondary to Cystic Fibrosis. 

Perivascular (Interstitial) Edema 

Rheumatoid Lung 

Hematogenous Cocci 

' Note: Does not denote the order in which the film was viewed 
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Category 1; Airspace Disease 

Replication^ Diagnosis 

7 Reticular UIP. Idiopathic Interstitial Fibrosis. 

8 Miliary Tumor Prostrate 

Category 3: Mass 

Replication Diagnosis 

1 Harartoma 

2 Cocci Mass (Cavitated) 

3 Nocardia in Liver Transplant 

4 Coccidiodomycosis 

5 Extramedullary Heraatopoiesis 

6 Tumor Metastasis (Testicular Cancer) 

7 Hamartoma 

8 Benign Fibrous Mesotheliaoma 

Category 4: Normal 

Replication Diagnosis 

I Normal 

2 Normal 

3 Normal 

4 Normal 

5 Normal 

6 Normal 
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Category 1: Airspace Disease 

Replication^ Diagnosis 

7 Normal 

8 Normal 
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A P P E N D I X  C :  Q u e s c i o n s  a n d  C o n f i d e n c e  S c a l e s  

Questions 

Please answer the following questions: 

L NORMAL/ABNORMAL 

n. DISEASE CATEGORY: 

A. Airspace 

B. Interstitial 

C. Solitary Mass 

m. MOST LIKELY SINGLE DIAGNOSIS 
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Confidence Scales 

An abnormality IS: 

1. Definitely PRESENT 
2. Probably PRESENT 
3. Possibly PRESENT 
4. EQUALLY as likely to be PRESENT AS ABSENT 
5. Possibly ABSENT 
6. Probably ABSENT 
7. Definitely ABSENT 

The CATEGQRYI have specified is: 

1. Definitely PRESENT 
2. Probably PRESENT 
3. Possibly PRESENT 
4. EQUALLY as likely to be PRESENT as ABSENT 

The DLVGNQSIS I have specified is: 

1. Definitely PRESENT 
2. Probably PRESENT 
3. Possibly PRESENT 
4. EQUALLY as likely to be PRESENT as ABSENT 
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A P P E N D I X  D :  I n s t r u c t i o n s  t o  S u b j e c t s  

The purpose of this study is to understand the information used to make a 

diagnostic decision. 

You will be presented with a series of normal and abnormal films. The 

abnormal films represent abnormalities of the lungs. We are not looking for bone 

abnormalities or problems with medical devices. For each film you will be asked to 

make a series of decisions. First, you will be asked if the radiograph is normal or 

abnormal. Please answer this question as soon as you have made your decision. You 

will then be asked your confidence using this scale. (Show the subject the scale 

relevant to this judgment. Read each of the levels). Second, you will be asked to 

specify a disease category and your confidence that the primary abnormality is in that 

disease category. This will be the confidence scale that you will use. (Show the subject 

the scale relevant to this judgment. Read each of the levels). Finally, you will be asked 

for your single most likely diagnosis and to give your confidence in the diagnosis. This 

is the confidence scale that you will use. (Show the subject the scale relevant to this 

judgment. Read each of the levels). 

Next, the film will be removed and you will be asked to sketch the essential 

features you used to make your decision. You are not being judged on the artistic 

quality or the realism of your sketch. Your sketch doesn't have to make sense to me 
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or to anybody else. The sketch should contain the featxires you used to make your 

decision. Please take as long as you wish to complete the sketch. 
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A P P E N D I X  E .  S k e t c h e s  f o  r  F  i  I  m  2  

This section shows the application of the information theory to rhis study. All 

of the sketches for Film 2 of the study are included along with their intension to the 

possible worlds (and a translation to the object notation that is used throughout the 

dissertation). I will overview some examples that underscore the relevance of this 

information theory to this study. 

In the first example, 

corresponds to the set possible worlds in which the major Jissurejright is present, and 

consolidation jipperjright is present are both true. Notice, that this sketch is 

uncommitted regarding the other features that might be present in the actual world 

(they could either be present or absent). However, by knowing the truth value of 

these two basic states, a number of possible worlds may be ruled out. Specifically, 

those worlds in which major_fissure_right is present false and 

Objects: 2 

{ W I major_fissiu:e_right is present true & 

consoIidation_upper_right -* true} 
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consolidation_upper_right is present -»• false can be eliminated as candidates for the 

actual world. Since this conceptual scheme is comprised entirely of independent basic 

states that may have the binary values true or false, half of the possible worlds can be 

eliminated by knowing the value of one of the basic states. By knowing the value of 

the second basic state, half of the remaining possible worlds can be ruled out. Thus, 

three-quarters of the possible worlds can be ruled-out by eliminating the worlds that 

include that values that are known to contain values that are inconsistent with the 

underlying meaning of the sketches. 

Consider another sketch. 

{ W I maior_fissure_right is present true & 

consolidation_upper_right true} 

This sketch portrays the same meaning as first example considered. However, the 

surface form of the information is quite different. However, despite changes in the 

surface form of the sketch the meaning is the same. 

However, as will be seen in the next example, knowledge of the values of 

additional basic states conveys more information. 



{W I major_fissure_right is present true & 

consolidation_upper_right is present true & 

retiailar_upper_right true & 

reticular_Iower_right ^ true & 

reticular_upper_left true & 

reticular_lower_left true & 

vessels_upper_right true} 

Objects: 7 

In this case, the value of 7 of the basic states are known. Therefore, the possible 

worlds in which major_fissure_right is present false, consolidation_upper_right is 

present -»• false, reticular_upper_right false, reticular_lower_right false, 

reticular_upper_left false, reticular_lower_left false, vessels_upper_right false 

can be eliminated. Here, when values for 7 of the basic states are known more possible 

worlds can be ruled out. In this case, 127/128 (or approximately 99%) of the possible 

worlds can be eliminated. 

The following pages contain sketches for all participating subjects for Film 2. 
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{ W I major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

{W 1 major_fissure_right is present 
consolidation_upper_right is pi 

tjrue Sc 
ight is present true} 

Objects: 2 

33 

{ W I major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 



215 

{ W I major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

14 

{ W 1 ma)or_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects; 2 

{ W I major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

15 
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{"W I major fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

{ W I major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

{ W 1 major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

18 
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{ W I major_fissure_right is present true & 
consolidation_upper_right is present true} 

{ W I major_fissure_right is present •* true & 
consolidatioa_upper_right is present true} 
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L J 
9 

P"̂  
{ W 1 major_fissure_right is present •* true & 

consoIidation_upper_right is present true} 

Objects: 2 

! ^ \ 

10 

{ W 1 major_fissure_right is present true & 
consolidation_upper_right is present true} 

Objects: 2 

/' 1 

C> 
L y 
29 

\ s. 
\ 

I 1 ' \ 

\ 

\ 
-J 

{ W 1 major_fissure_right is present true & 
segment_upper_right is present true} 

Objects: 2 
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{ W I major_fissure_right is present trae & 
segment_upper_right is present trae & 
consolidation_upper_right is present true} 

Objects: 3 

{ W I major_fissure_right is present ^ trae 8c 
consolidation_upper_right is present trae 
& consolidation_lower_right is present -» 
trae} 

Objects: 3 

23 

{ W I major_fissxire_right is present trae & 
consolidation_upper_right is present trae 
& consolidation_lower_right is present -• 
trae} 

Objects: 3 

24 
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25 

I  ̂
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{ W 1 major_fissure_right is present true & 
consoIidation_upper_right is present •» true 
& vessels_upper_right is present ^ true} 

Objects: 3 

/ •nr\  

: //';k 

26 

{ W 1 consolidation_upper_right is present true 
& reticular_upper_rigiit is present true & 
reticuIar_lower_right is present true } 

Objects: 3 

41 
i 

I y 

3 

Q { W 1 major_fissure_right is present "• true & 
consolidation_upper_right is present true 
& nodular_upper_right is present -• true} 

Objects: 3 
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i ^ 

8 

u 
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{ W 1 major_fiss;ire_right is present •» true & 
consoliciation_upper_right is present true 
& nodular_upper_right is present true} 

Objects: 3 

/-n 
/ 0 , ,  1 
I" y 
12 

I \ 

{ W 1 major_fissxire_right is present -*• true & 
consolidation_upper_right is present true 
& mass_lower_right is present ^ true} 

Objects: 3 

/• \ 

A. Vi / ' ^ 

i ^ 

[  V 
5 

* 
\ 
\ 

{ W 1 maJor_fissure_right is present true & 
consolidation_upper_right is present true 
& consolidation_Iower_right is present 
true} 

Objects: 3 
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{ W I major_fissure_right is present true & 
consolidation_upper_right is present •» true 
& consolidation_lower_right is present ^ 
true} 

16 

{ W I major_fissure_right is present true & 
consolidation_upper_right is present true 
& mass_upper_right is present true} 
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n 
31 

\ 
\ 

i \. i 

\J 

{ W 1 major_fissure_right is present •* true & 
consolidation_upper_right is present true 
& consolidation_lower_right is present •* 
true} 

Objects: 3 

/ 1 
r \ 

! 

I J 
34 

9 

{ W 1 inajor_fissure_right is present ^ true & 
consolidation_upper_right is present -• true 
& vessels upper_right is present •* true & 
heart is present true } 

Objects: 4 

32 

\j 

{ W 1 major fissure_right is present true & 
consolidation_upper_right is present true 
& reticuiar_upper_right is present -*• true & 
reticular lower right is present •» true & 
reticular_upper_left is present true & 
reticular_lower_left is present true} 

Objects: 6 



225 

35 

{ W I major_fissure_right is present true & 
consoliciation_upper_right is present true 
& reticular_upper_right is present true & 
reticular_lower_right is present true & 
retiailar_upper_left is present "*• true & 
reticular_lower_Ieft is present true} 

Objects: 6 

{ W I major_fissiire_right is present "• true & 
consolidation_upper_right is present true 
& reticular_upper_right is present true & 
reticular_lower_right is present •* true & 
reticular_upper_Ieft is present ^ true & 
retiailar_lower_Ieft is present true & 
vessels_upper_right is present ^ true } 

Objects: 7 
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A P P E N D I X  F :  F e a t u r e s  a n d  D i s t r i b u t i o n  

PATTERNS: The following sketches represent patterns due to increased 
pulmonary density. These pattern can vary in distribution throughout the lung. 
The distribution of each pattern will be discussed individually. 

Consolidation: Including lobar and segmental consolidation and lobular 
pneumonia. 

\ 

.1 
I 
i I 
i 

\ 

I 1 

t 

\ I 

/ 
/ 

Consolidation. 

Solid: a homogeneous, confluent 
density. 
Patchy: multiple small flu% or ill-
defined densities. 

Distribution: Right and/or left 
limg. Primarily upper or lower. 

Baf s Wing Consolidation. 
A homogeneous density radiating 
from the hila - not covering the 
entire lung field. 
Distribution: Right or left lung. 
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Small Irregular Shadows: Fine reticular, linear and nodular densities. This 
topology is based on the ILO (International Labor Organization) for 
inhalational lung disease. 

Linear or Reticular: 
Diffuse fine linear or reticular 
pattern (including Kerley's A 
Lines) that appear to cross the 
normal vasculature markings. 
Distribution: Right and/or left 
lung. Primarily upper or lower. 

Kerley's B Lines. 
Short lines that are perpendicular 
to the pleura and continuous with 
it. Most commonly observed in 
the costophrenic angles. 

Distribution: Right and/or left 
lung. Primarily upper or lower. 



.\ 
A 

Nodular Pattern. 

Multiple fine, diffuse nodules. 
Includes miliary pattern. 

I 
I ^ V • • 

•M 

Distribution: Right and/or left 
lung. Primarily upper or lower. 

\ 

Reticulonodular Pattern. 

Multiple fine, diffuse nodules 
combine with reticular pattern. 

Distribution: Right and/or left 
lung. Primarily upper or lower. 



Coarse Reticular Densities: End st^e lung disease. 

Honeycomb Pattern. 

Coarse reticular densities with 
intervening lucencies. 

Distribution: Right and/or left 
lung. Primarily upper or lower. 

OTHER DIFFUSE PULOMONARY 
IRREGULARITIES: 

Bronchia or Vessels: 

Parallel lines or tree-like 
structures. Often combined with 
consolidation (bronchia) or 
leading to masses (vessels). 

Distribution: Right and/or left 
Itmg. Primarily upper or lower. 
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MASSES. Unilateral or bilateral, upper or lower lobe predominence. into 
upper and lower for a total of 6 regions. 

Single Mass (upper left) 

ModiHers of the Single Mass: 
• Calcified (upper right) 
• Pronounced border (lower left) 
• Irregular center (lower right) 

• 1 \ 

© i 
o 

/ 1 
/ i 

1 I 1 I 1 

: 
/ / / 

/ 

More modifiers to the Single 
Mass: 
• Cavity with fluid (upper left) 
• Cavity without fluid level 

(upper right) 
• Spiculated (lower left) 
• Calcified center (middle right) 

Bullae (lower right) 



ANATOMICAL FEATURES. 
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Aorta or other major vessel. 

Near the spine or hean. 

Distribution: Right and/or left 
lung. 

Bones. 

• Spine 
• Ribs 

Distribution: Right and/or left 
lung. 
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Device. 

Wires, pacemaker, staples. 

Distribution: Right and/or left 
lung. 

; 
i 

I 

Fissure. 

Major fissures. 
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Heart-

Hilar Adnopathy. 

Distribution: Right and/or left 
lung. 
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Heart Border Obscured. 

Pleural Thickening. 

Distribution: Right and/or left 
lung. Primarily upper or lower. 
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Hyperexpanded Lung. 

Distribution: Right and/or left; 
lung. 

Raised Diaphragm. 

Distribution: Right and/or left 
lung. 
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A P P E N D I X  G. C o m p l e t e  A  N  O  V  A  R e s u l t s :  S p e c i a l i z e d  
E x p e r t i s e  

Normal/Abnormal Tudgment Correct 

Tests ot Within-Subjects Etteas - Specialized Expertise 

Measure: Normal/Abnormal Correct 

Type EH 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power* 
CAT 2.174 3 .725 8.673 .000 26.020 .992 

CAT * 
SPECIALT 

.407 12 .034 .406 .956 4.878 .205 

Error(CAT) 5.013 60 .084 

REP 4.0C9 7 .573 12.311 .000 86.177 1.000 

REP* 
SPECIALT 

1.198 28 .043 .919 .586 25.743 .766 

Error(REP) 6.512 140 .047 

CAT* REP 18.036 21 .859 17.437 .000 366.174 1.000 

CAT* REP* 
SPECIALT 

5.432 84 .065 1J13 .045 110.291 1.000 

Error(CAT*REP) 20.688 420 .049 

a. Computed using alpha = .05 

Tests ot Between-Subjects Ettect - Specialized Expertise 

Measure: Normal/Abnormal Correct 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power* 

Intercept 664.301 1 664.301 22614.5 .000 22614.511 1.000 

SPECIALT .643 4 .161 5.468 .004 21.872 .932 

Error .587 20 .029 

a- Computed using alpha = .05 
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Category Tudgment Correct 

Tests ot Within-Subjects Ettects - Specialized Expertise 

Measure: Category Correct 
Sphericity Assumed 

Type in 
Sum of Mean Noncem. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT L390 2 .695 7.316 -002 14.632 .920 
CAT"^ 
SPECIALT 2.310 8 J89 3.039 .009 24.316 .918 

Error(CAT) 3.800 40 .095 

REP 8.367 7 L195 14.657 .000 102.599 1.000 
REP"^ 
SPECIALT 2.217 2 8  .079 .971 .514 27.182 .796 

Error(REP) 11.417 140 .082 

CAT* REP 29.383 14 2.099 24.151 .000 338.110 1.000 

CAT REP 
SPECIALT 6.783 56 .121 1.394 .044 78.055 .998 

Error(CAT=«-REP) 24.333 280 .087 

Computed using alpha = .05 

Tests ot Berween-Subjects Ettects - Specialized Expertise 

Measure: Category Correct 
Transformed Variable: Average 

Source 

Type EH 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power^ 

Intercept 374.460 1 374.460 2304.37 .000 2304.369 1.000 

SPECIALT 6.290 4 1.573 9.677 .000 38.708 .997 

Error 3.250 20 .162 

a. Computed using alpha = .05 
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Specific Diagnosis Tudgment "Consistent" 

Tests ot Within-Subjects Ettects - Specialized Expertise 

Measure: Specific Diagnosis "Consistent" 
Sphericity Assxuned 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 5.320 2 2.660 25.134 .000 50.268 1.000 
CAT"^ 
SPECIALT 2.613 8 .327 3.087 .008 24.693 .923 

Error(CAT) 4.233 40 .106 

ElEP 8.633 7 1.233 11.045 .000 77.313 1.000 
REP * 
SPECIALT 3.900 28 .139 1.247 .202 34.925 .910 

Error(REP) 15.633 140 .112 

CAT * REP 30.307 14 2.165 20.640 .000 288.963 1.000 

CAT * REP * 
SPECIALT 6.160 56 .110 1.049 .391 58.733 .979 

Error(CAT*REP) 29.367 280 .105 

a. Computed using alpha = .05 

Tests ot Between-Subjects Effects - Specialized Expertise 

Measure: Specific Diagnosis "Consistent" 
Transformed Variable: Average 

Source 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power* 

Intercept 337.500 1 337.500 3432.20 .000 3432.203 1.000 

SPECIALT 4.367 4 1.092 11.102 .000 44.407 .999 

Error 1.967 20 .098 

a. Computed using alpha = .05 
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Specific Diagnosis Tudgment Correct 

Tests ot Within-Subjects Etteas 

Measure: Specific Diagnosis Correct 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei' 
CAT 5.163 2 2.582 37.780 .000 75.561 1.000 
CAT"^ 
SPECIALT 3.687 8 .461 6.744 .000 53.951 1.000 

Error(CAT) 2.733 40 .068 
REP 4.953 7 .708 9.923 .000 69.462 1.000 
REP-^ 
SPECLMT 2.730 28 .097 1.367 .122 38.284 .940 

Error(REP) 9.983 140 .071 
CAT BlEP 33.717 14 2.408 38.170 .000 534.377 1.000 

CAT * REP * 
SPECIALT 5.700 56 .102 1.613 .007 90.340 1.000 

Error(CAT*REP) 17.667 280 .063 

a* Computed using alpha = .05 

Tests ot Between-Subjects Ettects - Specialized Expertise 

Measure: Specific Diagnosis Correct 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powef' 

Intercept 20.167 1 20.167 249.485 .000 249.485 1.000 

SPECIALT 1.883 4 .471 5.825 .003 23.299 .947 

Error 1.617 20 .081 

a. Computed using alpha = .05 
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Confidence Normal Abnormal Tudgment 

Tests ot Wit h i n-Subjects Effects 

Measure: Normal/Abnormal Confidence 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 25.004 3 8.335 17.725 .000 53.176 1.000 
CAT-^ 
SPECIALT 7.440 12 .620 1J19 .232 15.823 .663 

Error(CAT) 28.212 60 .470 

REP 4.159 7 .594 2.550 .017 17.853 .873 
REP* 
SPECIALT 5.010 28 .179 .768 .790 21.507 .661 

Error (REP) 32.612 140 .233 
CAT REP 23.206 21 1.105 6.013 .000 126.272 1.000 
CAT REP 
SPECIALT 18.200 84 .217 1.179 .152 99.032 .999 

ErrorCCAT-^REP) 77.188 420 .184 

a. Computed using alpha = .05 

Tests ot Between-Subjeers Effects 

Measure: Confidence Normal/Abnormal Judgment 
Transformed Variable: Average 

Source 

Type ni 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power'* 

Intercept 6154.95 1 6154.95 8800.65 .000 8800.645 1.000 

SPECLAJLT 19.030 4 4.758 6.803 .001 27.210 .974 

Error 13.987 20 .699 

Computed using alpha = .05 
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Confidence Category Tudgment 

Tests ot Within-Subjects Ettects 

Measure: Category Confidence 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 4.710 2 2.355 8.943 .001 17.886 .963 
CAT* 
SPECIALT 4.423 8 .553 2.100 .059 16.797 .764 

Error(CAT) 10.533 40 .263 

REP 5.060 7 .723 2.861 .008 20.030 .914 

REP"'-
SPECIALT 5.907 28 .211 .835 .704 23.382 .710 

Error(REP) 35.367 140 .253 

CAT REP 26.410 14 1.886 7.049 .000 98.685 1.000 

CAT REP * 
SPECIALT 14.323 56 .256 .956 .568 53.521 .962 

Error(CAT'̂ REP) 74.933 280 .268 

a- Computed using alpha = .05 

Tests ot Between-Subjects Ettects 

Measure: Confidence Categor)-- Judgment 
Transformed Variable: Average 

Source 

Tj^e ni 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 4150.14 1 4150.14 4157.07 .000 4157.068 1.000 

SPECIALT 36.227 4 9.057 9.072 .000 36.287 .996 

Error 19.967 20 .998 

a. Computed using alpha = .05 
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Confidence Specific Diagnosis 

Tests ot Within-SubjeCTS Ettects 

Measure: Confidence Specific Diagnosis 
Sphericity Assumed 

Type ni 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei* 
CAT 30.123 2 15.062 16.224 .000 32.449 .999 
CAT'̂  
SPECIALT 8.827 8 1.103 L189 .330 9.508 .472 

Error(CAT) 37.133 40 .928 

REP 2.692 7 .385 .803 .586 5.624 .337 
REP 
SPECIALT 11.767 28 .420 .878 .645 24.587 .740 

Error(REP) 67.000 140 .479 

CAT REP 73.663 14 5.262 9.604 .000 134.457 1.000 
CAT REP 
SPECIALT 36.853 56 .658 1.201 .172 67.268 .992 

Error(CAT=^REP) 153.400 280 .548 

a. Computed using alpha = .05 

Tests ot Between-Subjects Ettects 

Measure: Confidence Specific Diagnosis 
Transformed Variable: Average 

Source 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 1597.40 1 1597.40 511.441 .000 511.441 1.000 

SPECIALT 13.673 4 3.418 1.094 .386 4.378 .281 

Error 62.467 20 3.123 

a- Computed using alpha = .05 



243 

Signed Confidence Normal/Abnormal Tudgment 

Tests of Within-Subjects Effects - Specialized Expertise 

Measure: Normal/Abnormal Signed Confidence 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power' 
CAT 92.700 3 30.900 13.831 .000 41.492 1.000 
CAT* 
SPECIALT 16.438 12 1.370 .613 .823 7.357 .310 

Error(CAT) 134.050 60 2.234 

REP 117.360 7 16.766 14.725 .000 103.077 1.000 
REP* 
SPECIALT 37.678 28 1.346 L182 .260 33.092 .890 

Error(REP) 159.400 140 1.139 

CAT*REP 544.020 21 25.906 22.675 .000 476.166 1.000 

CAT * REP * 
SPECIALT 115.442 84 1.374 1.203 .125 101.044 1.000 

Error(CAT*REP) 479.850 420 1.142 

a- Computed using alpha = .05 

Tests of Between-Subjects Effects - Specialized Expertise 

Measure: Normal/Abnormal Signed Confidence 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 4646.48 1 4646.48 4167.25 .000 4167.247 1.000 

SPECLAJLT 40.282 4 10.071 9.032 .000 36.128 .995 

Error 22.300 20 1.115 

a- Computed using alpha = .05 
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Signed Confidence Category Tudgment 

Tests of Within-Subjects Effects - Specialized Expertise 

Measure: Category Signed Confidence 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei' 
CAT 36.543 2 18.272 9.006 .001 18.013 .964 
CAT* 
SPECIALT 84.807 8 10.601 5.225 .000 41.802 .996 

Error(CAT) 8L150 40 2.029 

REP 232.158 7 33.165 18.626 .000 130.382 1.000 
REP* 
SPECIALT 49.850 28 1.780 1.000 .474 27.996 .811 

Error(REP) 249.283 140 1.781 

CAT * REP 843.057 14 60.218 29.216 .000 409.026 1.000 
CAT * REP * 
SPECIALT 150.660 56 2.690 1.305 .086 73.096 .996 

Error(CAT*REP) 577.117 280 2.061 

a. Computed using alpha = .05 

Tests of Between-Subjects Effects - Specialized Expertise 

Measure; Category Signed Confidence 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power'' 

Intercept 1813.08 1 1813.08 484.457 .000 484.457 1.000 

SPECIALT 194.443 4 48.611 12.989 .000 51.955 1.000 

Error 74.850 20 3.742 

a. Computed using alpha = .05 
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Signed Confidence "Consistent" Specific Diagnosis 

Tests of Within-Subjects Effects - Specialized Expertise 

Measure: Specific Diagnosis "Consistent" Signed Confidence 
Sphericity Assumed 

Type EI 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 36.010 2 18.005 17.368 .000 34.736 1.000 
CAT"^ 
SPECIALT 37.440 8 4.680 4.514 .001 36.116 .989 

Error(CA'I) 41.467 40 1.037 

REP 130.652 7 18.665 15.474 .000 108.318 1.000 
REP* 
SPECIALT 51.773 28 1.849 1.533 -056 42.923 .967 

Error(REP) 168.867 140 1.206 

C A T R E P  565.803 14 40.415 29.926 .000 418.966 1.000 

CAT 
SPECIALT 85.147 56 1.520 1.126 .266 63.049 .987 

ErrorCCAT'̂ REP) 378.133 280 1.350 

a. Computed using alpha = .05 

Tests of Between-Subjects Effects ~ Specialized Expertise 

Measvire: Specific Diagnosis "Consistent" Signed Confidence 
Transformed Variable: Average 

Source 

Type EH 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 491.415 1 491.415 147.277 .000 147.277 1.000 

SPECIALT 41.560 4 10.390 3.114 .038 12.456 .709 

Error 66.733 20 3.337 

a. Computed using alpha = .05 
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Signed Confidence Specific Diagnosis 

Tests of Within-Subjects Effect - Specialized Expertise 

Measure: Specific Diagnosis Signed Confidence 
Sphericity Assiuned 

Type m 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 69.970 2 34.985 19.293 .000 38.586 1.000 
CAT* 
SPECIALT 51.913 8 6.489 3.579 .003 28.629 .959 

Error(CAT) 72.533 40 LSD 
ElEP 183.452 7 26.207 19.270 .000 134.891 1.000 
REP"^ 
SPECIALT 57.773 28 2.063 1.517 .061 42.480 .965 

Error(R£P) 190.400 140 1.360 
CAT* REP 620.163 14 44.297 38.424 .000 537.936 1.000 

CAT * REP * 
SPECIALT 93.287 56 L666 L445 .029 80.918 .999 

Error(CAT*REP) 322.800 280 1.153 

^ Computed using alpha = .05 

Tests of Between-Subjects Effects - Specialized Expertise 

Measure: Specific Diagnosis Signed Confidence 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power^ 

Intercept 360.375 1 360.375 118.805 .000 118.805 1.000 

SPECIALT 11.667 4 2.917 .962 .450 3.846 .249 

Error 60.667 20 3.033 

a. Computed using alpha = .05 
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Time to Normal/Abnormal Tudgment 

Tests of Within-Subjects Effects 

Measure: Time to Normal/Abnormal Judgment 
Sphericity Assimied 

Type HI 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 65160.0 3 21720.0 44.301 .000 132.902 l.OOO 
CAT=^ 
SPECIALT 13419.6 12 1118.30 2.281 .018 27.371 .920 

Error(CAT) 29417.1 60 490.285 

REP 1828.53 7 261.218 1.640 .129 11.477 .661 

REP"^ 
SPECIALT 4728.34 28 168.869 1.060 .396 29.677 .841 

Error(REP) 22305.5 140 159.325 

CAT REP 25293.5 21 1204.45 8.286 .000 174.011 1.000 

CAT REP * 
SPECIALT 11496.0 84 136.857 .942 .624 79.089 .993 

ErrorCCAT'̂ REP) 61049.5 420 145.356 

Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measure: Time to Normal/Abnormal Judgment 
Transformed Variable: Average 

Source 

Type HI 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power'' 

Intercept 81587.8 1 81587.8 107.429 .000 107.429 1.000 

SPECIALT 8905.98 4 2226.49 2.932 .047 11.727 .680 

Error 15189.1 20 759.456 

a. Computed using alpha = .05 
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Total Viewing Time 

Tests of Witfain-Subjects Effects 

Measure: Viewing Time after Normal/Abnormal Judgment 
Sphericity Assumed 

Type HI 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power' 
CAT 13502.4 2 6751.20 14.048 .000 28.095 .997 
CAT"^ 
SPECIALT 2483.67 8 310.459 .646 .734 5.168 .256 

Error(CAT) 19223.9 40 480.598 

R£P 16565.9 7 2366.55 2.935 .007 20.547 .921 
REP 
SPECIALT 18536.4 28 662.014 .821 .723 22.991 .700 

Error (REP) 112876 140 806.254 
C A T R E P  39597.4 14 2828.39 4.274 .000 59.835 1.000 
CAT * REP 
SPECIALT 29476.6 56 526.368 .795 .848 44.541 .906 

Error(CAT-^REP) 185299 280 661.781 

a. Computed using alpha => .05 

Tests of Between-Subjects Effects 

Measure: Viewing Time after Normal/Abnormal Judgment 
Transformed Variable: Average 

Source 

Type in 
Simi of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power' 

Intercept 798912 1 798912 81.385 .000 81.385 1.000 

SPECIALT 41173.6 4 10293.4 1.049 .407 4.194 .270 

Error 196330 20 9816.49 

a. Computed using alpha = .05 
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Total Drawing Time 

Tests of Within-Subjects Effects 

Measure: Drawing Time 
Sphericity Assiuned 

Source 

Type ni 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei* 

CAT 32742.7 3 10914.2 47.101 .000 141.304 1.000 
CAT-^ 
SPECIALT 2168.54 12 180.712 .780 .668 9.359 .395 

Error(CAT) 13207.9 57 231.717 

REP 1652.78 7 236.111 3.086 .005 21.602 .935 
REP"^ 
SPECIALT 4548.27 28 162.438 2.123 .002 59.446 .997 

Error (REP) 10176.0 133 76.511 

CAT REP 8831.37 21 420.541 4.226 .000 88.746 1.000 

CAT REP 
SPECIALT 

9044.99 84 107.678 1.082 .307 90.893 .998 

Error(CAT*REP) 39705.5 399 99.513 

^ Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measure: Drawing Time 
Transformed Variable: Average 

Source 

Type ni 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power' 

Intercept 136546 1 136546 81.095 .000 81.095 1.000 

SPECIALT 5023.98 4 1256.00 .746 .573 2.984 .197 

Error 31991.7 19 1683.77 

a* Computed using alpha = .05 
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Object per Sketch 

Tests of Within-Subjects Effects 

Measure: Objects per Sketch 
Sphericity Assumed 

Type m 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei* 
CAT 1364.69 3 454.898 169.368 .000 508.104 1.000 
CAT* 
SPECIALT 38.458 12 3.205 1.193 .310 14.319 .603 

Error(CAT) 153.094 57 2.686 
RJEP 152.241 7 21.749 14.348 .000 100.434 1.000 
REP* 
SPECIALT 61.415 28 2.193 1.447 .086 40.515 .953 

Error(REP) 201.606 133 1.516 

CAT * REP 385.104 21 18.338 11.087 .000 232.837 1.000 
CAT * REP * 
SPECIALT 168.996 84 2.012 1.216 .112 102.176 1.000 

Error(CAT*REP) 659.931 399 1.654 

Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measure: Objeas per Sketch 
Transformed Variable: Average 

Source 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power' 

Intercept 4450.50 1 4450.50 398.925 .000 398.925 1.000 

SPECLfU-T 22.198 4 5.549 .497 .738 1.990 .142 

Error 211.969 19 n.l56 

a. Computed using alpha = .05 
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A P P E N D I X  H :  C o m p l e t e  A N O V A  R e s u l t s :  G e n e r a l  

E x p e r t i s e  

Normal/Abnormal rudgmem Correct 

Tests ot Within-Subjects Ettects - General Expertise 

Measure: Normal/Abnormal Correci 
Sphericity Assumed 

Type m 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power^ 
CAT L523 3 .508 12.603 .000 37.810 .999 
CAT* 
SPECIALT 246 6 .041 1.017 .430 6.103 .347 

Error(CAT) L450 36 .040 
ELEP 3.948 7 .564 10.767 .000 75.369 1.000 
REP * 1.017 SPECIALT .746 14 .053 1.017 .445 14J39 .588 

Error(REP) 4.400 84 .052 
CAT •REP 12.527 21 .597 11.260 .000 236.466 1.000 

CAT * ELEP * 
SPECIALT 3.154 42 .075 1.418 .055 59.539 .992 

Error(CAT*REP) 13.350 252 .053 

^ Computed using alpha = .05 

Tests ot Between-Subjects Etfects - General Expertise 

Measure: Normal/Abnormal Correct 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power^ 

Intercept 390.602 1 390.602 5859.03 .000 5859.031 1.000 

SPECLALT .254 2 .127 1.906 .191 3.813 .319 

Error .800 12 .067 

a- Computed using alpha = .05 



252 

Category Tudgment Correct 

Tests ot Within-Subjects Ettects - General Expertise 

Measure: Category Correct 
Sphericity Assumed 

Type m 

Source 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei' 

CAT .972 2 .486 4.242 .026 8.485 .686 
CAT'̂  
SPECIALT 2.694 4 .674 5.879 .002 23.515 .957 

Error(CAT) 2.750 24 .115 
REP 6.433 7 .919 11.215 .000 78.508 1.000 
REP-^ 
SPECIALT L933 14 .138 1.685 .074 23.593 .856 

Error(REP) 6.883 84 .082 
CAT* REP 20.983 14 1.499 12.902 .000 180.625 1.000 
CAT • REP 
SPECIALT 3.750 28 .134 1.153 .285 32.280 .888 

Error(CAT*REP) 19.517 168 .116 

a- Computed using alpha =« .05 

Tests ot Between-Subjeas Ettects - General Expertise 

Measure: Category Correct 
Transformed Variable: Average 

Source 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 196.544 1 196.544 1886.83 .000 1886.827 1.000 

SPECIALT 2.289 •} 1.144 10.987 .002 21.973 .965 

Error 1.250 12 .104 

a. Computed using alpha = .05 
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Specific Diagnosis Tudgment "Consistent" 

Tests ot Within-Subject Ettects - General Expertise 

Measure: Specific Diagnosis "Consistent" 
Sphericity Assumed 

Type ni 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei* 
CAT 2.339 2 1.169 9.253 .001 18.505 .959 
CAT=^ 
SPECIALT .294 4 .074 .582 .678 2.330 .167 

Error(CAT) 3.033 24 .126 

REP 7.375 7 1.054 12.826 .000 89.783 1.000 
REP* 
SPECIALT 3.267 14 .233 2.841 .002 39.768 .988 

Error(REP) 6.900 84 .082 

CAT REP 19.883 14 1.420 15.801 .000 221.219 1.000 

CAT * REP 
SPECIALT 3.350 28 .120 1.331 .138 37.272 .938 

Error(CAT*REP) 15.100 168 .090 

a. Computed using alpha = .05 

Tests ot Between-Subjects Ellects - General Expertise 

Measure: Specific Diagnosis Consistent 
Transformed Variable: Average 

Source 

Type En 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power* 

Intercept 210.069 1 210.069 1844.51 .000 1844.512 1.000 

SPECIALT 2.022 2 1.011 8.878 .004 17.756 .921 

Error 1.367 12 .114 

a. Computed using alpha = .05 



254 

Specific Diagnosis Tudgment Correct 

Tests ot Witiiin-Subjects Effects - General Expertise 

Measure: Specific Diagnosis Correct 
Sphericity Assumed 

Source 

Type HI 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power* 

CAT 3.406 2 1.703 20.605 .000 41.210 1.000 
CAT-^ 
SPECIALT L944 4 .486 5.882 .002 23.529 .957 

Error(CAT) L983 24 .083 

REP 2.531 7 .362 5.297 .000 37.076 .997 
ElEP * 
SPECIALT 1.361 14 .097 1.424 .160 19.942 .774 

Error(REP) 5.733 84 .068 

CAT * REP 21.261 14 1.519 22.746 .000 318.443 1.000 

CAT * REP 
SPECIALT 3.522 28 .126 1.884 .008 52.755 .993 

Error(CAT*REP) 11.217 168 .067 

a. Computed using alpha = .05 

Tests ot Between-Subjects Etiects - General Expertise 

Measure: Specific Diagnosis Correct 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig-

Noncent. 
Parameter 

Observed 
Power* 

Intercept 12.469 1 12.469 224.450 .000 224.450 1.000 

SPECIALT .906 2 .453 8.150 .006 16.300 .897 

Error .667 12 .056 

a. Computed using alpha = .05 
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Confidence Normal/Abnormal Tudgment 

Tests ot Within-Subjects Eltects 

Measure: Confidence Normal/Abnormal 
Sphericity Assumed 

Type m 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei' 
CAT 16.217 3 5.406 18.870 .000 56.611 1.000 
CAT=^ 
SPECIALT .346 6 .058 .201 .974 1.207 .095 

Error(CAT) 10.312 36 .286 

REP 3.933 7 .562 3.506 .002 24.542 .957 

REP-^ 
SPECIALT 2.729 14 .195 1.216 .279 17.029 .688 

Error(REP) 13.463 84 .160 

CAT^BIEP 17.817 21 .848 4.872 .000 102.302 1.000 

CAT REP 
SPECIALT 8.921 42 .212 1.220 .180 51.223 .977 

Error(CAT'»REP) 43.888 252 .174 

a- Computed using alpha = .05 

Tests ot Between-Subjects Effects 

Measure: Confidence Normal/Abnormal 
Transformed Variable: Average 

Source 

Type ni 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powef^ 

Intercept 3652.03 1 3652.03 7380.95 .000 7380.952 LOOO 

SPECIALT 2.404 2 1.202 2.429 .130 4.859 .395 

Error 5.938 12 .495 

a. Computed using alpha = .05 



256 

Confidence Category Tudgment 

Tests of Within-Subjects Effects 

Measure: Confidence Category Judgment 
Sphericity Assumed 

Type in 

Source 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei' 

CAT 2.022 2 1.011 2.768 .083 5.536 .494 
CAT* 
SPECIALT .878 4 .219 .601 .666 2.403 .171 

Error(CAT) 8.767 24 .365 
REP 6.211 7 .887 3.435 .003 24.043 .953 
REP"^ 
SPECIALT 6.339 14 .453 1.753 .060 24.538 .873 

Error(REP) 21.700 84 .258 
CAT REP 19.756 14 1.411 5.604 .000 78.462 1.000 
CAT * REP 
SPECIALT 6.944 28 .248 .985 .493 27.581 .815 

Error(CAT*REP) 42.300 168 .252 

a* Computed using alpha = .05 

Tests of Berween-Subjects Ettects 

Measure: Confidence Category Judgment 
Transformed Variable: Average 

Source 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 2361.34 1 2361.34 2435.77 .000 2435.771 1.000 

SPECDU.T 14.106 2 7.053 7.275 .009 14.550 .859 

Error 11.633 12 .969 

a- Computed using alpha = .05 
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Confidence Category Tudgment 

Tests ot Within-Subjects Ettects 

Measure: Confidence Specific Diagnosis 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 12.289 2 6.144 8.965 .001 17.929 .954 
CAT=^ 
SPECIALT 4.428 4 1.107 1.615 .203 6.460 .421 

Error(CAT) 16.450 24 .685 

REP 1.864 7 .266 .622 .736 4.353 .253 
REP 
SPECIALT 2.794 14 .200 .466 .945 6.526 .262 

Error(REP) 35.967 84 .428 

CAT* REP 44.511 14 3.179 7.535 .000 105.495 1.000 

CAT REP 
SPECIALT 20.106 28 .718 1.702 .022 47.652 .985 

Error(CAT'»REP) 70.883 168 .422 

a. Computed using alpha = .05 

Tests ot Berween-Subjeas Etfeas 

Measure: Confidence Specific Diagnosis 
Transformed Variable: Average 

Source 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power^ 

Intercept 1127.14 1 1127.14 446.391 .000 446.391 1.000 

SPECIALT 2.272 2 1.136 .450 .648 .900 .107 

Error 30.300 12 2.525 

a. Computed using alpha = .05 
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Signed Confidence Normal/Abnormal Tudgment 

Tests of Within-Subjects Effects - General Expertise 

Measure: Normal/Abnormal Signed Confidence 
Sphericity Assumed 

Type EH 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 68.175 3 22.725 20.718 .000 62.154 1.000 
CAT-^ 
SPECIALT 7.463 6 1.244 1.134 .363 6.803 .387 

Error(CAT) 39.488 36 1.097 

REP 122.492 7 17.499 14.842 .000 103.893 1.000 
REP"^ 
SPECIALT 15.846 14 1.132 .960 .500 13.440 .557 

Error(REP) 99.037 84 1.179 
CAT REP 411.058 21 19.574 15.200 .000 319.207 1.000 
CAT REP * 
SPECIALT 62.804 42 1.495 L161 .242 48.771 .968 

Error(CAT*REP) 324.513 252 1.288 

a- Computed using alpha = .05 

Tests of Between-Subfects Effects - General Expertise 

Measure: Normal/Abnormal Signed Confidence 
Transformed Variable: Average 

Source 

Type HE 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power' 

Intercept 2604.01 1 2604.01 2410.65 .000 2410.654 1.000 

SPECIALT 10.154 2 5.077 4.700 .031 9.400 .673 

Error 12.963 12 1.080 

a. Computed using alpha = .05 
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Signed Confidence Category Tudgment 

Tests of Within-Subjects Effects — General Expertise 

Measure: Category Signed Confidence 
Sphericity Assumed 

Source 

Type ni 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power* 

CAT 43.622 2 21.811 7.679 .003 15.358 .919 
CAT* 
SPECIALT 77.378 4 19.344 6.811 .001 27.243 .979 

Error(CAT) 68.167 24 2.840 

REP 152.711 7 21.816 14.082 .000 98.574 1.000 
REP * 
SPECIALT 

47.739 14 3.410 2.201 .014 30.815 .947 

Error(REP) 130.133 84 1.549 

CAT REP 568.289 14 40.592 15.062 .000 210.865 1.000 
CAT REI> 
SPECIALT 113.111 28 4.040 1.499 .063 41.970 .967 

ErrorCCAT-^REP) 452.767 168 2.695 

a. Computed using alpha = .05 

Tests of Between-Subjects Effects - General Expertise 

Measure: Category Signed Confidence 
Transformed Variable: Average 

Source 

Type HE 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Power' 

Intercept 728.178 1 728.178 262.144 .000 262.144 1.000 

SPECLALT 86.572 2 43.286 15.583 .000 31.166 .995 

Error 33.333 12 2.778 

a. Computed using alpha = .05 
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Signed Confidence Specific Diagnosis "Consistent" 

Tests of Within-Subfects Effects — General Expertise 

Measure: Specific Diagnosis "Consistent" Signed Confidence 
Sphericity Assumed 

Type m 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powei' 
CAT 25.756 2 12.878 7.235 .003 14.471 .902 
CAT* 
SPECIALT 4.028 4 1.007 .566 .690 2.263 .163 

Error(CAT) 42.717 24 1.780 

REP 124.331 7 17.762 15.568 .000 108.978 1.000 
REP"^ 
SPECIALT 34.628 14 2.473 2.168 .016 30.352 .944 

Error(REP) 95.833 84 L141 

CAT REP 376.378 14 26.884 21.084 .000 295.175 1.000 
CAT REP * 
SPECIALT 52.239 28 1.866 1.463 .075 40.968 .962 

ErrorCCAT-^REP) 214.217 168 1.275 

Computed using alpha = .05 

Tests of Between-Subjects Effects ~ General Expertise 

Measure: Specific Diagnosis "Consistent" Signed Confidence 
Transformed Variable: Average 

Source 

Type HI 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 358.003 1 358.003 191.502 .000 191.502 1.000 

SPECIALT 18.439 2 9.219 4.932 .027 9.863 .695 

Error 22.433 12 1.869 

a. Computed using alpha = .05 
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Signed Confidence Specific Diagnosis Correct 

Tests of Within-Subjects Effects 

Measure: Specific Diagnosis Signed Confidence 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power'' 
CAT 44.089 2 22.044 18.997 .000 37.994 l.OOO 
CAT* 
SPECIALT 25.061 4 6.265 5.399 .003 21.597 .939 

Error(CAT) 27.850 24 1.160 

REP 150.997 7 21.571 18.365 .000 128.552 l.OOO 
REP=^ 
SPECIALT 22.628 14 1.616 1.376 .183 19.264 .756 

Error(REP) 98.667 84 1.175 

CAT * REP 381.778 14 27.270 18.159 .000 254.233 1.000 
CAT REP 
SPECIALT 56.272 28 2.010 1.338 .134 37.473 .940 

ErrorCCAT-^REP) 252.283 168 1.502 

Computed using alpha = .05 

Tests of Between-Subjects Effects - General Expertise 

Measure: Specific Diagnosis Signed Confidence 
Transformed Variable: Average 

Source 

Type HI 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 268.669 1 268.669 110.412 .000 110.412 1.000 

SPECIALT 11.506 2 5.753 2.364 .136 4.728 .386 

Error 29.200 12 2.433 

a- Computed using alpha = .05 
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Time to Normal/Abnormal Tudgment 

Tests of Within-Subjects Effects 

Measure: Time to Normal/Abnormal Judgment 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power* 
CAT 15619.5 3 5206.50 27.331 .000 81.992 1.000 
CAT"^ 
SPECIALT 335.579 6 55.930 .294 .936 1.762 .119 

Error(CAT) 6858.03 36 190.501 

REP 1808.55 7 258.364 2.789 .012 19.521 .894 

REP 
SPECIALT 868.896 14 62.064 .670 .797 9.379 .385 

Error(REP) 7782.27 84 92.646 

CAT REP 13816.0 21 657.903 7.474 .000 156.949 1.000 
CAT REP * 
SPECIALT 3845.02 42 91.548 1.040 .412 43.679 .943 

Error(CAT*REP) 22183.2 252 88.028 

Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measure: Time to Normal/ Abnormal Judgment 
Transformed Variable: Average 

Soiu-ce 

Type m 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei^ 

Intercept 26063.3 1 26063.3 89.234 .000 89.234 1.000 

SPECIALT 309.837 2 154.919 .530 .602 1.061 .118 

Error 3504.93 12 292.077 

a. Computed using alpha = .05 
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Total Viewing Time 

Tests of Within-Subjects Effects 

Measure: Viewing Time after Normal/Abnormal Judgment 
Sphericity Assximed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig- Parameter Powe/ 
CAT 9460.24 2 4730.12 14.983 .000 29.966 .998 
CAT"^ 
SPECIALT 263.928 4 65.982 .209 .931 .836 .087 

Error(CAT) 7576.67 24 315.694 

R£P 5460.86 7 780.123 2.879 .010 20.154 .905 
REP* 
SPECIALT 4402.51 14 314.465 1.161 .321 16.248 .662 

Error (REP) 22759.8 84 270.950 

CAT * REP 11214.7 14 801.050 2.611 .002 36.550 .986 

CAT REP * 
SPECIALT 12311.4 28 439.693 1.433 .086 40.125 .957 

Error(CAT'̂ REP) 51547.1 168 306.828 

Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measure: Viewing Time after Normal/Abnormal Judgment 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei® 

Intercept 220176 1 220176 290.609 .000 290.609 1.000 

SPECIALT 826.022 2 413.011 .545 .593 1.090 .120 

Error 9091.63 12 757.636 

a. Computed using alpha = .05 
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Drawing Time 

Tests of Within-Subjects Effects 

Measure: Sketching Time 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Powe/ 
CAT 12439.8 3 4146.61 60.441 .000 181.324 1.000 
CAT"^ 
SPECIALT 843.321 6 140.553 2.049 .084 12.292 .663 

Error(CAT) 2469.80 36 68.606 

REP 1210.43 7 172.919 3.750 .001 26.253 .969 
REP"^ 
SPECIALT 965.804 14 68.986 1.496 .130 20.947 .799 

Error(REP) 3872.95 84 46.107 

CAT REP 1719.08 21 81.861 1.543 .064 32.411 .943 
CAT * REP 
SPECIALT 2120.38 42 50.485 .952 .560 39.977 .914 

Error(CAT*REP) 13366.1 252 53.040 

Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measiure: Sketching Time 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powe/ 

Intercept 45630.0 I 45630.0 162.560 .000 162.560 1.000 

SPECIALT 119.962 2 59.981 .214 .811 .427 .076 

Error 3368.35 12 280.696 

a- Computed using alpha = .05 
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Objects per Sketch 

Tests of Within-Subjects Effects 

Measure: Objects per Sketch 
Sphericity Assumed 

Type in 
Sum of Mean Noncent. Observed 

Source Squares df Square F Sig. Parameter Power" 
CAT 794.075 3 264.692 125.051 .000 375.154 1.000 
CAT-^ 
SPECIALT 17.100 6 2.850 1.346 .263 8.079 .457 

Error(CAT) 76.200 36 2.117 
REP 107.358 7 15.337 11.798 .000 82.583 1.000 
REP* 
SPECIALT 14.567 14 1.040 .800 .666 11.205 .464 

Error(REP) 109.200 84 1.300 
CAT RJEP 233.692 21 1L128 10.444 .000 219.331 1.000 

CAT * REP 
SPECIALT 66.933 42 1.594 1.496 .033 62.820 .995 

Error(CAT=^REP) 268.500 252 1.065 

a. Computed using alpha = .05 

Tests of Between-Subjects Effects 

Measiu-e: Objects per Sketch 
Transformed Variable: Average 

Source 

Type in 
Sum of 
Squares df 

Mean 
Square F Sig. 

Noncent. 
Parameter 

Observed 
Powei' 

Intercept 2793.67 1 2793.67 173.072 .000 173.072 1.000 

SPECIALT 15.000 2 7.500 .465 .639 .929 .109 

Error 193.700 12 16.142 

a. Computed using alpha = .05 
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